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Kurzfassung

Die dringende Notwendigkeit, die Klimakrise zu bewiltigen, erfordert einen raschen Ubergang zu erneuerbaren
Energien, wobei der Solarenergie eine Schliisselrolle bei der Deckung des weltweit steigenden Energiebedarfs
zukommt. Wihrend die siliziumbasierte Photovoltaik den Markt dominiert, nihert sich ihr Wirkungsgrad den
theoretischen Grenzen, sodass neue Ansitze erforderlich sind, um die Wirkungsgrade von Solarzellen weiter zu
verbessern und den geplanten massiven Ausbau der Photovoltaik-Kapazitit zu realisieren. Tandemsolarzellen,
die Silizium mit Metallhalogenid-Perowskiten kombinieren, bieten einen vielversprechenden Weg zu hoheren
Wirkungsgraden und kostengiinstiger Herstellung durch 16sungsmittelbasierte Verfahren. Die ausgezeichneten op-
toelektronischen Eigenschaften von Perowskiten, wie einstellbare Bandliicken und hohe Absorptionskoeffizienten,
machen sie zu idealen Kandidaten fiir die ndchste Generation der Photovoltaik.

Trotz bemerkenswerter Fortschritte bei der Perowskit-Photovoltaik im Labormaf3stab bleiben Langzeitstabilitdt und
gleichbleibend hohe Wirkungsgrade bei der industriellen Skalierung auf groe Flichen zentrale Herausforderun-
gen fiir die Kommerzialisierung der Perowskit-Technologie. Die Uberfiihrung in die industrielle Produktion
erfordert die Ablosung des derzeitigen Standardverfahrens Rotationsbeschichtung fiir die kleinflachige Fertigung
durch skalierbare Techniken wie die Klingen- oder Schlitzdiisenbeschichtung. Neben der ohnehin schon kom-
plexen Formationsdynamik bringt die Skalierung auf groBe Flichen zusitzliche Herausforderungen mit sich, da
die Wahrscheinlichkeit von Defekten und Inhomogenititen steigt, was die Herstellung gleichmiBiger, qualitativ
hochwertiger Diinnschichten erschwert. Da Ex-Situ-Techniken diese dynamischen Prozesse nicht erfassen konnen,
sind fortschrittliche In-Situ-Uberwachungssysteme unerlisslich, um die Diinnschichtbildung zu iiberwachen und zu
steuern, die Homogenitit zu gewihrleisten, Defekte zu minimieren und Fertigungsparameter zu optimieren.

Diese Arbeit greift dieses Problem auf, indem sie ein System entwickelt, das fortschrittliche In-Situ-Bildgebung mit
maschinellem Lernen kombiniert, um die Bildung von Perowskit-Diinnschichten zu iiberwachen, zu analysieren
und zu optimieren und so eine Briicke zwischen Laborprozessen und industrieller Produktion zu schlagen. Ein auf
Photolumineszenz und diffuser Reflexion basierendes bildgebendes System wird vorgestellt, das rdumliche, zeitliche
und spektrale Informationen wihrend der Filmbildung erfasst und so die Erkennung von Defekten wie Lochern
und Schichtdickenschwankungen ermoglicht. Mit hoher zeitlicher Auflosung liefert das System Einblicke in die
kritischen Phasen der Perowskit-Diinnschichtbildung, bestehend aus Trocknung, Nukleation und Kristallwachstum.
Mit diesem Monitoringsystem werden zwei umfangreiche experimentelle Datensétze erstellt, die Daten von mehr als
3300 klingenbeschichteten Perowskit-Solarzellen und 4448 Diinnschichten enthalten. Diese Datensitze bilden die
Grundlage fiir eine datenbasierte Analyse der komplexen Zusammenhinge zwischen In-Situ-Uberwachungsdaten
und dem Wirkungsgrad von Solarzellen.

Da die Komplexitit der Daten die analytischen Fihigkeiten des Menschen tibersteigt, werden maschinelle Lernver-
fahren auf diesen Daten trainiert, um Materialzusammensetzungen, Diinnschichteigenschaften und Wirkungsgrade
von Solarzellen prizise vorherzusagen, noch bevor deren Herstellung abgeschlossen ist. Maschinelles Lernen
verbessert die In-Situ-Charakterisierung, indem es komplexe Daten in friihzeitige Qualitidtsbeurteilungen umwan-
delt, Materialinkonsistenzen erkennt, Diinnschichtvariationen identifiziert und Wirkungsgradvorhersagen fiir eine
verbesserte Diinnschichtqualitiit und Reproduzierbarkeit liefert. Die Modelle tibertreffen dabei deutlich Referenzw-
erte, die menschliche Vorhersagefihigkeiten reprisentieren. Neuronale Netze zeigen insbesondere fiir industrielle
Anwendungen vielversprechende Ergebnisse, da ihre Leistungsfahigkeit mit zunehmender Datensatzgrof3e stirker
ansteigt. Der Ubergang von pridiktiver zu priskriptiver Analyse ermdglicht durch maschinelles Lernen gesteuerte
Handlungsempfehlungen zur Prozessoptimierung, indem Uberwachungsdaten anhand variabler Prozessparameter
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prognostiziert und der entsprechende Solarzellenwirkungsgrad vorhergesagt wird. Methoden der erklidrbaren kiin-
stlichen Intelligenz identifizieren kritische Phasen der Diinnschichtbildung, beleuchten Zusammenhinge zwischen
In-Situ-Daten und Solarzellenwirkungsgrad und iibersetzen diese Erkenntnisse in anwendbare Empfehlungen.
Dieser Ansatz der fortschrittlichen In-Situ-Charakterisierung integriert mit maschinellem Lernen iiberwindet die
Einschriankungen der manuellen Defekterkennung, erlaubt eine Zuordnung der Prozessdaten zam Wirkungsgrad und
ermoglicht eine verbesserte Prozesskontrolle. Durch die Uberwindung zentraler Hiirden fiir die Kommerzialisierung
wird eine skalierbare Hochdurchsatz-Produktion von Perowskit-Solarzellen mit verbesserter Reproduzierbarkeit und
Qualitdt ermdglicht, welche die industrielle Verbreitung beschleunigt und zur globalen Energiewende beitréigt.

ii



Abstract

The pressing need to address the climate crisis requires a rapid transition to renewable energy, with solar energy
playing a key role in meeting the world’s growing energy demands. While silicon-based photovoltaics dominate the
market, their efficiency approaches theoretical limits, requiring new approaches to improve solar cell performance
to realize the projected massive expansion of photovoltaic capacity. Tandem solar cells combining silicon with
metal halide perovskites offer a promising path forward, enabling higher efficiencies and the potential for low-cost
manufacturing through solution processing. The exceptional optoelectronic properties of perovskites, such as tun-
able bandgaps and high absorption coefficients, make them ideal candidates for next-generation photovoltaics.
Despite remarkable progress in laboratory-scale devices, long-term stability and maintaining high performance
over large areas during industrial scale-up remain challenges for the commercialization of perovskite photovoltaics
technology. The transition from small-scale fabrication to industrial production requires replacing the state-of-
the-art spin coating process with scalable techniques like blade coating or slot-die coating. Beyond the inherently
complex formation dynamics, scaling to large areas introduces additional challenges as the likelihood of defects and
inhomogeneities increases, complicating the fabrication of uniform, high-quality thin films. Since ex situ techniques
cannot capture these dynamic processes, advanced in situ monitoring systems are essential to observe and control
the thin-film formation to ensure uniformity, minimize defects, and optimize fabrication parameters.

This work addresses this need by developing a system that combines advanced in situ imaging with machine learning
to monitor, analyze, and optimize the perovskite thin-film formation, providing a framework for scaling laboratory
processes to industrial production. A multi-channel photoluminescence and diffuse reflection imaging system is in-
troduced that captures spatial, temporal, and spectral information during thin-film formation, enabling the detection
of defects such as pinholes and thickness variations. With high temporal resolution, the system provides insight
into the critical phases of the perovskite thin-film formation, including drying, nucleation, and crystal growth.
Using this monitoring system, two extensive experimental datasets are generated, including data from over 3300
blade-coated perovskite solar cells and 4448 thin films, which provide the basis for data-driven analysis of the
complex relationship between in situ monitoring data and solar cell device performance.

As the complexity of the data exceeds human analytical capabilities, machine learning models are trained on this
data to accurately predict material composition, thin film properties, and device performance before fabrication is
complete. Machine learning enhances in situ characterization by transforming complex data into early quality as-
sessments, enabling the detection of material inconsistencies, identification of thin film variations, and performance
predictions for improved quality and reproducibility. The models substantially outperform baselines representing
human predictive capabilities. Neural networks are particularly promising for industrial applications, showing
stronger performance improvements as the dataset size increases. Moving from predictive to prescriptive analy-
sis, machine-learning-driven recommendations actively guide process optimization by forecasting monitoring data
based on a variable process parameter and predicting the corresponding device performance. Explainable artificial
intelligence techniques identify critical phases of the thin-film formation, elucidating relationships between in situ
data and device performance, and translating insights into actionable recommendations.

This integrated approach of advanced in situ characterization and machine learning overcomes the limitations of
manual defect detection, establishes the mapping of process data to photovoltaic performance, and enables im-
proved process control. By addressing key barriers to commercialization, it enables scalable, high-throughput
production of perovskite solar cells with improved reproducibility and quality, accelerating their industrial adoption
and contributing to the global transition to renewable energy.
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1 Introduction

1.1 Motivation

The climate crisis is one of the most critical challenges of our time, demanding immediate global action.[1] Driven
by massive increases in greenhouse gas emissions for energy generation from fossil energy resources such as coal
and natural gas, global warming continues to drive up temperatures.[2] To address anthropogenic climate change
and meet the Paris Agreement goal of limiting global warming to a maximum of 2 °C above pre-industrial levels,
it is essential to develop and implement alternative energy technologies with minimal greenhouse gas emissions to
replace current fossil fuel-based systems.[3] Without transformative mitigation efforts, global warming will exceed
2 °C within decades, leading to more frequent extreme weather events, rising sea levels, and loss of biodiversity.[1]
To avoid irreversible ecological and societal damage, energy generation must shift from fossil fuels to sustainable
energy sources to "sustain life on planet Earth, our only home"[4].

At the same time, global energy demand is growing rapidly, driven by population growth, improvements in living
standards, and the electrification of traditionally fossil-fuel-dependent sectors. For example, the electrification
of heating, transportation, and industrial processes represents a transformative shift in energy consumption (see
Figure 1.1a). Decarbonization of electricity, combined with widespread electrification of nearly all sectors of the
energy system, represents the most effective path to a low-carbon, sustainable energy future.[5, 6]

Achieving this goal requires a rapid and comprehensive transition to renewable energy sources, with solar power, in
addition to wind power, playing a central role in decarbonizing the global energy system and meeting the world’s
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Figure 1.1: Global energy trends and projected photovoltaic (PV) capacity growth. (a) The increasing global
energy demand driven by electrification of sectors like heating, transportation, and industrial sectors.
The total final energy consumption and electricity demand are projected to rise sharply, especially
under scenarios of accelerated electrification. (b) Projections of cumulative PV capacity under various
growth scenarios. The World Energy Outlook 2018 baseline is compared with scenarios of 30% annual
growth transitioning to 2% annual growth starting in different years. These projections highlight the
critical role of PV in achieving global decarbonization goals. Reproduced from [5, 6].
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growing energy needs. As an abundant, renewable, and cost-effective resource, it has the potential to replace fossil
fuels on a large scale. Photovoltaic (PV) technology, which converts sunlight into electricity, is at the heart of this
transition. The PV market is experiencing remarkable growth, with a compound annual growth rate of approxi-
mately 26% in cumulative installations between 2013 and 2023. By the end of 2023, cumulative PV installations
worldwide reached 1581 GW, with Germany accounting for 82.7 GW.[7] Silicon (Si) wafer-based PV technology
dominates the market, accounting for about 97% of total production in 2023. This growth in PV installations
is largely due to significant cost reductions achieved through upscaling and technological advances in solar cell
manufacturing, resulting in levelized costs of electricity (LCOE) falling below 0.05 €/kWh.[7] Underscoring their
economics, PV systems in Germany now generate electricity at a much lower cost than conventional power plants
such as coal, gas, or nuclear, even when combined with battery storage systems.[8]

However, meeting the growing energy demand requires an even more massive expansion of PV capacity, as solar
energy is projected to provide 56% of global electricity by 2050, while the share of fossil fuels declines from
62% in 2020 to just 21%.[9] Achieving global climate goals and meeting future energy needs will require tens of
terawatts of installed PV, with estimates reaching as much as 75 TW of installed PV worldwide by 2050[10] and
potentially scaling up to 170 TW by 2100[11], representing a dramatic increase from current deployment levels (see
Figure 1.1b). Although realizing the potential of solar energy at the terawatt scale presents challenges, historical
trends indicate that renewable energy deployment has consistently exceeded predictions, with past projections prov-
ing to be overly pessimistic.[12] To further accelerate PV deployment and meet energy demand targets, continued
efforts to reduce costs remain essential.

While the dramatic decline in PV module costs has been critical to market growth, further cost reductions in module
manufacturing alone will have diminishing returns on overall system economics. Module costs now account for
only about 30% of total system costs, with the balance of system (BOS) components such as inverters, mounting
structures, land, and installation labor accounting for the rest (see Figure 1.2a).[7] This limits the impact of further
module price reductions on overall costs. Instead, increasing solar cell efficiency can substantially improve the
economics of the PV system.[13]

While Si PV technology dominates the market, major improvements in solar cell performance require new techno-
logical approaches. Si-based laboratory solar cells are nearing their theoretical efficiency limit of about 29.4%, with
certified records exceeding 27%.[14] To surpass the theoretical single-junction limit of about 33.7%, multi-junction
solar cells have emerged as a promising solution.[15, 16] Among these, tandem solar cells, which stack two cells
with different band gaps, provide a practical route to higher efficiency. The combination of well-established Si solar
cells with emerging metal halide perovskite semiconductor technology offers a particularly effective strategy for
achieving high-performance tandem solar cells.

Due to their tunable bandgap, metal halide perovskites enable optimized utilization of the solar spectrum when
paired with silicon cells. Their exceptional optoelectronic properties, including high absorption coefficients and
long carrier diffusion lengths, make them ideal candidates for next-generation photovoltaics. Over the past decade,
perovskite solar cells (PSCs) have demonstrated an unprecedented increase in power conversion efficiency (PCE)
(see Figure 1.2b).[17] Single-junction perovskite cells have achieved certified PCE exceeding 26%][17-19], while
perovskite-silicon tandem cells have achieved around 34%[14, 17, 20, 21]. While there is ongoing research into
thermal evaporation techniques, such as co-evaporation of precursor materials or sequential layer deposition, aca-
demic efforts are predominantly focused on solution processing methods.[22] A key advantage of perovskite solar
cells is their potential for low-cost fabrication in future industrial production, which is made possible by solution
processing at low temperatures.[23]

However, laboratory-scale efficiency records are achieved using spin-coating, a method that is not scalable to large-
area solar cell fabrication. Therefore, in addition to improving long-term stability[24, 25], the ability to upscale
perovskite solar cell fabrication to large areas remains a critical challenge on the path to commercialization of per-
ovskite photovoltaics.[26, 27] Scalable methods such as blade coating, slot-die coating, and inkjet printing enable
large-area PSCs.[28] However, the PCEs of large-area PSCs fabricated by scalable methods remain lower than their
smaller counterparts, with the PCE decreasing as the area increases (see Figure 1.2¢).[29] In contrast, upscaling
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Figure 1.2: Trends in photovoltaic (PV) system costs and efficiencies. (a) Balance of system (BOS) and module
cost trends, illustrating the significant decline in relative prices and the decreasing share of module
costs in total system costs. Reproduced from [7]. (b) Increase of power conversion efficiencies (PCEs)
of silicon, perovskite, and perovskite-silicon tandem solar cells, highlighting the rapid advances and
the potential of perovskite PV to complement traditional silicon-based solar cells.[17] (c) PCE versus
solar cell area comparison for different PV technologies, demonstrating the scalability challenges for
perovskite-based systems, with efficiency decreasing as the device area increases, unlike silicon solar
cells, which maintain stable performance across different sizes.[14]

of Si solar cells does not result in a significant decrease in PCE, with efficiencies of 27.4% at 166 cm? and 25.4%
at 18342 cm? for crystalline Si cells (both LONGi).[14] Perovskite single-junction cells achieve over 26% PCE
on small areas[18, 19], but drop to 19.2% at 1027 cm? (SolaEon), 17.2% at 7200 cm? (Renshine), and 15.0% at
7906 cm? (Microquanta).[14] Similarly, perovskite-silicon tandem cells decrease from 34.6% to 25.8% at 2054 cm?
(both LONGi).[14] However, promising recent advances in perovskite-silicon tandem modules include Oxford PV’s
60-cell residential module with a record 26.9% efficiency, surpassing the best silicon modules at around 25%, for a
similar area of 1.6 m2.[14, 30] In addition, their first commercial panels, with a module efficiency of 24.5%, further
demonstrate the potential of high-efficiency perovskite-silicon tandems, offering performance above commercial
silicon technology.[31]

Reducing the cost of perovskite PV modules is critical to their competitiveness with silicon-based solar cells, which
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Figure 1.3: Learning rates and projected price reductions for photovoltaic (PV) modules. Cumulative PV module
shipments versus average module sales price for silicon-based PV modules, demonstrating historical
price reductions with high learning rates.[32] The perovskite PV price data highlights the potential for
dramatic cost reductions, as projected by techno-economic analyses.[33—-38] These trends underline the
cost-competitiveness of perovskite PV as production scales up, positioning it as a promising complement
to silicon technology in the solar market. Reproduced from [32, 38].

have benefited from decades of price reductions and technological improvements (see Figure 1.3).[32, 38] Techno-
economic analyses suggest that scaling up production capacity could reduce costs from $3.30/W for a small-scale
annual production[39] to minimum sustainable prices of $0.30— $0.70/W for larger factory sizes.[33-37] Pilot
production lines, such as 100 MW plants from Oxford PV, Mellow Energy, and Auner, as well as GCL Group’s
planned 2 GW production line, demonstrate progress in scaling perovskite PV manufacturing.[40] Utmolight claims
module costs as low as $0.11/W with its upcoming 1 GW commercial line.[41] While perovskite PV is still in the
early stages of industrial production, its potential for rapid cost reductions positions it as a promising complement
to silicon technology in the global solar market.

Building on the extensive global research on perovskite PV, the integration of machine learning (ML) offers
powerful new approaches to address key challenges and accelerate commercialization. Traditional experimental
approaches in perovskite research are often limited by time-consuming and labor-intensive processes, particularly
when exploring the vast parameter space of material compositions and processing conditions. ML has emerged as
a transformative tool that can extract meaningful insights from complex datasets, enabling rapid material discovery,
process optimization, stability prediction, and laboratory automation (see section 2.4). This thesis focuses on using
ML-driven methods to improve the reproducibility, uniformity, and scalability of the large-area perovskite thin-film
fabrication. As the performance gap between small-scale laboratory devices and large-area modules remains a
critical challenge, this work demonstrates how ML can advance characterization techniques to detect and quantify
spatial inhomogeneities and temporal inconsistencies, supporting the development of high-performance large-area
perovskite solar cells required for commercialization.

1.2 Research Objectives

One of the key challenges remaining for the commercialization of perovskite PV technology is the reproducible
large-area fabrication of the perovskite absorber layer. Upscaling to larger areas required for modules limits the
achievable PCE, given that the probability of material defects scales with the area. In addition to deposition tech-
niques for large-area fabrication, suitable characterization methods are required to detect spatial inhomogeneities
or temporal variations. Due to the complex experimental process, detecting and quantifying differences in the
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acquired data is challenging without the support of data-driven methods. Machine learning is used to enhance the
evaluation of imaging data acquired from perovskite thin films.

This work leverages the strengths of machine learning to evaluate imaging data of perovskite thin films by investi-
gating the following research objectives:

I: Novel imaging technique for large-area characterization
Establishment of a novel imaging technique for large-area characterization of perovskite thin films and its
application to in situ monitoring of perovskite thin-film formation from solution.

II: Laboratory-scale experimental datasets
Generation of multiple laboratory-scale experimental datasets of in sifu photoluminescence and reflection
data to investigate the perovskite thin-film formation using machine learning.

III: Material and device property prediction
Prediction of precursor material composition, perovskite thin film thickness, and device characteristics such
as solar cell performance from experimental photoluminescence and reflection data before completing the
remaining processing steps.

IV: Enhanced experimental data analysis
Demonstration of the essential role of machine learning in enhancing experimental data analysis and its
ability to provide in situ recommendations to improve control of experimental processes.

V: Insights into thin-film formation
Leverage explainable artificial intelligence to render the complex correlations between monitoring data and
metrics of interest humanly understandable.

The research objectives are addressed in the motivation and in the summary of the respective chapters and their
implementation is discussed. The summary in Chapter 8 compares all the results generated in this work with the
research objectives and discusses how successfully they were implemented and which future research objectives
could be defined.

1.3 Outline

A brief introduction is provided in Chapter 1, which places perovskite photovoltaics in the broader context of future
renewable energy generation, outlines the motivation for this work, and states the research objectives. Chapter 2
introduces the key concepts necessary to understand this work, covering the properties of hybrid perovskite semi-
conductors and their application in perovskite solar cells, the working principle of solar cells, and the fundamentals
of machine learning.

Section 2.4 summarizes state-of-the-art machine learning applications that address challenges in perovskite photo-
voltaics research.

Chapter 3 introduces the experimental fabrication methods for solar cells and the measurement techniques used for
their characterization in this work.

Chapter 4 introduces photoluminescence and diffuse reflection imaging, demonstrating its effectiveness as in situ
characterization method during perovskite thin-film formation (research objective I).

Chapter 5 analyzes the first dataset with constant processing parameters, revealing correlations between in situ data,
perovskite thin film thickness, and solar cell performance metrics through unsupervised and supervised machine
learning (research objectives II & III).

Chapter 6 extends these findings to a second dataset with varying processing parameters, showing that deep learn-
ing models can predict precursor molarity, molar ratio, and PCE based on monitoring data. Furthermore, in situ
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forecasting enables the generation of actionable recommendations to improve process control during the perovskite
thin-film formation (research objectives II, III, & IV).

Chapter 7 demonstrates how explainable Al enhances model interpretability by identifying the key factors influ-
encing predictions and providing insights into why they are important (research objective V).

The key findings of this work are summarized in Chapter 8, where they are contextualized in relation to the defined
research objectives (see section 1.2). In addition, the outlook discusses future directions for machine learning in
perovskite photovoltaics, focusing on advanced monitoring, defect detection, process optimization, and its role in
scaling up fabrication for industrial applications.
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This chapter provides the theoretical background required for understanding and evaluating the results presented
in this thesis. The material class of hybrid metal halide perovskites is introduced, focusing on the crystal structure
of the material and its optoelectronic properties. The fundamental working principle of a perovskite solar cell
is explained and the photovoltaic performance metrics are introduced. A concise overview of the fundamentals
of machine learning is given, covering different learning approaches, problem types, model architectures, and
the methods used for their training and evaluation. Due to the interdisciplinary topic presented in this thesis,
the intersection of machine learning and perovskite photovoltaics is explored. The section highlights how data-
driven approaches enable materials discovery, property prediction, process optimization, and improved scientific

understanding.
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2.1 Hybrid Perovskite Semiconductors

Given the extensive and rapidly evolving field of perovskite photovoltaics, this section provides a concise overview
of the key concepts and the background relevant to this thesis.

The term perovskite originates from the mineral calcium titanate (CaTiO3), named after the Russian mineral-
ogist Lev Aleksevich Perovski. Originally derived from the crystal structure of the mineral, the term nowadays
typically refers to the general class of compounds characterized by the same ABX3 structure.

2.1.1 Crystal Structure

The perovskite crystal structure is represented by the chemical formula ABX3, where A is a monovalent cation, B
is a divalent cation, and X is an anion. Due to the integration of both organic and inorganic components in their
structure, many perovskites are classified as hybrid, with either an organic or inorganic (Cs™) cation occupying the
A site, a metal cation occupying the B site, and a halide anion occupying the X site. The positions of the ions in the
crystal structure can be described by a cubic unit cell (see Figure 2.1a). In the perovskite unit cell, the A cations
are located at the corners of the cube, the B cations at the body center, and the X anions at the face centers. The
formation of a cubic perovskite structure is determined by the ionic radii in the crystal lattice. The Goldschmidt
tolerance factor (%) is a measure for estimating the formation of a perovskite crystal structure[42]:

;= rA+Tx 2.1)

V2(rp +rx)
where r 4, r g and r x are the ionic radii of the corresponding ions. The perovskite phase is formed when 0.8 <t < 1.0.
A tolerance factor of 0.9 - 1.0 results in an ideal cubic structure, while smaller tolerance factors lead to tetragonal,
orthorhombic, or rhombohedral perovskite structures with tilted BXg_ octahedra, because the A cation is too
small or the B cation is too large. Even smaller tolerance factors (¢ <0.8) or values of > 1 lead to non-perovskite
structures.[43—45] Perovskite materials with a given chemical composition often exhibit multiple structural phases,
depending on the temperature and methods used during their preparation.[45] The photoactive perovskite phases are
commonly referred to as the a, 3, and y phases (in order of highest to lowest symmetry), while the non-perovskite
phases (e.g., trigonal or hexagonal crystal structures) are referred to as the § phase.[46] While the choice of A

(a) (b)

OA+: MA*, FA*, Cs™*

O B2+: Pp2*, Sn2+
O Xx:I,Br,Cr

Figure 2.1: Schematic representation of the perovskite crystal structure. (a) The cubic perovskite unit cell with the
general chemical formula ABX3, where A is a monovalent cation, B is a divalent metal cation, and X
is a halide anion. The A cation occupies the cube corners, B the body center, and X the face centers.
(b) The arrangement of the ions and the lattice structure determine the optoelectronic properties of the
material, which are critical for photovoltaic applications. In hybrid organic-inorganic perovskites, the
large A cations are organic molecules, while B is typically lead or tin.
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cations is important for the formation of 3D perovskite material (as very large A cations lead to the formation of
2D perovskite structures[47]), the BXg_ octahedra mostly determine the bandgap of the semiconductor.[48]

By engineering the crystal structure of the compound, perovskites with outstanding optoelectronic properties
are realized, making them attractive candidates for next-generation photovoltaics. For PV applications, hybrid
organic-inorganic metal halide perovskites have attracted substantial research and industrial interest. In their crystal
structure, the relatively large A cation site is occupied by organic cation molecules such as Methylammonium
(MA*,CH3NH; ), Formamidinium (FA* CH(NHz)3), or by cesium (Cs*) cations. The smaller B cation site is
occupied by metallic cations such as lead (Pb?*) or tin (Sn?*), and halogenic anions like iodine (I7), bromine
(Br™), or chlorine (C17) occupy the X sites.

Different cations can be incorporated into the perovskite structure, allowing materials engineering. By mixing
various relatively large cations, metal cations, and halide anions in different molar ratios, the properties of perovskites
can be effectively tailored. Due to improved stability and reproducibility, state-of-the-art perovskite compositions
typically contain mixtures of A cations forming double (Cs,FA_,) or triple cation perovskites (Cs,FA,MA_,_,)
while taking into account the tolerance factor.[44, 49] In this work, results are presented mainly based on double
cation perovskites, specifically with the composition Csg.17FA( s3Pb(Ip.91Bro.09)3.

While this section has explicitly addressed the different meanings of the term perovskite, in other sections of this
work the term is used synonymously with lead halide perovskites.

2.1.2 Optoelectronic Properties

Hybrid metal halide perovskites have been in the focus of PV research since 2006[50, 51], as they possess exceptional
optoelectronic properties while promising a wide range of applications and economical production routes. The
attractive properties of hybrid perovskite thin films are discussed below:

* Tunable bandgap: Through compositional engineering, i.e., by varying the ions in the ABXj5 structure, the
direct bandgap of perovskites can be tuned over a wide range of 1.2 - 3 eV. Adjusting the ratio of I~, Br—, and
Cl~ at the X site increases the bandgap from iodide to bromide to chloride, while partial substitution of Pb?*
with Sn?7 at the B site reduces the bandgap.[52, 53] This tunability allows precise alignment with the desired
absorption spectrum, making perovskites ideal for single-junction and tandem solar cells in combination with
established photovoltaic technologies, such as silicon and copper indium gallium selenide (CIGS).

 High absorption coefficient: Perovskites exhibit exceptionally high absorption coefficients (> 10* cm™1!),
exceeding those of conventional thin-film PV materials such as GaAs by almost an order of magnitude.
This enables efficient light harvesting even with thin absorber layers of a few hundred nanometers. The
absorption spectrum of lead halide perovskites covers a broad range of visible light, with a sharply defined
onset characteristic of direct semiconductors.[54, 55]

* Low exciton binding energy: Metal halide perovskites have low exciton binding energies, which are below
the thermal energy at room temperature. This allows photo-generated excitons (bound electron-hole pairs) to
spontaneously dissociate into free charge carriers upon light absorption, enabling efficient charge separation
and extraction.[56, 57]

* Long charge carrier lifetimes and diffusion lengths: Perovskites show remarkable tolerance to intrinsic
defects[58, 59], enabling long charge carrier lifetimes exceeding 1 us even in polycrystalline thin films.
Combined with high charge carrier mobilities(> 10 cm? V1 s~1), this results in diffusion lengths of several
micrometers.[60—62] These properties, combined with the need for only thin absorber layers due to their high
absorption coefficients, significantly increase the probability of charge carrier extraction, making perovskites
highly efficient for PV applications.
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* Solution-based fabrication: Perovskites are well-suited for solution-based processing due to their high defect
tolerance and low crystallization temperatures (100 - 150 °C).[28] These temperatures are significantly lower
than those required for conventional PV materials like silicon, resulting in energy and cost savings. Solution-
based methods reduce the capital investment needed for manufacturing equipment and offer the potential
for higher production throughput. In addition, the precursor materials are energy-efficient to synthesize,
abundant, and required in minimal quantities due to the thin absorber layers enabled by the high absorption
coefficients of perovskites, making fabrication potentially very cost-effective.[33, 63]

Because of their numerous advantages, lead halide perovskites are exceptional absorber materials for next-generation
photovoltaics. The functionality of the perovskite solar cells is discussed in detail in the following section.

2.2 Perovskite Solar Cells

2.2.1 Working Principle

Solar cells convert the energy of incident photons into electrical energy using the photovoltaic effect. Upon
illumination, the passive devices generate electrical power by simultaneously generating electrical current and
electrical voltage. The basic working principle of perovskite solar cells can be summarized in four steps (see
Figure 2.2a): (1) absorption of incident photons in the absorber, (2) generation of electron-hole pairs, (3) spatial
separation of the electrons and holes, and (4) extraction of the two types of charge carriers at the different contacts
and potentials of the solar cell. In a closed electrical circuit, the flow of these charges through the external load
constitutes the photocurrent, while the photovoltage arises from a potential difference between the two contacts.[64—
66]

After transmission through the transparent electrode, photons with energy above the bandgap (E) of the perovskite
absorber material are absorbed. Photons with lower energy pass through the material while the additional energy of
photons with higher energy results in thermalization losses. The absorption of a photon leads to the generation of a
electron-hole pair. The electron-hole pair quickly dissociates into free positive (hole) and negative (electron) charge
carriers, which can move freely in the valence band (£/) and conduction band (F¢), respectively. To generate
electrical energy, the two different types of charge carriers need to be separated and extracted from the solar cell
device at different locations.

(a) (b)

(4) ETL Ec :

front electrode E
/ v ETL M

Figure 2.2: Working principle of a perovskite solar cell illustrating charge carrier generation and extraction. (a)
Schematic representation of the fundamental processes in a p-i-n perovskite solar cell: (1) photon
absorption in the absorber layer, (2) generation of a electron-hole pair, (3) spatial separation of the charge
carriers, and (4) extraction at the respective electrodes. (b) Energy band diagram under illumination,
showing electron accumulation in the conduction band (E) and hole accumulation in the valence band
(Ev). The splitting of the Fermi level into quasi-Fermi levels for electrons (Er ) and holes (EF ;)
creates a potential difference between the electrodes. The selective electron and hole transport layers
(ETL and HTL) enable efficient charge carrier separation and extraction.

AEnergy

external load
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The charge carrier separation is explained in the following according to Wiirfel e al.[64, 67] who explain the
working principle based on gradients of the quasi-Fermi levels and different conductivities for the two charge
carrier types in different areas of the solar cell. Electrons and holes are mostly exposed to two different forces in
the device. If there is only the electrical force due to an electric field E, the charge current of electrons e or holes h

is given by
. Oe,h
Jelect,e,h = ene,h,ue,hE = O'e,hE = _7grad(ze,h6<p) (2.2)
Ze,h€
where e is the elementary charge (with z. = —1 and 2}, = 1), n. j, the concentration of the charge carriers, fi. j, is

their mobility, and o j, is their electrical conductivity. ¢ is the electric potential that causes the charge carriers to
be subjected to the electric force —grad(z, pep).

If there is only the second force acting on the charge carriers which is caused by a gradient in the charge carrier
concentration, the resulting charge current is given by Fick’s law

Oe,h
Ze h€

Jaiff.e,h = Zen€(—Depgradnep) = — grad ®epem,e,n (2.3)

where D, j, = p. pkpT/e is the diffusion coefficient with the Boltzmann constant kp and temperature T'. ®chem e,h
is the chemical potential that causes the charge carriers to be exposed to the chemical force —grad ®chem, e, i

Since charge carriers are exposed to both forces simultaneously, the forces —grad(z. pep) and —grad ®Pehem e, n, have

to be added

Oc,h Oe,h

grad (Ze,heSO + q)chem,e,h) = - grad (ne,h) (2.4)

e,h e,h

jtotal,e,h = -

where 7, 3, is the electrochemical potential of the charge carriers.[67]

In the next step, the identity between the electrochemical potential and the Fermi level (E) is used. Er represents
the energy level at which the probability of electron states being occupied is 50% at equilibrium, according to the
Fermi-Dirac distribution. For 7" > 0, electron states below Er are more likely to be occupied, while states above
E'r are less likely to be occupied. Under illumination, an increase in charge carrier density should move E'r closer
to the conduction band minimum due to the increased electron density, while simultaneously shifting Fr closer
to the valence band maximum due to the increased hole density. In steady state, this contradiction is resolved by
introducing two separate Fermi distributions, one for electrons and one for holes, splitting the Fermi level into two
distinct quasi-Fermi levels. In the dark, the Fermi level (£'r) is in equilibrium in all three layers. Under illumination,
the Fermi level splits into quasi-Fermi levels of electrons (E7 ) and holes (EF ), as the photo-generated carriers
lead to increased charge carrier densities in the conduction and valence bands. The splitting of Fr into Efp . and
Erp, is called quasi-Fermi level splitting (QFLS).[68, 69] The energy levels of a p-i-n perovskite solar cell under
illumination near open-circuit conditions are shown in Figure 2.2b.

The identity between the electrochemical potential of electrons in the conduction band and their quasi-Fermi level
(me = Er,.) reflects the occupation of electronic states in the conduction band. Similarly, the electrochemical

potential of holes corresponds to their quasi-Fermi level (1, = —EF ), which describes the occupation of states
in the valence band. With z, = —1 and z;, = 1, the charge current of electrons and holes is given by

. g, . op

Jtotal,e = fgrad(EF,e)Q Jtotal,h = ?grad(EF,h)~ (25)

Thus, the charge carrier currents are governed by the gradients of the quasi-Fermi levels and the electrical conduc-
tivities.

To generate electrical current in a solar cell, electrons and holes must move toward opposite contacts. However, the
gradients of the quasi-Fermi levels cannot inherently be engineered to guide electrons toward one contact and holes
toward the other. Accordingly, in addition to the gradients, the selective carrier transport in solar cells also requires
different conductivities for electrons and holes as they move toward their respective contacts. In perovskite solar
cells, the charge carriers are separated using a p-i-n heterostructure with a hole-selective and electron-selective layer
sandwiching the intrinsic absorber. Layers that interface with the absorber and facilitate the extraction of electrons

11
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are called electron transport layers (ETLs). Similarly, layers that interface with the absorbing semiconductor to
extract holes are called hole transport layers (HTLs).

In a heterostructure of ETL, absorber, and HTL, the desired charge carrier current is in the opposite direction to
the maximum gradient of the quasi-Fermi levels (see Figure 2.2b). Therefore, the ETL must have a large difference
in the Ey to the absorber, high electron conductivity, and low hole conductivity. Similarly, the HTL must have
a large difference in Ec compared to the absorber, high hole conductivity, and low electron conductivity. This
selective conductivity ensures that electrons are efficiently transported through the ETL while being blocked by the
HTL, and holes are efficiently transported through the HTL while being blocked by the ETL. The selective charge
transport layers act like membranes, allowing only the desired charge carrier species to pass while blocking the
other species. Given the long charge carrier lifetimes and diffusion lengths of perovskites, nearly all electrons and
holes are extracted from the absorber through the ETL and HTL, respectively. The extraction of charge carriers at
the respective electrodes allows an electric current to flow through the external load.[64]

The energy difference E'r . - Er) can be expressed in terms of energy eV, where V' represents the voltage drop
between the contacts on the ETL and HTL sides. Under short-circuit conditions, i.e., when the n-type and p-type
regions are connected, there is no potential barrier, but a net current flows due to the charge carrier gradients and
the selective contacts (short-circuit current /g¢). Under open-circuit conditions, i.e., when the n-type and p-type
regions are not connected, no net current flows in the junction, but the open-circuit voltage (Vo) is measured,
which is the difference between the two quasi-Fermi levels converted into electrical potential. In operation, under
illumination and with an external load connected, the solar cell operates between these two extreme points and,
therefore, generates both photovoltage and photocurrent, resulting in the generation of electrical power. At interme-
diate operating points, the external load creates a finite resistance that simultaneously permits partial current flow
and maintains a voltage.

To determine the steady-state current generated by a solar cell under continuous illumination, all the generated and
extracted charge carriers within the absorber must be summed up. The current density is given by

d
j= /0 ¢(G(x) - R(z)) da. 2.6)

with the absorber thickness d. The generation rate G can be divided into the generation rate caused by thermal radia-
tion atroom temperature and the non-equilibrium generation rate caused by illumination (G(x) = Ggari. + Giniu ().
In non-equilibrium, the recombination rate R is increased compared to equilibrium at room temperature due to the
additional charge carriers generated by illumination
Nen

R(SC) = Raark - nzh = Ryqri exp (

2

Ep.(z) — EF,h(fL’)) 2.7)

kT

where n; is the intrinsic charge carrier density and n., nj, are the charge carrier concentrations during illumination.
Since the generation rate and the recombination rate are equal in equilibrium (G jo,-k = Rgark), the current density

d
j= —e/ [Gdark (1 — exp (EF’e(x)k_TEF’h(m)>) + Giuu(x)} dx. (2.8)
0 B

Charge carrier extraction is only possible if electrons and holes are generated within their respective diffusion

is given by

lengths (L. for electrons and L. for holes) before reaching the selective contact. Consequently, the integral is
solved only within the absorber, constrained by the boundaries [— L., L]. Since the electrochemical potentials of
the charge carriers inside the absorber as well as the thermal generation rate do not depend on the location (see
Figure 2.2b), the equation changes to

. Er.— Epy Ln
J = eGaark(Le + Lp) (exp </€BT> - 1) —e Giu(x) de. (2.9
—L.
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The two remaining terms of the generation rates can be identified by analyzing two extreme cases. Under
illumination and with an external short circuit (VV'=0), the resulting short-circuit current density jgc is given
by —e ffz Gijiw () d. In the dark (G5, () = 0) and for large negative voltages (exp(eV/kpT) < 1), the dark
saturation current density jo is given by —eGgari(Le + Ly). As discussed, the energy difference Er . - Epj, can
be expressed in terms of energy eV and the final current density is described by

eV
=3 — -1 iSC- 2.10
J=1Jo (GXP (kBT> > +Jsc (2.10)
This equation defines the characteristic current-voltage behavior of a solar cell, where varying the resistance of the

external load shifts the operating point along a curve, maintaining both a photovoltage (reduced from V) and a
photocurrent (less than Ig¢), thereby enabling power output.

2.2.2 Electrical Characteristics and Photovoltaic Metrics

Equivalent circuits are used to describe the electrical behavior of solar cells. A comparison of Equation 2.10 with
the Shockley equation, which describes the electrical behavior of a diode, shows that an ideal solar cell can be
modeled with an equivalent circuit consisting of a diode and a current source. The photocurrent I}, increases with
illumination intensity and the current I3 represents radiative recombination losses. To describe a real solar cell, a
series (Rg) and shunt (Rg},) resistance are added to the equivalent circuit resulting in the single-diode model of a
solar cell (see Figure 2.3a). The shunt resistance represents unwanted leakage current paths due to imperfections
in the absorber, while losses due to limited charge carrier transport through the solar cell are described with the
series resistance.[64] Accordingly, the photocurrent minus the diode and shunt resistance currents equals the output
current I of the solar cell:

I=1Iy—1q— Iy (2.11)

Using the diode equation the output current can be described as

e(V — IRy) V + IR,
IVy=I,h—-Iylexp| —— | -1 - —— 2.12
( ) P p nk:BT Rsh ( )
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Figure 2.3: Electrical and photovoltaic characteristics of a solar cell. (a) The single-diode equivalent circuit
model describes the electrical behavior, consisting of a photocurrent source (Ip,1,), a diode representing
radiative recombination (I4), and resistive elements for series (Rg) and shunt (Rg},) losses. (b) The
current density-voltage (J-V) curve under illumination shows the photovoltaic performance metrics
short-circuit current density (Js¢) and open-circuit voltage (Vo). The power density curve illustrates
the maximum power point (MPP), where Jy;pp and Vj;pp determine the maximum power output.
Fill factor (FF) and power conversion efficiency (PCE) are derived from these parameters.
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where I is the dark saturation current, n is the ideality factor, e is the elementary charge, kg is the Boltzmann
constant, 7" is the absolute temperature and V' is the voltage at the terminals of the solar cell. The single diode
model can be extended with an additional diode in parallel to also include non-radiative recombination losses. For
a ideal solar cell the equation can be simplified, as Ry — 0 and Ry}, — oo:

1%
I(V) = I — I <exp (nZBT> - 1) (2.13)

Fundamental parameters of the solar cell can either be extracted from the current voltage curve or can be calculated.

The short-circuit current is measured when the applied voltage is 0.
Isc =1(V=0V)=~ Iy (2.14)

The short-circuit current is the maximum current the solar cell can output. When the output current (V') of the
solar cell is 0, the open-circuit voltage is measured. Using Equation 2.13, V¢ is expressed as:

keT (1
Voo = B 1n<ph + 1> (2.15)
€ IO

For better comparability of different active area sizes A, the current is converted to short-circuit current density
(Jsc = IscA™1Y). A characteristic current density-voltage curve of a solar cell and the corresponding generated
power output density is shown in Figure 2.3b. The maximum power output is generated when the solar cell is
operated at the maximum power point (MPP):

Pypp = Inpp Vupp (2.16)

The fill factor (FF) is defined as a measure of the difference between the maximum possible power output Voo Isc

and the actual value of Vy;pplypp:
Inrpp Vupp
FF = ———— 2.17)
Isc Voc

The power conversion efficiency is the most important metric of a solar cell and is defined as the power density at
the MPP as a fraction of the power density of the incident light:
Pypp  FFJscVoc  FF JscVoc

PCE = = —
Pyrcident Eannse 1000 W m 2

(2.18)

Under testing conditions, the standard AM1.5G spectrum is used for illumination of the solar cell with an integrated
power density Pi,cigen: of 1000 W m™2.

2.3 Machine Learning

Given the extensive and rapidly evolving field of machine learning, this section provides a concise overview of the
key concepts and the background relevant to this thesis.

Machine learning can be defined as the development and use of algorithms that identify patterns in data to
perform tasks or make predictions without being explicitly programmed to do so.[70] Instead of relying on an
explicit predefined set of rules, ML models learn patterns from the data on which it is trained, iteratively tuning the
internal parameters to capture complex relationships and structures. The main goal of ML models is to generalize,
which represents the ability of a model to perform well on new, unseen data after having learned general patterns
on the training data.[71-73]
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Figure 2.4: Relationship between artificial intelligence (AI), machine learning (ML), and deep learning (DL). Al
encompasses tasks that require human-like intelligence. ML, a subset of Al, consists of algorithms
that learn patterns from data without explicit programming. DL, a subset of ML, uses artificial neural
networks to learn hierarchical representations of data.

ML is a core component within the broader field of artificial intelligence (AI), which encompasses methods that
enable machines to perform tasks typically associated with human intelligence (see Figure 2.4). Within ML, deep
learning (DL) is a specialized subset that uses artificial neural networks inspired by biological neurons to learn
complex representations of data. While Al provides the overarching conceptual framework for intelligent systems,
ML focuses on data-driven model building, and DL, powered by neural networks, refines this approach by enabling
the learning of complex data patterns.

A typical ML workflow starts with data acquisition and preprocessing to ensure that the input data is cleaned and
uniformly structured, followed by the selection of the appropriate learning approach (supervised or unsupervised,
see section 2.3.1). Next, the problem type is defined, such as regression or classification (see section 2.3.2), and
based on the task, a suitable model is chosen, ranging from tree-based and neighbor-based algorithms (see section
2.3.3) to neural networks (see section 2.3.4). Methods of feature engineering and dimensionality reduction (see
section 2.3.8) can be used to simplify high-dimensional data. Model performance is evaluated using a structured
training, validation, and testing procedure (see section 2.3.5), with appropriate prediction error metrics guiding
model selection, training, and hyperparameter optimization. Explainable AI (XAI) techniques (see section 2.3.7)
can be used to interpret model decisions.

2.3.1 Learning Approaches

Depending on the learning approach, ML applications can be categorized into three different types: supervised,
unsupervised, and reinforcement learning. In all of these learning approaches, the model is iteratively trained to
optimize model parameters.[71, 73]

In reinforcement learning, an agent learns to make sequential decisions by interacting with the environment. The
agent receives feedback in the form of rewards or penalties and through trial and error, the agent improves its
strategy to maximize rewards over time.[74] Supervised and unsupervised learning are discussed in more detail
below, as these approaches are used in this work.

2.3.1.1 Supervised Learning

Supervised ML models require labeled datasets, where a training set with known input feature and label pairs is
used to learn a mapping between the features and the label, also called the target variable. By iteratively adjusting
its internal parameters to minimize prediction errors when compared to the ground truth labels on the training data,
the model learns a mapping from input features to target outputs. Once this mapping is established after training,
the model can generalize and apply the learned patterns to accurately predict the corresponding target values for
new, previously unseen input samples.

This approach is commonly used for tasks such as classification and regression (see section 2.3.2), with real-world
applications including predicting house prices based on property features or classifying emails as spam. Evaluation
metrics such as accuracy, mean absolute error, or mean squared error are used to quantify model performance and
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Figure 2.5: Overview of supervised and unsupervised learning approaches in machine learning. Supervised learn-
ing uses labeled datasets to train models for regression (left) and classification (middle) tasks, where
the goal is to predict continuous values or assign samples to predefined categories, respectively. Unsu-
pervised learning (right) discovers inherent patterns and clusters in data, enabling exploratory analysis
without relying on predefined labels.

guide model selection and optimization (see section 2.3.6). However, supervised learning models require large,
high-quality labeled datasets and are susceptible to challenges such as overfitting, where a model performs well on
training data but poorly on unseen data (see section 2.3.5).

Common models used for supervised learning which are also used in this work are for example k-nearest neighbors,
random forest (see section 2.3.3), and neural networks (see section 2.3.4).

2.3.1.2 Unsupervised Learning

In contrast to supervised learning, unsupervised learning does not rely on labeled data. Instead, these methods
identify inherent structures, patterns, or groupings in the input data without predefined target values. By analyzing
similarities and differences between data samples, this approach is particularly useful for exploratory analysis,
allowing the discovery of underlying patterns and clusters without the need for costly manual annotation. This
exploratory approach often provides valuable insights into data distributions and underlying relationships that may
not be immediately apparent.

A common technique in unsupervised learning is clustering, which organizes samples into subsets based on their
similarities (see Figure 2.5). The resulting clusters can then be further explored to extract insights and guide further
data analysis. Among clustering methods, the k-means algorithm[75] is one of the most widely used techniques.
It divides the unlabeled dataset into k clusters, each defined by a centroid, and assigns each sample to the cluster
with the nearest centroid (see Figure 2.6a). The algorithm iteratively updates the cluster centroids to minimize the
squared sum of distances between each sample and its assigned centroid. The k-means algorithm implemented in
scikit-learn[76] is used in this work.

To determine a suitable number of clusters k, the elbow method[77] can be used to find the value of k where adding
more clusters does not substantially improve the model. The heuristic plots the sum of squared error as a function
of different values of k and suggests selecting the point where the decrease in error begins to level off, forming an
elbow in the plot.

In this work, the unsupervised k-means clustering algorithm is used to explore and analyze the training dataset,
helping to identify fundamental patterns and relationships and guiding subsequent supervised analyses.
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2.3.2 Regression and Classification

Supervised ML applications can be categorized by problem type into regression and classification. While both
approaches involve learning a mapping between input features and target variables, they differ in the type of target
variable that is predicted.[71, 73]

Regression is used when the target variables are continuous and the goal is to predict a numerical value based on
input features.[78] For example, predicting house prices based on characteristics such as location and size. Models
used for regression aim to minimize the difference between predicted and actual target values by approximating the
underlying function (see Figure 2.5). After learning the function, the regression model predicts a target value for a
new sample of input data. The model performance is typically quantified by metrics such as mean squared error
(MSE) or mean absolute error (MAE) (see section 2.3.6). Key challenges in regression include handling outliers
and ensuring that the model generalizes well to unseen data. Linear regression, random forest regression, and neural
network regressors are commonly applied algorithms.

Classification is used when the target variable is categorical and the goal is to assign each input sample to one of a set
of discrete categories. Common applications include email spam detection, where emails are classified as "spam"
or "not spam," and image recognition tasks, such as identifying hand-written characters.[79] In classification, the
model learns a decision boundary that divides the input space into distinct regions, each corresponding to one of
the target classes (see Figure 2.5). Model performance is evaluated using confusion matrices and error metrics
such as accuracy, precision, recall, and F1-score (see section 2.3.6). Challenges in classification include handling
imbalanced datasets where some classes are underrepresented and ensuring robustness to mislabeled data. Popular
classification algorithms include k-nearest neighbors, support vector machines, random forest classifiers, and neural
networks.

In summary, while a regression model learns to predict a continuous value by approximating a mathematical
relationship between input features and the target variable, a classification model aims to assign discrete categorical
labels by learning decision boundaries that separate classes in the feature space. Both approaches involve iterative
training, validation, and refinement to optimize model performance based on appropriate evaluation metrics. In this
work, both regression and classification approaches are used to address different tasks, demonstrating the versatility
of supervised learning methods in exploring and analyzing experimental data.

2.3.3 Tree- and Neighbor-Based Machine Learning

Tree- and neighbor-based machine learning methods are traditional supervised ML models that are widely used for
their versatility and robustness. These approaches form the basis of many supervised learning tasks. Due to their
superior performance on the datasets generated in this work, the focus in this work is mainly on the classical ML
methods k-nearest neighbors (kNN), random forest (RF), and histogram-based gradient boosting trees (HGB).
kNN[80] is a simple but powerful supervised method that, like the unsupervised k-means clustering, is based on
distance. kNN assumes that similar samples are close to each other in the feature space. Therefore, it predicts a
target value based on the k closest training samples that KNN assumes are most similar to the new input sample
(see Figure 2.6b). In this work, the kNN algorithm implemented in scikit-learn[76] is used and the distance is
computed with the default Euclidean distance metric. For classification tasks, the algorithm assigns a class label
based on a majority vote among the k neighbors, while for regression, it predicts a value by averaging the outputs
of the k closest neighbors. The optimal k can be determined using cross-validation on the training set (see section
2.3.5). Because of its interpretability, kNN is an effective tool for exploring datasets. However, it is computationally
expensive for large datasets, because predictions require comparisons with each training sample and it is sensitive
to irrelevant features and the choice of k. In this work, kNN is used for exploratory analyses and as a baseline
model for evaluating the performance of more complex approaches.

Random forest[81] is a tree-based ensemble method that builds an ensemble of decision trees. A decision tree
is a model that recursively splits data into subsets based on the values of the most informative features to make
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Figure 2.6: Illustration of the machine learning models used in this work. (a) k-means clustering is an unsupervised
learning approach that groups data based on proximity in the feature space to minimize intra-cluster
variance. (b) k-nearest neighbors (kNN) is a supervised learning algorithm that makes predictions based
on the closest k neighbors in the feature space. (c) Tree-based models, including decision trees, random
forests, and gradient boosting, split data hierarchically based on feature thresholds to make predictions.
(d) Neural networks consist of interconnected layers of neurons with weights and activation functions
that allow the modeling of complex patterns through iterative optimization of parameters.

predictions.[82] Starting from a root node, the algorithm selects the feature and threshold that best separate the
target variable. The data is recursively split at each node, creating branches until a stopping condition is met (see
Figure 2.6¢). At the leaf nodes, predictions are made based on the majority class for classification and the average
target value is predicted for regression tasks. To make predictions, new data samples pass through the tree from root
to leaf, following the appropriate branches and eventually reaching a leaf node that determines the output. Single
decision trees are prone to overfitting. To reduce overfitting, random forest models introduce randomness into the
tree-building process by training individual trees on a random subset of the data and features. Random forests
combine the outputs of multiple decision trees to improve predictive performance, robustness, and generalization.
Randomness for individual decision trees is realized through bootstrap sampling, i.e., randomly selecting samples
from the training dataset with replacement creating multiple subsets, and random feature selection, i.e., choosing a
random subset of features when splitting nodes, resulting in diverse trees. To produce a final output, the predictions
of individual trees are aggregated by majority voting for classification or by averaging for regression. This ensemble
approach improves robustness and reduces overfitting compared to single decision trees, while also providing useful
insights into feature importance. In this work, the random forest algorithm implemented in scikit-learn[76] is used
as a baseline for PCE regression and material property classification as well as forecasting of monitoring data.
While random forests build ensembles of decision trees by training them independently, boosting methods[83]
build trees sequentially, with each tree trying to correct the errors of its predecessors. This iterative process allows
boosting methods to focus more on the difficult-to-predict samples, resulting in models with higher predictive
accuracy. For gradient-boosted trees[84, 85], the output is optimized by minimizing a loss function using gradient
descent. Gradient boosting ensembles are a widely used technique for prediction tasks on structured, tabular
data[86, 87], but suffer from slow model training, especially for large datasets. Histogram-based gradient boosting
extends gradient boosting methods by using histogram-based binning for feature values, making it computationally
efficient for large datasets.[88] HGB accelerates the training of the trees added to the ensemble by discretizing
(binning) the continuous input variables into discrete intervals (histograms). In this work, the histogram-based
gradient boosting algorithm implemented in scikit-learn[76] is used as a baseline for PCE regression and material
property classification.

In addition, several other machine learning methods are used in this work to provide a comparative evaluation of
the primary models. Support vector machines, adaBoost, elastic net, logistic regression, and naive Bayes are used
to benchmark the performance of the primary tree- and neighbor-based algorithms as well as neural networks,
and to underscore the suitability of the chosen models by highlighting their strengths and limitations compared to
alternative approaches.
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2.3.4 Neural Networks

Deep learning is based on feedforward neural networks, also called multilayer perceptrons, inspired by biological
neural networks.[89-91] They consist of interconnected layers of artificial neurons, i.e., basic computational units,
arranged sequentially in an input layer, one or more hidden layers, and an output layer. They process information
in the forward direction from one layer to the next (see Figure 2.6d). Due to the presence of multiple hidden layers
between the input and output layers, these neural networks are considered deep. All neurons of two neighboring
layers are linked forming fully connected layers. Since this architecture allows the network to model intricate data
patterns and approximate complex functions, neural networks are universal function approximators.[92—-94]

The input layer of a neural network receives the data features. In this layer, each neuron represents one input
feature. To perform computations, the hidden layers consist of neurons that apply weights, biases, and non-linear
activation functions to their inputs. Activation functions are critical because they introduce non-linearity, enabling
the network to approximate complex, non-linear functions. Without non-linear activation functions, a sequence of
linear transformations collapses into a single linear transformation, limiting the network’s ability to model complex
patterns. In hidden layers, the rectified linear unit (ReLU) is a commonly used activation function. The output
layer generates predictions. The activation function of the output layer depends on the task of the model. While a
linear activation is used to produce continuous regression outputs, classification often uses a softmax function to
produce probabilities for each class. In short, the architecture consists of multiple layers, where the output of one
layer serves as input to the next and the network performs alternating linear and non-linear transformations.

Each connection between two neurons has a corresponding weight and bias. During training, these parameters are
iteratively adjusted to minimize a loss function. The training process of a neural network consists of a forward pass
and a backward pass. During the forward pass, data flows from the input layer through the hidden layers to the
output layer. Each neuron computes a weighted sum of its inputs, adds a bias, and applies an activation function:

n

y=o (> (w;i-xz;)+b (2.19)
=1

where y is the output of the neuron, n the number of inputs to the neuron, x; the i-th input to the neuron, w;
the weight associated with the i-th input, b the bias, and o the activation function applied to the weighted sum.
The final output of the network is compared to the true label using a loss function, which defines the optimization
objective and quantifies the error. Common loss functions are MSE for regression tasks and cross-entropy loss for
classification.

After the forward pass computes the loss, backpropagation computes the gradients of the loss function with respect
to the weights and biases. Backpropagation propagates this error backward through the network using the chain rule
of calculus.[95, 96] The gradients of the loss indicate the direction and magnitude of parameter updates needed to
minimize the loss. Based on the computed gradients, an optimizer uses gradient descent to update the weights and
biases. By following the negative gradient scaled by a learning rate, the optimizer minimizes the loss to improve
the model’s performance.

Finding the best-performing parameters of the neural network is an optimization problem, where the algorithm
searches for an optimum given the training data. This iterative process continues until the network converges, i.e.,
loss is minimized, and the model generalizes well to previously unseen data. By combining the power of activation
functions, backpropagation, gradient descent, and efficient optimization, feedforward neural networks serve as a
versatile tool for solving a wide range of machine learning problems. In this work, neural networks implemented in
PyTorch[97] are used for PCE regression and material property classification.
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2.3.5 Training, Validation, and Testing

The goal of machine learning models is to learn patterns in given data and generalize well to new, unseen data.
To ensure an unbiased evaluation of the model performance, the dataset has to be split into three subsets, namely
training, validation, and test set. The training data comprises the largest portion of the total data to teach the
machine learning model the patterns in the data and the mapping between the input feature and the target variable.
The model is trained by adjusting its parameters, such as weights and biases, to minimize the loss function. During
the training phase, the validation set provides an unbiased evaluation of the prediction performance on data that
is not included in the training set. It is used to compare different models, to optimize model parameters, and to
evaluate model performance during training to ensure that the model is neither overfitting to particular samples
nor underfitting by failing to learn meaningful patterns. Finally, the test set is used to evaluate the generalization
performance of the model after model selection and parameter optimization have been completed (see Figure 2.7a).
The test set is reserved for the final stage of the ML process and is never seen by the model during training or
validation to ensure an unbiased evaluation of the model’s predictive capability. While training and validation sets
are used iteratively, the test set is used only once at the end for final evaluation. It represents new real-world data
that the model has never encountered before.

In addition, the concept of cross-validation is used to make full use of the available data and to obtain a more robust
and unbiased evaluation of model performance. Specifically, k-fold cross-validation is used, where the training set
is split into k subsets (folds), and the model is trained k times (see Figure 2.7b).[98] In each iteration, one fold
serves as the validation set while the remaining k-1 folds are used for training. The results of all folds are averaged
to produce a final evaluation score. While cross-validation is computationally expensive, this approach reduces the
variance in model performance evaluation and is particularly useful for smaller datasets. In this work, five-fold
cross-validation is used, where the training data is split into five distinct subsets, with solar cells from the same
substrate consistently grouped within the same subset.

During training, a loss function is minimized to optimize the model parameters. The loss function measures the
difference between the model’s predictions and the true target values, thus defining the optimization objective (see
section 2.3.4). For regression tasks, common loss functions are MSE and MAE
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Figure 2.7: Machine learning workflow of training, validation, and testing. (a) The dataset is divided into training
and test sets. A model is selected and trained on the training set using cross-validation to identify
optimal parameters. The model with optimized parameters is then retrained on the entire training
set and evaluated on the test set to assess its generalization performance. (b) Illustration of 5-fold
cross-validation, where the training set is split into five subsets (folds). Each fold is used once for
validation, while the remaining folds are used for training. To optimize hyperparameters and compare
models, results are averaged across all folds for robust performance evaluation. The held-out test set is
reserved for final, unbiased evaluation.

best parameters
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where n is the total number of samples, y; the true value (ground truth) for sample i, and g; the model output
(predicted value) for sample i. MSE is more sensitive to outliers as it squares the errors, penalizing large errors
more severely. For classification tasks, cross-entropy loss (CE) is commonly used to assign high probabilities to the
correct classes:

C
CE=—> yilog(f) (222)
i=1

where C' is the number of classes, y; the true label (1 for the correct class, 0 otherwise), and g; the predicted
probability for class i. During training, the cross-entropy loss, like the MSE and MAE, is summed and averaged
over all samples.

During the training process of neural networks, an optimizer iteratively updates the model parameters to minimize
the loss function. The optimizer performs gradient descent, which computes the gradients of the loss function with
respect to the model parameters and updates the weights in the direction that reduces the loss (see section 2.3.4).
The learning rate determines the step size for each update and has to be carefully tuned. If the learning rate is too
large, the model may overshoot the minimum, while a value too small may lead to slow convergence. In this work,
the Adam optimizer is used because it improves gradient descent by dynamically adjusting individual learning rates
for each parameter based on past gradient information, while also incorporating a moving average of past gradients
to smooth updates and accelerate convergence in relevant directions.[99] In addition, a learning rate schedule can
be used to adjust the learning rate stepwise or gradually during training.

To balance computational efficiency and training stability, the training dataset is not processed all at once but instead
is split into smaller batches of samples. Each batch is used to compute the gradients, and the model parameters
are updated accordingly. Batch size affects model accuracy and generalization, as smaller batches introduce useful
noise that helps explore the parameter space by escaping local minima and often leads to better performance on
the test set. Larger batches offer faster training and more stable gradients but introduce the risk of overfitting and
poorer generalization to unseen data.[100]

Because neural networks have many tunable parameters, they are highly flexible and capable of fitting complex
data. However, they are also prone to overfitting, which results in poor generalization to unseen data. Overfitting
occurs when the model becomes too complex and learns the training data, including the noise, too well, resulting
in memorization of the training data. The model then performs exceptionally well on the training data but poorly
on new, unseen data. In contrast, underfitting occurs when the model fails to learn the dominant trends in the data,
resulting in poor performance on both the training and test sets. Avoiding underfitting and overfitting by balancing
model complexity and generalization is referred to as the bias-variance tradeoff.[98] A high bias indicates that
the model is too simple to capture the underlying patterns in the data, resulting in systematic errors, while a high
variance indicates that the model is overly complex and sensitive to fluctuations in the training data.

To prevent overfitting and improve generalization, regularization techniques are applied during training. Dropout
is a common method that randomly deactivates some neurons during each training iteration, preventing the model
from relying too heavily on certain neurons and forcing the network to learn more robust features.[101] Weight decay
penalizes large weights by adding a penalty term to the loss function that is proportional to the square of the weights.
This penalty encourages the model to use smaller and simpler weights, effectively reducing model complexity and
improving generalization.[102] In addition, early stopping helps mitigate overfitting by monitoring the validation
loss during training and stopping the process when the validation performance no longer improves.[103] This
prevents the model from overfitting to the training data by stopping the training before the model starts learning
noise.

Finally, for deep neural networks, problems such as exploding and vanishing gradients can arise during training.[104,
105] Exploding gradients occur when gradients become too large, resulting in large weight updates that cause the
model to diverge and lead to unstable training. This issue can be mitigated using gradient clipping, which limits
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gradients to a predefined threshold. In contrast, vanishing gradients occur when gradients become very small,
especially with activation functions such as sigmoid or tanh, causing the optimization to get stuck. This problem
can be addressed by using activation functions such as ReLU, which maintain stronger gradients for positive inputs.
In addition, shattered gradients refers to gradients in standard feedforward networks that exhibit increasingly
chaotic and unstructured behavior during backpropagation, resembling white noise.[106] To mitigate shattered
gradients, skip connections are introduced, as seen in model architectures such as residual networks (ResNets).
Skip connections provide alternative pathways for gradients to flow, reducing gradient degradation and helping to
maintain stable gradient magnitudes during backpropagation.[94]

In summary, the training, validation, and testing process involves splitting the dataset, using suitable loss functions,
and optimizing model parameters using gradient descent with appropriate learning rate and batch size. While
cross-validation is used to ensure robust performance evaluation, regularization techniques such as dropout, weight
decay, and early stopping are used to improve generalization and prevent overfitting. By combining these strategies,
the model can effectively learn patterns from the training data and generalize to unseen validation and test sets.

2.3.6 Model Evaluation

Model evaluation is a critical step in the machine learning process, ensuring that the trained model generalizes well to
unseen data. Model evaluation quantifies model performance, enables comparisons between different models, and
guides model parameter tuning and model selection. Without rigorous evaluation, models may overfit to training
data or underperform when applied to new data. By selecting appropriate metrics and using robust evaluation
strategies, the reliability and effectiveness of machine learning models can be evaluated.

To evaluate model performance, appropriate performance metrics are selected based on the type of machine learning
task. For regression tasks, where the goal is to predict continuous target values, evaluation metrics quantify how
well the predicted values approximate the true target values. MAE and MSE are commonly used metrics:
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where y; is the true value (ground truth), ¢; the predicted value, and n the total number of samples. While MAE
measures the average magnitude of the prediction errors and provides an interpretable average error, MSE is more
sensitive to large errors due to the squared term. The root mean squared error (RMSE) is derived as:

RMSE = vVMSE (2.24)

offering the error in the same units as the target variable. Additionally, the R2 score, or coefficient of determination,
describes the proportion of variance in the target variable explained by the model:

R?_1_ residual sum of squares 1 Z%l (yi — y:,)j (25)
total sum of squares St (v —7)

where 7 is the mean of the true values. R? evaluates how well the model explains the variance in the target variable.
For MAE, MSE, and RMSE, lower values indicate better performance, while R2 typically ranges from O to 1, with
higher values indicating a better fit. An R? value close to 1 indicates that the model explains most of the variability
in the data. Negative R? values suggest that the model performs worse than using the test set mean (%) as a constant
predictor. To visualize regression performance, parity plots are commonly used to provide intuitive insight into
model performance. In a parity plot, the true target values are plotted against the predicted values, with a perfect
model aligning the predictions along the diagonal line, indicating that y; = ;.

While regression metrics focus on predicting continuous values, classification metrics evaluate a model’s ability to
assign samples into discrete categories. A fundamental tool for classification evaluation is the confusion matrix,
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which summarizes model performance by comparing predicted and true class labels. The matrix provides counts of
true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN), allowing a detailed analysis
of model performance. From the confusion matrix, key metrics such as accuracy, which measures the proportion
of correctly classified samples, can be computed as

number of correct classifications B TP+ TN
total number of classifications ~ TP + TN + FP + FN

Accuracy = (2.26)

While accuracy is intuitive, it may not be sufficient for imbalanced datasets where certain classes dominate. In such
cases, additional metrics such as precision, recall (also called sensitivity), and F1-score can be used:
TP TP Precision - Recall

— " Recall= —— . Fl-Score = 2- 227
TP+FP’ T TP+ EN’ core Precision + Recall (2.27)
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Precision focuses on minimizing false positives, recall emphasizes minimizing false negatives, and the Fl-score
balances both. In addition, for multi-class classification tasks, the top-k score is useful, where a prediction is
considered correct if the true class label is among the top k predicted probabilities. These metrics, combined with
visual tools such as confusion matrices, provide a comprehensive understanding of classification model performance.
In this work, the visual evaluation of model predictions is performed using parity plots and confusion matrices. To
quantify prediction errors, the metrics MAE, RMSE, and R? are used for the regression task, and given the balanced
classification dataset, accuracy and top-2 score are used to evaluate the performance for the classification task.

2.3.7 Explainable Artificial Intelligence

ML models, particularly deep neural networks, have demonstrated remarkable predictive capabilities in various
domains. However, these complex models often operate as black boxes, making predictions without providing
insight into their decision-making process.[107, 108] To address this fundamental challenge, explainable artificial
intelligence aims to make ML model predictions transparent, interpretable, trustworthy, and understandable to
humans.[109, 110]

While often used interchangeably, interpretability and explainability have nuanced differences.[111] Interpretability
refers to the intrinsic transparency of simpler models, which allow humans to understand their internal workings and
decision-making processes directly. In inherently interpretable models, such as linear regression or decision trees,
the relationships between inputs and outputs are directly understandable. In contrast, explainability uses post hoc
methods to understand the predictions of complex, opaque models such as deep neural networks. These methods
are applied after the model has been trained to explain its behavior. While interpretable models are advantageous for
their transparency, they often lack the flexibility and predictive power of black-box models, making explainability
techniques essential for understanding the more complex models.

Explanations can be categorized into two categories, namely local and global explanations.[109] Global explanations
provide a broad understanding of the overall behavior of the model across multiple predictions and elucidate general
decision patterns. They are helpful in revealing which input features are important to the model overall. Aggregated
feature importance across multiple predictions is often used for global explanations. In contrast, local explanations
investigate individual predictions to understand why the model made a particular prediction for a specific input.
Local explanations are useful for deep insights through individual feature attribution, counterfactual explanations
for specific inputs, and saliency maps that highlight parts of an image that most influenced the prediction.

XAI techniques can be further divided into model-agnostic and model-specific approaches. Model-agnostic meth-
ods, such as Shapley additive explanations (SHAP)[112], are universally applicable to different types of machine
learning models, regardless of their internal architecture. They focus on the relationship between input-output
pairs of trained models without requiring access to the internal mechanisms of the model. In contrast, model-
specific methods, such as saliency maps[113], are tailored to particular model architectures by exploiting the unique
characteristics of specific machine learning algorithms. By accessing the model’s internal representations, these
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techniques can provide more precise and intrinsic explanations.

To gain a robust understanding of machine learning models, a combination of multiple appropriate XAl techniques
should be employed. By using complementary methods, it is possible to uncover a broader range of insights, reduce
the risk of confirmation bias, and ensure more faithful explanations. Before applying XAl methods, it is important
to ensure that the underlying machine learning models are well-trained and demonstrate reliable predictive perfor-
mance, as XAl methods analyze the learned patterns encoded in the models. The value of XAl lies in interpreting
and validating the learned patterns of reliable models, as poorly trained models explain incorrect behavior.

The application of XAI in materials science and perovskite solar cell research has only recently started. Publi-
cations frequently rely on SHAP for feature attribution, which quantifies the contributions of individual features
to a model’s predictions.[114—117] While SHAP offers valuable insights, its effectiveness can be limited by its
assumption of feature independence[112] as this assumption may not hold in many cases where features are highly
interdependent. Relying solely on SHAP when features are correlated risks providing incomplete or misleading
explanations of model behavior.[118]

While a variety of XAI methods exist, this work uses feature attribution using expected gradients, counterfactual
explanations, and testing with concept activation vectors (TCAV) because of their complementary strengths. Ex-
pected gradients provide detailed, gradient-based insights into the importance of individual features, counterfactual
explanations explore how small changes in input features affect predictions through what-if scenarios, and TCAV
examines the influence of high-level abstract concepts on the model output. Combined, these methods address
different parts of model explainability, ensuring that both feature-level and conceptual insights are considered.
Feature attribution methods assign importance scores to input features based on their influence on a model’s pre-
dictions.[109, 119] Expected gradients is a gradient-based feature attribution method that evaluates the relationship
between input features and model outputs by analyzing how changes in the input affect the prediction.[120] The
method begins by selecting a baseline, which represents a reference point in the input space for comparison. For
each feature in the input, the gradient of the model’s output with respect to that feature is calculated. This gradient
indicates how much a change in the feature would affect the model’s prediction. Instead of computing the gradient
for just one input, expected gradients computes the gradient for different inputs, sampled between the baseline and
the actual input. After averaging these gradients, a more robust measure of how much each feature contributes to
the output is obtained. The result is an attribution score for each input feature. Features with high scores have a
significant impact on the prediction, while those with low scores are less important.

Counterfactual explanations explore what-if scenarios by perturbing input data to observe how changes affect the
model’s predictions.[121-123] To find a version of the input that produces a desired change in the model’s predic-
tion, this technique slightly alters the input features to see how small changes affect the output. A counterfactual
explanation shows how certain changes in the input features would result in a different predicted class or a higher
or lower numerical prediction. Counterfactual methods aim to find the smallest or most realistic changes to the
input that will produce the counterfactual result. By demonstrating the changes necessary to alter the prediction,
counterfactual explanations provide insight into the model’s decision-making process and the relationship between
input features and outputs.

TCAV examines how abstract, high-level concepts influence a model’s predictions.[124] The method involves
defining a concept, such as a particular pattern, and identifying its representation in the model’s internal activation
space. A linear classifier is trained on the model’s activations to distinguish between samples that exhibit the
investigated concept and those that do not. The method then generates a concept activation vector (CAV), which
represents the direction in the activation space associated with the concept. To assess the importance of the concept,
TCAV modifies the input along this concept vector to make it slightly more or less representative of the concept
and observes the corresponding changes in the model’s predictions. If the prediction is significantly affected by
this change, the concept is considered important to the model’s decision-making. By linking the behavior of the
network to the high-level concepts, TCAV provides insight into which abstract features are important to the model’s
predictions.
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By combining multiple XAl techniques, this work aims to achieve a holistic understanding of the model’s decision-
making process, bridging the gap between predictive performance and explainability to increase confidence in the
model’s outputs.

2.3.8 Dimensionality Reduction

Dimensionality reduction simplifies data by reducing the number of features in a dataset while preserving as much
essential information as possible.[125, 126] It transforms high-dimensional data into a lower-dimensional form,
making it easier to process, visualize, and analyze. Dimensionality reduction addresses the curse of dimensionality,
which refers to the challenges of analyzing data in high-dimensional space. As dimensions increase, the volume
of the space grows exponentially and data points become sparser and more scattered, making it difficult to find
meaningful patterns. Transforming data into a lower-dimensional space reduces sparsity and makes it easier to
find patterns in the data while eliminating irrelevant, redundant, or noisy features to help ML models focus on the
most relevant information. By simplifying the data, it prevents overfitting, where models fit too closely to noise in
the training data and improves generalization to new, unseen data. While it helps with both exploratory analysis
and predictive modeling, it also leads to computational benefits such as more efficient model training and fewer
computational resources required.

There are several approaches to dimensionality reduction, categorized into feature selection, feature transformation,
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Figure 2.8: Dimensionality reduction for high-dimensional video data of the perovskite thin-film formation. (a)
Layout showing the location of the active area of each solar cell on the large-area substrate. (b) Video
frames capturing multiple channels of spatially resolved photoluminescence (PL) and diffuse reflection
signals over time. (c) Knowledge-based feature aggregation is performed by transforming the video
data into timeseries data. To preserve meaningful patterns while reducing complexity, the spatial mean
intensity of the active areas is computed at each time step for all channels. The resulting transients
represent the temporal evolution of the thin-film formation process, enabling simplified visualization
and machine learning applications.
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and feature aggregation. Feature selection reduces the dimensionality by selecting a subset of the most relevant
features from the original dataset. This approach emphasizes preserving the most meaningful information while
discarding irrelevant or redundant features.[127] Approaches such as filter methods are used, which compute a
score for each individual feature and select a specified number of top features. Wrapper methods search through
possible sets of features. For each possible combination of features, a model is trained and the validation scores are
used to select the best sets. Embedded methods integrate feature selection directly into the model training process
by evaluating the importance of features as part of the optimization. Feature selection techniques are particularly
useful when the interpretability and relevance of individual features are critical.

In contrast, feature transformation reduces the dimensionality of the data by computing new features based on
the original features. Principal component analysis (PCA) identifies orthogonal directions (principal components)
that capture the maximum variance in the data. By projecting the original data onto a subset of these principal
components, PCA reduces dimensionality while preserving most of the variance of the dataset.[128] An autoencoder
is a more flexible and non-linear alternative to PCA that uses neural networks to learn compact, low-dimensional
data representations. It consists of an encoder, which compresses the input data into a reduced latent representation,
and a decoder, which reconstructs the original data from this compressed form. The latent representation serves
as a lower-dimensional feature that preserves meaningful original patterns of the data. By passing data through a
bottleneck structure, autoencoders are able to uncover non-linear relationships and complex patterns that traditional
linear methods such as PCA might miss.[129]

Feature aggregation reduces dimensionality by grouping original features and summarizing each group into an
aggregated feature to create lower-dimensional representations.[130] Data-driven feature aggregation uses ML
algorithms to automatically cluster and combine features directly from raw data without relying on predefined
human knowledge. Knowledge-based feature aggregation uses domain expertise and predefined rules to combine
features based on expert understanding and structured hierarchies. Feature aggregation is particularly effective
for high-dimensional data such as images or time series, because it captures meaningful patterns while reducing
complexity.

While dimensionality reduction offers significant benefits, it also involves trade-offs. Reducing the number of
dimensions can result in the loss of some information, and the interpretability of transformed features, such as
PCA components or autoencoder latent variables, may be less intuitive than that of the original data. However,
dimensionality reduction techniques can improve the performance of machine learning models substantially, making
them a powerful tool in data analysis.

In this work, knowledge-based feature aggregation is used to reduce the complexity of high-dimensional video
data while preserving essential temporal information about the thin-film formation process. Leveraging domain
expertise on the critical role of the temporal component in the formation dynamics, emphasis is placed on the
temporal sequence of the experiment by distilling the video data into time curves. The image frames capturing
the active areas of the solar cells (0.105cm?, see Figure 2.8a) are aggregated by computing their spatial mean
intensity at each time step. This approach transforms the high-dimensional multi-channel video data of each
solar cell (see Figure 2.8b) into transients representing the temporal evolution of the spatial mean intensity over
multiple channels, namely PL7,p725nm, PLLP780nm» PLsP 775nm. and Rg;r; (see Figure 2.8c). By applying
this dimensionality reduction, the raw video data is distilled into a compact representation that highlights the
critical temporal progression of the thin-film formation process. It facilitates data visualization and downstream
applications of ML models that exploit the temporal patterns in the aggregated time series.

2.3.9 Computational Resources

Performing machine learning analyses in this work was only made possible by several free and open source software
libraries as well as access to high performance computing (HPC) resources.

For all classical ML models, such as tree- and neighbor-based models, the scikit-learn (1.3.0)[76] implementations
were used and PyTorch (2.0.1)[97] was used to build and train neural networks. All code was written in Python
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(3.9.7[131]. To facilitate interactive computing, Jupyter notebooks[132] were used, enabling seamless integration of
code, results, and visualizations. For preprocessing the raw image data, the Python packages tifffile (2021.4.8)[133],
OpenCV (4.5.4.60)[134], and Pillow (9.0.1)[135] were used. Data handling, visualization, and analyses were
enabled by the packages h5py (3.9.0)[136], pandas (2.1.0)[137], NumPy (1.24.3)[138], matplotlib (3.7.3)[139],
SciPy (1.11.2)[140], and statsmodels (0.14.2)[141].

The computational experiments were performed on the HPC clusters bwUniCluster 2.0 and Helmholtz Al computing
resources (HAICORE)@KIT, hosted at the Scientific Computing Center of the Karlsruhe Institute of Technology.
These clusters are equipped with NVIDIA A100-40 GPUs and Intel Xeon Platinum 8368 or AMD "Rome" EPYC
7742 CPUs, providing substantial computational power for efficient parallelization and acceleration of large-scale
experiments. The author acknowledges support by the state of Baden-Wiirttemberg through bwHPC. This work
was supported by the Helmholtz Association Initiative and Networking Fund on the HAICORE@KIT partition.

2.4 Machine Learning for Perovskite Photovoltaics

This section is dedicated to familiarize the reader with the state of the art of applying machine learning to solve
challenges in perovskite photovoltaics research.

Traditional approaches in perovskite materials science and device engineering rely heavily on countless trial-
and-error experiments that drive progress in material discovery, process development, characterization, full device
evaluation, and stability testing. However, due to the large experimental parameter space, these challenges are
inherently complex and performing manual experiments is expensive, labor-intensive, and time-consuming.[142]
As these approaches are limited in their ability to address the remaining challenges of scalability, stability, and
efficiency, more systematic methods are needed, motivating the adoption of data-driven techniques and autonomous
experimentation. ML has emerged as a transformative tool in many scientific disciplines, revealing previously
unidentified relationships and providing insights into fundamental mechanisms. In addition to pattern recogni-
tion, ML enables classifications, predictions, and the extraction of novel insights from complex datasets.[143]
As a result, ML techniques have been successfully applied to an increasing number of challenges in materials
science.[144—152] In recent years, ML has found its way into perovskite photovoltaics research, where several
reviews[153-162] and perspectives[163—167] underscore the growing interest in ML as a powerful tool to address
the challenges in perovskite PV research (see Figure 2.9a). The interest in integrating ML into PSC research not
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Figure 2.9: Machine learning (ML) in materials science and perovskite photovoltaics. (a) The exponential growth
of academic publications reflects the increasing adoption of ML in materials science and its recent
extension to perovskite solar cell research. (b) Schematic of the evolution of scientific methods from
empirical to theoretical and computational paradigms, now advancing into the data-driven paradigm.
This fourth paradigm uses big data and ML to make predictions, uncover insights, and accelerate
scientific discovery.
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only reflects its transformative potential but also demonstrates the extension of scientific methodology towards
data-driven approaches. The evolution of materials research can be characterized into four paradigms, namely
experimental and empirical, model-based theoretical, computational simulation, and data-driven science driven by
Al (see Figure 2.9b). The emerging fourth paradigm uses big data analytics and machine learning to analyze large
datasets and build predictive models, revolutionizing research in many scientific fields.[168—170]

The discovery of novel materials is a major goal of applying ML in energy materials research. By accelerating the
discovery process with high-throughput experimental and computational methods, materials with enhanced proper-
ties can be identified more efficiently, reducing both time and cost.[171-173] In perovskite PV research, ML is used
to predict important material properties such as bandgap, stability, and carrier mobility, enabling the identification
of stable compositions, optimization of optoelectronic properties, and improvement of material stability. By rapidly
screening large compositional spaces, ML models have successfully identified stable lead-free perovskite alterna-
tives[174—176] and optimized perovskite compositions to improve efficiency and stability.[177-181] Exploration
of chemical spaces through high-throughput screening facilitates the discovery of materials tailored for specific
applications, such as additives, passivation, or charge transport layers.[182—185] Building on these advances, gener-
ative Al, through techniques such as generative adversarial networks (GANs) and variational autoencoders (VAEs),
provides a powerful tool for designing novel perovskite materials by creating new compositions with targeted
properties, extending the exploration of chemical spaces beyond traditional methods.[156] Emerging techniques
like inverse design allow researchers to generate material compositions that meet precise property requirements,
revolutionizing the approach to materials development and accelerating innovation in the field.[186]

Since the prediction of material properties is essential for discovery, ML is used to predict intrinsic optoelectronic
properties. For example, the bandgap of different perovskite compositions is predicted based on theoretical physical
material features like ionization energy, atomic/molecular sizes, or lattice constant.[177, 187—192] In addition to
optoelectronic properties such as bandgap and charge carrier mobility[193, 194], ML models are used to predict
various structural characteristics of materials, including crystal structures[195-197], formability[198, 199], and
thermodynamic stability[200-202].

While it is easier to predict intrinsic material properties, predicting holistic device properties is more complex.
Building on these capabilities, ML is also used to predict holistic device-level metrics such as PCE.[116, 178,
203-206] By integrating material properties, stack designs, and processing conditions, ML models provide as-
sessments of the expected performance of the solar cell. ML approaches for predicting PCE can be divided into
models that predict general PCE based on material properties, stack design, and process conditions, and models that
predict PCE of individual solar cells using real experimental measurements of thin film properties. Most commonly
the models are based on datasets generated by extracting data from previously published research articles with
hundreds to thousands of data points.[116, 178, 203, 204, 207] While these models provide a theoretical estimate
of performance across a range of configurations, they cannot be used for dynamic feedback during fabrication to
facilitate immediate optimization for specific devices.

In addition to materials discovery, a key application of ML is the optimization of fabrication processes by predicting
how changes in fabrication parameters will affect device performance. By enabling iterative optimization, ML
significantly improves material formation processes, leading to improved solar cell performance in both organic
photovoltaics[208-210] and perovskite photovoltaics[211-214]. Furthermore, ML is expected to play a key role
in establishing robust baseline fabrication processes, monitoring and maintaining them against external variations,
and continuously improving these baselines by integrating advances from ongoing research.[156]

In addition to optimizing materials and device performance, addressing stability remains a critical challenge for the
commercial viability of PSCs. ML methods can be used as powerful tools to predict and improve stability by analyz-
ing degradation patterns and identifying stability-enhancing material and process configurations. ML tasks related
to perovskite stability can be broadly divided into two areas. During materials discovery, ML optimizes material
stability by identifying compositions with enhanced thermodynamic and structural robustness.[200-202, 215-220]
Second, ML models predict long-term device stability by forecasting degradation to study solar cell performance
over time.[155, 221] The challenges of long-term stability are addressed with ML by optimizing configurations for
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improved durability while identifying key factors that influence stability, such as material composition, structural
properties, and environmental conditions.[192, 222-225] These predictive approaches enhance traditional acceler-
ated aging tests by using ML models to forecast degradation curves and to predict stability metrics like Tgg lifetimes
(time to decay to 80% of initial PCE value), as well as providing deeper insights into the mechanisms governing
device degradation.[226—228]

While ML often relies on tabular data from simulated datasets or literature databases, it can also predict PCE or
stability using experimental data from perovskite thin film characterization as input, providing a direct link between
material properties and individual device performance. Characterization data provides insight into the physical and
chemical properties of perovskite materials, but its complexity often limits manual interpretation.[229] ML tech-
niques, such as supervised learning and computer vision, enable automated analysis of imaging and spectroscopic
data to extract meaningful information on material morphology, defects, and optoelectronic properties.[230, 231]
For example, machine vision is used to classify substrate coverage and quantify pinholes or cracks.[232, 233] To
explore the correlation between microstructural features such as grain boundaries and conductivity in perovskite
thin films, ML is used to drive automated scanning probe microscopes.[234] To perform accelerated stability testing,
experimental data such as environment-dependent transmittance[217] and photoluminescence (PL)[235, 236] are
forecasted by ML. Furthermore, ML methods are used to increase the information yield from measurements such
as time-resolved photoluminescence[237], to automatically determine the crystal structure of materials based on
X-ray diffraction data[195, 197], and recently to predict device performance based on the optical properties of the
corresponding thin films.[238] Bridging this gap between material-level properties and device-level performance
with ML-enhanced characterization methods is required to address the challenges of reliability, batch-to-batch
reproducibility, and high fabrication yield at industrial scale.[156, 239] In addition, as high-throughput automation
accelerates material synthesis and experimentation, scalable automated characterization tools and ML-driven inte-
gration are required to match the pace of high-throughput experiments by efficiently analyzing material properties
to guide experimental decisions and close the loop for autonomous discovery.[230, 240]

By accelerating labor-intensive and slow manual fabrication, high-throughput experimentation enabled by automa-
tion and robotics transforms traditional trial-and-error methods into systematic, data-rich processes.[210, 241-245]
By synthesizing and testing samples in parallel, automated platforms can substantially reduce the time required
to explore compositional and processing parameter spaces. Integrated with machine learning, these platforms
have been used to synthesize perovskite materials[246-250], discover stable compositions[251, 252], explore
compositional stability[216], optimize thin-film fabrication parameters[211, 213, 253], screen antisolvents[254],
and identify passivation materials for enhanced performance[183]. Although high-throughput experimentation
accelerates data generation through automation, experimental designs are typically created by human experts or
predefined at the beginning of a campaign. In contrast, self-driving labs leverage advances in Al, robotics, and
automation to perform fully autonomous experimentation.[255-261] Using Al to analyze data, these systems make
intelligent decisions about subsequent experiments without human intervention. By using the iterative, closed-loop
workflow of design, execution, and learning, self-driving labs have the potential to accelerate research significantly
while reducing its carbon footprint.

In addition to research applications, Al-driven tools are increasingly used in commercial (silicon) PV systems,
where they play a critical role in optimizing system operation, monitoring, and maintenance to ensure reliable and
sustainable energy production.[262, 263] For PV system monitoring, ML- and DL-based strategies are applied
in fault detection and diagnosis, power forecasting, and smart energy management.[264, 265] Unmanned aerial
vehicles enable the identification of common problems such as hot spots, cracks, bypass diode failures, soiling,
and shading.[266, 267] Imaging techniques such as infrared thermography are used to detect hot spots, visual
inspection identifies issues like burn marks, delamination, discoloration, snail trails, glass breakage, shading, and
bird droppings, while electroluminescence and photoluminescence imaging reveal cracks and series resistance.
Instead of pinpointing exact defect locations within individual cells, efforts are often focused on identifying the
overall probability of defects across modules to quickly address defective areas.[268] Beyond visual inspection,
monitoring and control of various electrical system components, such as inverters, is essential to meet contracted
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power production targets, predict the remaining useful life of PV system components, enable predictive mainte-
nance, and ensure the long-term durability of PV systems.

Al systems can significantly enhance scientific understanding[269] by improving the transparency of ML models
through explainable Al, allowing researchers to uncover relationships between material properties and device per-
formance.[161, 270] Because most scientific knowledge is encoded in text and figures of academic literature rather
than in structured databases, natural language processing (NLP) enables automated extraction of insights and iden-
tification of research priorities.[269, 271-274] Large language models (LLMs) further advance these capabilities
by enabling rapid literature review, molecular design, property prediction, and synthesis planning.[275-281]
While Al and ML techniques are powerful tools for advancing photovoltaic research, their effectiveness depends on
the availability of high-quality datasets as a basis for training reliable models and extracting meaningful insights.
Although experimental collections such as the perovskite database[282], the emerging-PV database[283], and the
2D perovskite database[284] exist, datasets are often small and cover only narrow ranges of process conditions,
material compositions, and device architectures. This limitation hinders the generalization of models to different
experimental environments and production settings. Addressing this issue requires the creation of large, diverse
datasets that are accurate, reproducible, and unbiased, avoiding skew toward high-performing devices.[161] Efforts
to standardize data reporting using ontologies[285] and initiatives like Materials Project[286] and NOMAD[287,
288], which promote the FAIR principles (findable, accessible, interoperable, reusable), are important for improving
data quality and sharing. High-throughput experimentation and self-driving labs further enable the generation of
large, consistent datasets[261], while automated data extraction through NLP enriches datasets with information
from scientific literature[274]. Generative Al complements this by simulating rare conditions or exploring under-
represented parameter spaces.[289, 290] Integrating experimental and computational data into hybrid datasets and
leveraging multimodal sources expands the possibilities for ML-driven insights. Foundation models pre-trained
on massive datasets acquire broad knowledge and generalize to new tasks without requiring task-specific train-
ing.[291] By leveraging advanced datasets and AI methods, future research can enhance materials discovery, device
optimization, and process improvement, accelerating innovation and commercialization of PSC technology.
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This chapter presents the experimental methods used to fabricate, characterize, and evaluate perovskite thin films
and solar cells. The fabrication section describes the scalable solution-based deposition of perovskite thin films,
focusing on blade coating and vacuum quenching. In addition, vapor phase deposition techniques, solar cell
architectures, and materials used in this work are discussed. The characterization section covers the techniques
used to evaluate thin film properties and device performance. After establishing profilometry for thin film thickness
measurements and current-voltage analysis for quantifying photovoltaic performance metrics, photoluminescence
imaging for monitoring perovskite thin-film formation is introduced. The data acquired by these methods is used
to generate experimental datasets that provide both the input features and the target labels for machine learning
models, allowing data-driven insights into the relationships between the fabrication process and perovskite thin
film quality and solar cell performance.
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3.1 Perovskite Solar Cell Fabrication

The deposition of the perovskite thin film, a critical step in solar cell fabrication, can be accomplished using two
primary approaches: solution processing and vapor phase deposition. Solution-based methods involve depositing
inks containing precursor materials dissolved in suitable solvents onto substrates using techniques such as spin
coating, blade coating, slot-die coating, spray coating, and inkjet printing, followed by controlled drying and
crystallization to form high-quality thin films.[28] In contrast, vapor phase deposition uses solvent-free processes
in which the precursor materials are converted to their vapor phase through sublimation under vacuum conditions.
The vapor then deposits onto the substrate, forming a uniform perovskite thin film.[22]

Vapor phase deposition is a mature and widely used technology in the coating and semiconductor industries,
dominating the production of other thin-film PV technologies and optoelectronic devices.[22, 292] Its success
can be attributed to the precise control of deposition parameters, which enables reproducible processes, scalable
fabrication for large-area applications, and the ability to produce multi-layer architectures with tailored functional
layers while avoiding the use of toxic solvents typical in solution processing.[293-295] However, the simplicity
and accessibility of solution-based fabrication have led to the broader adoption of solution processing techniques
for lab-scale deposition of perovskite thin films, as these methods enable rapid prototyping and experimentation,
making them a cornerstone of academic perovskite research.[22, 293]

The following section focuses on solution processing, highlighting the scalable blade coating method. Combined
with vacuum quenching, blade coating enables the production of high-quality perovskite thin films, making it
suitable for large-area applications.

3.1.1 Solution Processing

Solution processing is widely used in academic research for perovskite PV because it is simple, cost-effective, and
requires minimal process equipment. Solution-based deposition involves dissolving precursor salts in a solvent
system, depositing the solution onto a substrate, and removing the solvent to crystallize the thin film.[28] The
formulation of the perovskite precursor solution with the composition Csg 17FAg.g3Pb(Ip.91Brg.09)3 used in this
work is detailed in section 3.1.3, along the materials for other device layers.

After preparing the precursor solution, several techniques can be used to deposit it onto the substrate, each suitable
for different scales and purposes. While spin coating is commonly employed for small-scale laboratory optimization,
transitioning to industrial production requires scalable methods for large-area deposition. Techniques such as blade
coating, slot-die coating, spray coating, and inkjet printing have emerged as promising alternatives to spin coating
for high-throughput fabrication.[23, 26, 296]

3.1.1.1 Blade Coating

Blade coating, also known as doctor blading, is a scalable solution processing technique used to fabricate thin films.
The liquid precursor solution is deposited onto the substrate and a blade is moved across the surface to distribute
the solution into a uniform wet film (see Figure 3.1a). The formation of the thin film is driven by the meniscus
that develops between the blade and the substrate. The thickness of the deposited wet film depends on the material
concentration in the ink and the meniscus between the blade and the substrate. Key parameters that affect the
meniscus include the gap height between the blade and substrate, the relative speed of the blade, the viscosity of the
ink, and the wettability of the substrate.[28, 296] Once the wet film with the dissolved precursor salts is deposited,
the perovskite thin film forms through drying, nucleation, and crystal growth as discussed in section 3.1.1.3.

Blade coating is a popular choice for lab-scale perovskite solar cell research because it is cost-effective, produces
minimal ink waste, and is compatible with both rigid and flexible substrates. These advantages make it particularly
suitable for optimizing perovskite formulations and device architectures. In small-scale devices, PCEs exceeding
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Figure 3.1: Blade coating and vacuum quenching process. (a) Schematic of blade coating, where a blade moves
across the substrate to evenly distribute the precursor solution, forming a uniform wet film. (b) Vacuum
quenching setup: the coated substrate is placed in a vacuum chamber where pressure reduction,
combined with gas flow during evacuation, accelerates solvent evaporation, enabling rapid nucleation
and crystallization. (c) Pressure-time curve for vacuum quenching, showing the decrease in chamber
pressure during the process for perovskite wet films prepared with the solvents DMF, GBL, and DMSO.

25% for single-junction devices[297] and 31% for perovskite-silicon tandems[298] have been achieved in solar
cells with blade-coated perovskite thin films, highlighting the method’s potential for high-performance thin films.
Blade coating also serves as a prototype for slot-die coating, a related technique designed for industrial-scale
production. Both methods share the same fundamental principles, but slot-die coating features a continuous
ink supply through a slit in the slot-die head, enabling stabilized and uniform film deposition for large-area
manufacturing, such as roll-to-roll processing.[28, 296, 299, 300] While slot-die coating offers additional control
over wet film thickness through adjustable ink feeding rates, its higher material requirements and more complex
setup make blade coating the preferred choice for lab-scale experiments and prototyping.

In this work, blade coating is performed at room temperature in an ambient atmosphere using a Zehntner ZAA
2300.H automatic film applicator with a ZUA 2000 universal applicator. A blade gap of 100 um is used for the
deposition, with a blade speed of 25mm s~! for perovskite deposition. The HTL layer is coated twice in the

forward direction at a speed of 16 mm s~ 1.

3.1.1.2 Vacuum Quenching

The drying of the deposited perovskite precursor wet film and the subsequent nucleation process are critical steps in
solution-based deposition techniques. To initiate nucleation and crystallization, solvent removal must be carefully
controlled, as the drying dynamics directly affect the quality of the thin film. Quenching methods are widely used
to optimize this process by inducing a rapid increase in supersaturation of the perovskite precursor solution at the
onset of crystallization. This accelerated supersaturation promotes a high nucleation rate, resulting in a densely
packed and homogeneous thin film, which is essential for high-quality perovskite solar cells.[301]
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Commonly used quenching methods include antisolvent quenching, gas quenching, and vacuum quenching.[302—
304] Antisolvent quenching involves applying a secondary solvent to extract the primary solvent and induce
crystallization. While effective for spin-coated devices with small areas, it is challenging to scale up and relies
on toxic solvents.[305-307] Gas quenching, which uses controlled convection of a drying gas over the wet film,
is better suited for roll-to-roll processing, but can deform the wet film at high gas flow rates, particularly when
high-boiling-point solvents are used.[299, 308-310] Vacuum quenching, in contrast, offers scalability and avoids the
use of harmful solvents. By placing the substrate in a vacuum chamber and evacuating the atmosphere to create low
pressure, vacuum quenching accelerates solvent evaporation and promotes rapid nucleation.[303, 311-313] Similar
to gas quenching, vacuum quenching is widely used as an in-line drying method in conjunction with scalable coating
and printing techniques, such as blade coating, spray coating, slot-die coating, and inkjet printing, making it suitable
for both small-area and large-area applications.[303, 304] It achieves high supersaturation rates over large areas and
is primarily applied in batch-to-batch processing.[301] Unlike antisolvent quenching, vacuum quenching eliminates
the need for toxic solvents and avoids deformation of the wet film caused by high gas flow rates, making it more
environmentally friendly and suitable for large-scale applications.[304]

While often assumed to rely solely on solvent evaporation due to reduced pressure, vacuum quenching also benefits
significantly from the gas flow generated during air evacuation, which enhances nucleation and crystallization.[303]
This gas flow creates a favorable drying environment that accelerates supersaturation and promotes high nucleation
density, ensuring the formation of dense perovskite films with minimal defects.[301] The venting process at the end
of quenching and parameters such as chamber pressure, size, pump rate, and duration further influence thin-film
formation.[303] To further enhance solvent extraction, a moderate nitrogen flow can be introduced during evacuation
to increase the rate of solvent removal from the sample surface.[314]

In this work, a vacuum quenching setup is used to obtain high-quality thin films. The system consists of a vacuum
chamber equipped with a rotary valve to control air entry, a butterfly valve to regulate evacuation, and a pump
(first dataset: Agilent TriScroll 600, second dataset: Leybold Trivac D4B) to achieve the desired pressure reduction
(see Figure 3.1b). A Pirani gauge monitors the chamber pressure throughout the process. The substrate is placed
inside the chamber and the pressure is reduced to around 10~! mbar (see Figure 3.1c). The rotary valve introduces
a controlled gas flow during venting, which facilitates final solvent evaporation and accelerates the crystallization
process. To allow photoluminescence measurements during quenching, the vacuum chamber lid is made of acrylic
glass, allowing transmission in the visible and near-infrared range.

Although a significant part of the quenching process is driven by gas flow over the substrate, this technique is
referred to as "vacuum quenching" throughout this thesis, while alternative terms such as "gas-assisted vacuum
quenching" or "vacuum-assisted gas quenching" may also be appropriate. Overall, vacuum quenching combines
rapid solvent removal with controlled nucleation dynamics, providing a scalable approach to producing high-quality
perovskite thin films suitable for both laboratory-scale research and industrial manufacturing.

3.1.1.3 Perovskite Thin-Film Formation

The formation of high-quality perovskite thin films is a critical step in the fabrication of efficient perovskite
solar cells. Multicrystalline thin films with large individual crystals and minimal crystal boundaries are highly
desirable for optimal charge carrier transport and reduced recombination losses. However, while the crystallization
of the perovskite thin film is critical, understanding and precisely controlling the underlying processes remains
a complex challenge. The transformation from a liquid precursor solution to a crystalline thin film involves the
entangled process phases of drying, nucleation, and crystal growth (see Figure 3.2).[28] After the precursor solution
is deposited onto a substrate, the drying phase begins, characterized by solvent extraction from the wet film.
Nucleation starts, during which crystalline seeds form through supersaturation of the solution. This is succeeded
by crystal growth, where the nuclei grow and coalesce into larger crystalline grains.

The nucleation and crystallization processes in perovskite thin films are commonly described based on the solution
concentration over time using the LaMer model.[296, 315, 316] Solvent extraction drives precursor concentration
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Figure 3.2: Entangled phases of perovskite thin-film formation. Illustration of the four key phases during thin-
film formation, extended from [28]: (i) drying phase, during which solvent is extracted, and no
photoluminescence (PL) signal is observed; (ii) nucleation phase, characterized by the formation of
crystalline seeds and the onset of a PL signal; (iii) crystal growth phase, during which nuclei coalesce
into larger grains with a decrease in PL signal due to non-radiative recombination at grain boundaries;
and (iv) final surface morphology phase, during which the thin film develops its final surface roughness
(see Figure 7.4 for correlation between formation phases and acquired PL signals).

above saturation (C;), but nucleation requires exceeding the critical concentration (C.). Above C., both nucleation
and crystal growth occur simultaneously, with higher supersaturation accelerating nucleation. This step can occur
by homogeneous nucleation, where nuclei form spontaneously in the bulk solution, or heterogeneous nucleation,
where pre-existing surfaces or impurities serve as nucleation sites. While continued solvent removal increases
the concentration, the consumption of precursor materials by nucleation and growth causes the concentration
to decrease. Once the concentration falls below C., nucleation stops, but crystal growth continues until the
solution returns to C;.[46, 296] The interplay between nucleation and growth determines the morphology of the
thin film. Slow solvent removal, which keeps the concentration between C4 and C,., leads to limited nucleation
and uncontrolled crystal growth, resulting in incomplete coverage and defect-rich films. In contrast, rapid solvent
removal maintains concentration above the critical threshold C., promoting dense nucleation and ensuring complete
substrate coverage. These densely packed films initially consist of small crystals that grow and coalesce into larger
grains over time.[46, 303]

Growth rate and direction strongly affect grain size and film uniformity, which are critical for minimizing defects and
improving charge carrier transport. Optimizing thin-film formation requires balancing nucleation and growth, as
excessive nucleation creates many small grains, while insufficient nucleation results in poor coverage and irregular
morphology. This process can be influenced by the choice of solvent, environmental conditions, and quenching
methods, which are critical to controlling the crystallization process as they accelerate solvent removal and induce
supersaturation. However, achieving rapid, uniform solvent removal becomes increasingly challenging as substrate
size increases.[296]

In this work, the commonly used phases to describe thin-film formation (drying, nucleation, and crystal growth)[28]
are extended by an additional phase of final surface morphology formation (see Figure 3.2). These four phases
correspond to the in situ photoluminescence transients recorded during vacuum quenching. In phase (i), no PL signal
is observed during drying as the precursor material remains dissolved. Phase (ii) begins with the onset of nucleation,
producing a strong PL signal as perovskite nuclei and small grains form. In phase (iii), the PL signal decreases
due to non-radiative recombination at grain boundaries and reduced photon outcoupling, coinciding with crystal
growth and coalescence. Finally, in phase (iv), the evolution of the PL signal during venting reflects the formation
of the final surface morphology of the thin film, including surface roughness (see Figure 7.4 for correlation between
formation phases and acquired signals).

3.1.2 Vapor Phase Deposition

Next to solution processing, various vapor phase deposition techniques can be used to fabricate homogeneous thin
films. Physical vapor deposition (PVD) refers to vacuum-based processes in which a material transitions from the
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Figure 3.3: Vapor phase deposition techniques used in this work. (a) Thermal sublimation: A material is heated
in a crucible or boat by resistive heating in a high-vacuum environment, causing it to vaporize and
deposit as a thin film on the substrate. The substrate is rotated during deposition to ensure uniformity.
(b) Sputtering: Plasma-assisted argon (Ar) ion bombardment ejects atoms from a solid target, which
deposit on the substrate to form a uniform thin film. A magnetic field enhances plasma density, while
alternating voltage enables sputtering of insulating materials. Both methods are used for deposition of
functional layers needed for solar cell fabrication.

condensed phase to the vapor phase and then deposits as a thin film on a substrate. The two PVD processes used
in this work, thermal sublimation and sputtering, are briefly described below.

3.1.2.1 Thermal Sublimation

Like other PVD processes, thermal sublimation, also known as thermal or resistive evaporation, is performed in a
high-vacuum environment to minimize particle collisions and ensure a high mean free path for sublimed atoms or
molecules. A standard thermal sublimation system consists of three key components: a vacuum chamber, a thermal
source, and a substrate holder. The material to be deposited, typically in a solid state such as powder or lumps, is
placed in a heat-resistant boat or crucible (see Figure 3.3a). The sublimation boat, made of a heat-resistant metal,
conducts high electrical currents to generate the heat required for vaporization. Alternatively, a ceramic crucible
surrounded by a metal wire coil heats up when an electric current is applied. Through resistive heating, the material
is heated to its sublimation temperature, transitioning to the gas phase.[317]

The vaporized atoms follow the sublimation cone in the vacuum chamber and deposit on the cooler substrate
positioned above, forming a thin film. To ensure uniform thickness across the surface, the substrate is rotated
during deposition. The sublimation rate, which is critical to achieving reproducible and precise layer thickness,
is controlled by adjusting the applied current and monitored using oscillating quartz crystal measurements. This
precision makes thermal sublimation particularly well-suited for depositing metals and charge-selective contact
materials. In addition, shadow masks can be used to pattern specific designs directly during sublimation.

In this study, a Coat 320 system from Vactec GmbH is used to achieve reliable and precise coatings under high-
vacuum conditions (around 10~% mbar), ensuring uniform thin-film quality essential for high-performance solar
cell devices.

3.1.2.2 Sputtering

Sputtering uses plasma-assisted ion bombardment to eject individual atoms or molecules from a solid target, which
then deposit onto a substrate to form a thin film. The process is performed in a high-vacuum chamber, which
minimizes particle collisions and ensures precise material transfer. A process gas, typically argon, is ionized
by an electric field applied between an anode and a cathode, producing positively charged ions. These ions are
accelerated toward the target material mounted on the cathode and strike its surface with sufficient force to eject
individual atoms from the target. The ejected atoms move through the vacuum chamber and deposit on the substrate
positioned above, forming a uniform thin film (see Figure 3.3b). Rotation of the substrate during the process ensures
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a homogeneous film across the surface.[317]

A magnetic field can be applied above the target surface to trap electrons near the target, increasing plasma density
and improving ionization and sputtering rates. Radio frequency (RF) sputtering alternates the voltage polarity at
high frequency, enabling the sputtering of insulating materials by preventing charge buildup on the target. The
faster response of lighter electrons to the alternating electric field compared to the slower movement of heavier
ions creates an average negative voltage on the target, similar to DC sputtering. In addition, reactive gases such as
oxygen can be introduced to fabricate materials like transparent conductive oxides (e.g., indium tin oxide). This
flexibility makes sputtering ideal for materials that are challenging to deposit by thermal sublimation, particularly
those that are difficult to vaporize by heating.

In this study, a Pro Line PVD 75 sputtering system from Kurt J. Lesker Company is used to deposit NiO, hole
transport layers.

3.1.3 Solar Cell Architecture and Materials

The following describes the perovskite solar cell architectures used in this work, the materials used to make
them, and how they are manufactured. In planar solar cells, the active layer is sandwiched between two planar
charge carrier selective layers. Depending on the polarity of the charge carrier selective layer on the substrate
side, a distinction is made between "conventional" n-i-p and "inverted" p-i-n architectures. When designing and
fabricating the layer stack of perovskite solar cells, several design criteria have to be considered. For example, it
must be ensured that the layers are deposited on the underlying layer without causing damage. This can be achieved
by using orthogonal solvent systems or buffer layers and ensuring that they can be thermally processed. In addition,
the electron and hole-selective layers must be selected so that their valence and conduction bands are aligned with
those of the absorber or have a high blocking barrier. Furthermore, the thickness of the thin film must be optimized
to reduce electrical transport and reflection losses.

Most of the results presented in this work are based on the inverted p-i-n architecture, which is used in all experiments
based on vacuum quenching (partly chapter 4 and all chapters 5, 6, and 7). Only the results based on laminar gas
flow quenching in the drying channel are obtained with solar cells having the n-i-p structure. Both stacks will now
be discussed:

The p-i-n layer stack consists of the glass substrate, the transparent electrode, the hole transport layer, the perovskite
absorber, the electron transport layer, and the metal electrode. Glass substrates with pre-patterned indium tin
oxide (ITO) are used as front electrodes (Luminescence Technology). For blade coating, 32x64 mm? substrates
are used, which are mechanically cut on the backside and broken into eight standard-size 16x 16 mm? substrates
after absorber deposition for further processing (see Figure 2.8a for the layout of the large-area substrates). The
large-area glass substrates with pre-patterned ITO are cleaned in acetone and isopropanol in an ultrasonic bath for
15 and 5 min, respectively, and an oxygen plasma is applied for 3 min.

The nickel oxide (NiO,,) hole transport layer is sputtered to a thickness of 10 nm (NiO,, target from Kurt J. Lesker
Company, 99.995% metallic purity) using a Pro Line PVD 75 sputtering system from Kurt J. Lesker Company at
1 mTorr process pressure with the process gas argon under RF conditions at 100 W (see Figure 3.4a). After 1 min
low power oxygen plasma treatment, 16 uL. 2PACz solution ( (2-(9H-carbazol-9-yl)ethyl)phosphonic acid, >98%,
TCI Chemicals, 1.5 mgmL ™! in ethanol) is deposited onto the 32x64 mm? substrate by blade coating in ambient
air (= 21 °C, 45% relative humidity) using a Zehntner ZA A 2300.H automatic film applicator in combination with
a ZUA 2000 universal applicator with a blade gap of 100 um. The substrate is coated twice in the forward direction
with 2PACz at a blade speed of 16 mm s~—! and then annealed for 10 min at 100 °C.

The double cation perovskite (DCP) composition Csg 17FA(.s3Pb(Ip.91Bro.09)s is used for the perovskite absorber
layer. The standard solution (0.67 M, 1.0 molar ratio) is prepared by dissolving Pbly (0.875M, TCI Chemicals),
and PbBry (0.125M, TCI Chemicals) in a 4:1 (vol%) mixture of N, N-dimethylformamide (DMF, anhydrous,
Sigma-Aldrich) and dimethyl sulfoxide (DMSO, anhydrous, Sigma-Aldrich). The PbXs solution is then added
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Figure 3.4: Fabrication process of an inverted p-i-n perovskite solar cell. (a) Schematic representation of the
sequential layer-by-layer fabrication of the inverted p-i-n solar cell architecture, starting with a glass
substrate with pre-patterned ITO electrodes, followed by sputtering of NiO,,, blade coating of 2PACz
and the perovskite absorber, and thermal sublimation of Cgy, BCP, and the silver (Ag) electrode. (b)
Tllustration of the final solar cell stack and its layout, detailing the layer stack of glass, ITO, NiO,,
2PACz, perovskite absorber, Cgo, BCP, and Ag. This architecture is used in all experiments involving
vacuum quenching, which is used to generate both datasets.

to CH(NHs)2I (FAL 0.825M, GreatCell Solar) and CsI (0.175M, aber) and then diluted 2:1 (vol%) with -
butyrolactone (GBL, Sigma-Aldrich). To vary the molar ratio as done in chapter 6, i.e., the Pb/A-cation ratio, the
(Csl : FAD):(PbBr; : Pbly)-ratio in the precursor solution is varied from 0.9 (lead deficiency) to 1.1 (lead excess).
For this purpose, the base solutions for the molar ratios 0.9, 1.0, and 1.1 are weighed and then mixed in a ratio
of 1:1 (vol%) to obtain the intermediate molar ratios. To vary the precursor molarity between 0.56 M and 0.84 M,
the amount of solvent added is varied. Starting from the standard molarity of 0.67 M, the other molarities are
obtained by decreasing the amount of total solvent (DMF : DMSO 4:1 (vol%)):GBL 2:1 (vol%)) by 10% and
20%, respectively, and increasing the amount of total solvent by the same percentages.

Using 25 uL of the precursor solution, the perovskite thin film is then blade-coated onto the 32 x 64 mm? substrate
in ambient air using a Zehntner ZA A 2300.H automatic film applicator in combination with a ZUA 2000 universal
applicator with a blade gap of 100 m and a blade speed of 25 mms~!. After blade coating of the perovskite thin
film, the samples are placed in a custom-built chamber for vacuum quenching with a standard duration of 3 min,
unless otherwise specified. After quenching, the chamber is vented with ambient air and the samples are annealed
at 150 °C for 30 min.

The large 32 x 64 mm? substrates are cut into eight 16x 16 mm? samples and finalized into functional solar cells by
thermal sublimation of a 25 nm Cg fullerene electron transport layer (Sigma Aldrich, 98%), a 5 nm bathocuproine
(BCP) buffer layer (Luminescence Technology), and a 100 nm silver (Ag) back contact. By using a shadow mask
during the deposition of the silver back contact, each 16x 16 mm? sample yields four cells with an active area of
10.5 mm? per solar cell. The resulting p-i-n stack consists of glass, ITO, NiO,., 2PACz, DCP, C¢,, BCP, and Ag
(see Figure 3.4b).

In parts of chapter 4, the n-i-p architecture is used, which consists of the glass substrate, the transparent electrode,
the electron transport layer, the perovskite absorber, the hole transport layer, and the metal electrode. The glass
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substrates with pre-patterned ITO (Luminescence Technology) are used as front electrodes. The 64 x64 mm?
substrates are cleaned with acetone and isopropanol in an ultrasonic bath and an oxygen plasma is applied for
3 min. After cleaning, the electron transport layer is deposited by spin coating a 2% colloidal dispersion of SnO»
nanoparticles (Alfa Aesar, diluted from 15%) at 4000 rpm for 30 s with an initial volume of 400uL per substrate.
The coated substrates are annealed at 250 °C for 60 min, after which they are cut into 32x48 mm? substrates. A
second, low power oxygen plasma treatment is applied to these smaller substrates for 1 min.

The perovskite absorber layer, methylammonium lead iodide (MAPI, CH3NH;3Pbls, MAPbI3) is deposited by
blade coating. A 0.75M solution is prepared by dissolving methylammonium iodide (MAI) and lead chloride
(PbCly) in DMF, as well as methylammonium iodide (MAI) and lead acetate trihydrate (Pb(CH3COO)s - 3H50)
in DMF, maintaining a molar ratio of MAIL:Pb of 3:1. After mixing the two individual solutions, the final solution
is blade-coated using a ZUA 2000 universal applicator with a blade gap of 100 xm attached to a stepper motor
that moves the blade across the substrate at 15 mms—!. After deposition, the film is dried for 3 min, followed by
a total of 6 min of annealing using a Peltier module (TRU COMPONENTS TEC1-12715), which includes a 4 min
temperature ramp to stabilization at 100 °C. The edges of the substrates are cleaned with a GBL-soaked Q-tip to
create a 3 mm thick reference frame for subsequent characterization.

The substrates are then cut into 16x 16 mm? samples. The Spiro-OMeTAD hole transport layer is deposited by
spin coating. A solution of 80 mg Spiro-OMeTAD (Luminescence Technology) in 1 mL chlorobenzene is doped
with 28.5 uL. mL~! 4-tert-butylpyridine and 17.5 uL of lithium bis(trifluoromethanesulfonyl)imide (5204g mL~!
in acetonitrile). Each 16x 16 mm? substrate is spin-coated at 4000 rpm for 30's, and the resulting layer is doped
by 12-15 hours of oxygen exposure in air (= 30% humidity). Finally, a 75nm gold (Au) electrode is thermally
sublimed on the substrates using a shadow mask yielding four individual solar cells per sample with an active area
of 10.5 mm? per cell. The resulting n-i-p stack is glass, ITO, SnO2, MAPI, Spiro-OMeTAD, Au.

3.2 Characterization

Experimental measurement techniques are essential to probe and characterize the properties of perovskite thin films
and fully fabricated solar cells. This work aims to establish a link between thin-film quality and the resulting solar
cell efficiency by leveraging measurement data. In this section, the characterization methods used to acquire in situ
data and to quantitatively assess the properties and performance of perovskite solar cells are presented. These
experimental techniques provide both the input data for subsequent data-driven analyses as well as the target labels
for ML models, specifically PV performance metrics and thin film thickness.

3.2.1 Optoelectronic Characterization

Measuring the current density-voltage (J-V) characteristics of a solar cell under standard test conditions is the
fundamental measurement for determining key PV performance metrics such as PCE, Js¢, Voc, and FF (see
section 2.2.2).

For J-V measurements, the solar cells are illuminated with a class AAA 21-channel LED solar simulator (Wavelabs
Solar Metrology Systems Sinus-70) under AM1.5G conditions, which describe the solar spectrum for transmission
through 1.5 times the global air mass, corresponding to an angle of incidence of 48.2° with a light intensity of
100 mW cm~2. For a small subset of solar cells fabricated using laminar gas flow quenching (see chapter 4), a class
AAA xenon lamp-based solar simulator (Newport Oriel Sol3A) is used.

The intensity of the solar simulator is calibrated to the certified Jgc of a silicon reference solar cell filtered
with a KG5 bandpass filter (Newport). The temperature of the solar cells is kept constant at 25 °C throughout
the measurements using a Peltier element controlled by a microcontroller for regulation. A shadow mask with
an aperture size of 7.84 mm? is used to ensure precise area control during illumination. All measurements are
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performed in a nitrogen atmosphere.

A Keithley 2400 source measurement unit is used to measure the current-voltage characteristics electrically. The
J-V curves are recorded in both forward and backward scan directions at a scanning rate of 0.6 V s ! (see Figure 2.3b
for a current density-voltage J-V curve). From these measurements, PCE, Js¢, Vo, and FF are obtained directly,
while Ry and Ry, are calculated from linear fits near Vo and Jg¢, respectively.

Boxplots are used to compare the distributions of PV performance metrics across different data subsets. The box
represents the interquartile range (IQR) from the first to the third quartile, with the median indicated as a black line
and the mean as a white diamond. Whiskers extend to the most extreme data points within 1.5 times the IQR, while
data points beyond the whiskers are marked as outliers.

Due to the light-soaking effect commonly observed in perovskite solar cells, where efficiency improves with
prolonged illumination, three consecutive measurements are made and the best result is included in the dataset.
While the true PCE under constant voltage operation may be systematically lower due to hysteresis and stability
issues, the J-V measurements serve as a reliable method to determine an upper limit of the achievable PCE. This
approach is sufficient to evaluate the potential of ML for predicting PCEs based on in sifu data and allows relative
comparisons between samples.

3.2.2 Profilometry

Profilometry is a technique for characterizing the surface profile, roughness, and thickness of thin films. During
the measurement, a diamond stylus is moved laterally across the sample surface while maintaining direct contact.
Changes in the vertical position of the stylus during the lateral scan are recorded and the measured deflection of the
stylus is used to generate the surface profile.

Thin film thickness measurements are performed by profiling either the edge of a thin film or a dedicated notch
extending to the substrate. The absolute thickness of the thin film is then determined as the height difference
between the thin film surface and the reference substrate surface.

In this work, a Dektak XT profilometer by Bruker is used as an efficient and reliable approach to measure the
thickness of perovskite thin films. For each solar cell active area, three spatially offset profilometer scan lines are
acquired. The spatial average of these scans is used as the thin film thickness label for the solar cells included in
the first generated dataset (see chapter 5).

3.2.3 Photoluminescence

Photoluminescence is a powerful technique for examining the optoelectronic properties of perovskite thin films.
Luminescence occurs when an electron transitions from an excited state to a lower energy ground state, emitting
a photon in the process. Depending on how the electron is excited from the valence band (ground state) to the
conduction band (excited state), the process is classified into different types of luminescence such as photolumi-
nescence and electroluminescence (EL). Photoluminescence involves the absorption of an incident photon with
energy higher than the bandgap, which provides the energy to excite an electron to the excited state. After thermal
relaxation, the electron radiatively recombines with a hole, emitting a photon of lower energy (see Figure 3.5). PL
intensity is influenced by the balance between radiative and non-radiative recombination processes and is strongly
affected by material quality, crystal structure, and composition.[318]

Recombination, where electrons and holes neutralize each other, is central to the optoelectronic performance of
materials. Radiative recombination, also known as band-to-band recombination, occurs when an electron and a
hole recombine while emitting a photon. In contrast, non-radiative recombination mechanisms include Shockley-
Read-Hall (SRH), surface/interface, and Auger recombination, which do not emit photons but represent loss paths
that degrade device performance.[319, 320] For high-quality optoelectronic devices, the unwanted loss mechanism
of non-radiative recombination must be minimized. Reducing non-radiative recombination increases radiative
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Figure 3.5: Band diagram and photoluminescence (PL) spectrum of a perovskite thin film. (a) Schematic repre-
sentation of photoluminescence, showing excitation of an electron from the valence band (Ev) to the
conduction band (Ec), followed by thermal relaxation and radiative recombination, emitting a photon
with lower energy. (b) Excitation spectrum (467 nm center wavelength) and PL emission spectrum of
a perovskite thin film, combined with the transmission characteristics of various spectral filter combi-
nations used in this work.

recombination, indicating good material quality and efficient light-harvesting capability.[321] The charge carrier
density in a perovskite thin film is described by the rate equation

% = —an — bn? — en®, (3.1)
where 7 is the charge carrier density and a, b, and c are the rate constants for the respective fundamental recombi-
nation processes, with the exponents indicating the number of charge carriers involved in each mechanism. SRH
recombination is a trap-assisted process, caused by defects within the bandgap, where charge carriers are trapped
by defect states and recombine non-radiatively. SRH recombination is characterized by the rate constant a because
it involves a single charge carrier interacting with the defect states. Second-order recombination, expressed by rate
constant b, arises from radiative bulk recombination, which reflects good absorber quality, and non-radiative inter-
face recombination, which depends on factors like interfacial trap density and band misalignment.[322] Since high
PL intensity indicates low non-radiative recombination losses, radiative recombination is often used as a benchmark
for material quality. Non-radiative bimolecular recombination at interfaces complicates interpretation and can
significantly impact recombination rates, particularly in systems with unoptimized interfaces. Auger recombination
is a higher-order process involving three carriers, expressed by the rate constant ¢, where the recombination energy
is transferred to a third carrier that thermalizes without photon emission. In perovskite solar cells, non-radiative
SRH recombination and interfacial recombination are the primary mechanisms responsible for losses in perovskite
solar cells, while Auger recombination is negligible under standard solar irradiation but becomes relevant at much
higher irradiation intensities due to very high carrier densities.[323]

Radiative recombination, as the inverse process of photon absorption, is intrinsically linked to the light-harvesting
ability of the material.[321] However, radiative recombination directly competes with non-radiative processes,
which act as loss mechanisms in perovskite semiconductors.[324] To enhance solar cell performance, it is essential
to minimize non-radiative recombination pathways, such as SRH and interfacial recombination while maximizing
radiative recombination.[323] A high radiative recombination rate indicates a strong ability to absorb light, which is
critical as absorption drives charge carrier generation, combined with reduced non-radiative recombination, which
limits the charge carrier loss and allows for improved charge carrier extraction during operation.

PL serves as an indicator of perovskite material quality because its intensity is influenced by the balance between
radiative and non-radiative recombination.[325] A high PL signal reflects low non-radiative recombination losses
and, consequently, fewer defects in the material. This makes PL a powerful tool for evaluating the optoelectronic
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properties of perovskite thin films. However, the interpretation of absolute PL. measurements is challenging be-
cause the captured PL intensity is affected by photon outcoupling, surface roughness, scattering, interfaces, and
temperature effects, which complicate data interpretation.[326-329]

3.2.3.1 Luminescence Imaging

Conventional PL spot measurements average the PL response over a single excitation area, limiting their ability to
resolve spatial variations. In contrast, PL imaging provides spatially resolved data over the entire sample, allowing
direct visualization of uniformity, defect distribution, and optoelectronic quality in perovskite thin films and solar
cells.[229] Rather than assuming that a single spot represents the entire sample, PL imaging captures spatial hetero-
geneities that manifest at multiple scales from microscopic features like crystallites, grain boundaries, and composi-
tional variations to macroscopic effects such as series resistance gradients or interfacial non-uniformities.[330, 331]
These inhomogeneities, often caused by processing or residual particles, highlight the need for spatially resolved
characterization to optimize fabrication processes and device performance.

While PL spot measurements provide insight into charge carrier recombination and material quality, PL imaging
extends this concept by spatially resolving the luminescence across a perovskite film or device, providing a visual
and qualitative assessment of optoelectronic properties. In practice, PL imaging involves uniformly exciting the per-
ovskite sample with a laser or LED and detecting the emitted PL signal with a camera equipped with spectral filters
to filter out the excitation wavelength and isolate the PL signal. The resulting intensity images reveal local defects,
depending on the resolution of the setup, crystallites and grain boundaries, or large-area thin film inhomogeneities,
pinholes, and cracks. For perovskite solar cells, this technique identifies regions of non-radiative recombination,
correlates morphological features with optoelectronic losses, and assesses thin film uniformity. Unlike point-based
PL measurements, large-area PL imaging provides a spatially resolved macroscopic view of the entire sample,
enabling rapid, non-destructive screening of large thin films by quantifying spatial heterogeneity, which is critical
for optimizing scalable fabrication processes needed for commercialization.

Unlike mapping or scanning methods, which acquire data point-by-point and are time-consuming over large areas,
PL imaging captures spatially resolved data over the entire sample in a single acquisition. This provides a fast,
global view of spatial heterogeneities, enabling the identification of defects, non-uniformities, and optoelectronic
properties with significantly reduced measurement time. While scanning is impractical for large-area imaging and
applications in high-throughput production lines, the rapid characterization and large-area coverage of PL imaging
makes it particularly advantageous for in situ process monitoring and quality control in scalable fabrication pro-
cesses.

While PL imaging is a powerful tool for characterizing perovskite thin films and solar cells, it comes with some
challenges and limitations. The ability to image large substrates inherently limits resolution, preventing the capture
of microscopic details such as grain boundaries or sub-micron defects. In addition, PL. imaging primarily probes
near-surface regions due to the limited penetration depth of higher-energy photons, which can range from tens to
a few hundred nanometers, while lower-energy photons may not be absorbed if their energy is insufficient for the
material’s bandgap.[332] Artifacts such as reflections, scattering from rough surfaces, or inhomogeneous excitation
alter PL images and complicate data interpretation. Furthermore, the time-dependent variations of PL signals
introduce an additional layer of complexity. Luminescence can vary over time due to factors like light soaking,
trap filling, and ionic defect transport.[333] This makes the timing of image acquisition critical, as these dynamic
processes can affect the observed PL intensity and complicate the correlation of PL signals with material and device
properties.

Accordingly, quantitative interpretation of PL image data is complex because PL intensity is affected not only
by material quality, but also by factors such as surface roughness, optical effects, and measurement conditions.
However, the acquisition of transient in sifu data during material formation, combined with data-driven evaluation,
provides an approach to correlate PL data with material quality and device performance. In this work, a monochrome
SCMOS camera with a lens mounted on an aluminum frame is used next to two angled blue LED bars for sample

42



3.2 Characterization

excitation, while spectral filters prevent reflected excitation light from reaching the camera. A detailed description
of the setup is given in section 4.2.

3.2.3.2 Photoluminescence Versus Electroluminescence

In contrast to PL, where an absorbed incident photon provides the energy to excite the electron to an excited state,
electroluminescence involves exciting electrons by applying an external electrical voltage at the contacts, which
provides the energy to excited the electron to an excited state. Instead of relying on optical excitation, EL imaging
involves applying an external voltage to inject charge carriers, causing radiative recombination and photon emission
from the device.

PL and EL imaging are often used in complementary roles in the characterization of perovskite solar cells, provid-
ing insight into different aspects of material quality and device performance.[334] PL imaging is primarily used to
investigate the optical and electronic properties of perovskite thin films. It allows the detection of defects, variations
in material quality, and the assessment of uniformity across the absorber layer. Because PL imaging does not require
electrical contacts, it is particularly advantageous for characterizing films in the early stages of fabrication, making
it a non-invasive tool for monitoring process variations and optimizing deposition techniques. This flexibility allows
PL imaging to be applied at any stage of device fabrication, from initial thin-film formation to fully processed solar
cells.[334] In contrast, EL imaging is used to examine fully processed solar cells under electrical excitation. This
makes EL particularly useful for detecting electrical defects such as shunt paths and series resistance variations
that affect charge transport. In addition, EL imaging provides information about the entire device stack, including
transport layers and interfaces, since the luminescence response depends on charge injection at the contacts.

The experimental setup for EL imaging is simpler than that for PL imaging because it does not require uniform
optical excitation or spectral filtering, but it does require electrical contacts, which limits its application to finished
devices. In contrast, PL does not need contacts, allowing early, non-destructive material evaluation at any stage
of fabrication. Because of their different strengths, PL and EL imaging are often used in combination to obtain
a comprehensive understanding of perovskite solar cells. PL imaging provides crucial insights into the intrinsic
optoelectronic properties of the absorber, while EL imaging reveals electrical losses and transport-related issues in
functional devices.[320]

While both PL and EL signals are affected by the balance between radiative and non-radiative recombination, the
signal intensities are also influenced by distinct factors. In PL imaging, the crystal quality and uniformity of the
perovskite layer primarily determine the local charge carrier concentration and, consequently, the observed lumi-
nescence. Radiative recombination competes with several non-radiative pathways, meaning that spatial variations
in PL intensity may reflect differences in defect density, trap states, or surface roughness, which affects photon
outcoupling.[320] A brighter PL signal typically indicates lower defect density and higher local carrier populations,
whereas PL quenching results from non-radiative centers, high surface recombination, or poor perovskite film
quality.

EL imaging, in contrast, relies on the electrical injection of charge carriers and is influenced not only by the intrinsic
quality of the perovskite absorber but also by the properties of the transport layers, the interface resistances, and
the overall device stack design.[335] High series resistance, for example due to poor interfaces, hinders carrier
injection and therefore reduces EL intensity without necessarily affecting PL. As a result, EL images reveal resistive
losses due to series and shunt resistances rather than purely optical or morphological non-uniformities. However,
severe shunting can quench both PL and EL due to excessive non-radiative recombination pathways. In addition,
high non-radiative bulk and surface recombination reduces both PL and EL signals, underscoring the importance
of high-quality perovskite films and optimized interfaces to ensure reliable device performance.

Luminescence imaging has long been established as a powerful characterization method for silicon photovoltaics
and is increasingly adopted in perovskite solar cell research.[336] The technique allows the extraction of parameters
including correlations between luminescence intensity and QFLS[337], spatial mapping of non-radiative recombi-
nation centers[338], determination of local series resistance[339], and detection of bandgap variations across the
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absorber.[340] Because of its non-destructive nature and ability to provide rapid, spatially resolved measurements,
in particular, PL imaging is well suited for in-line quality control during industrial-scale production, which is
necessary for the successful commercialization of perovskite PV technology.
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4 In Situ Multi-Channel Imaging of Perovskite Thin
Films

In this chapter, a novel imaging technique for large-area characterization of perovskite thin films is established
and applied to in situ monitoring of perovskite thin-film formation from solution (research objective I). Achieving
uniform, defect-free thin films over large areas is critical to maintaining high PCEs as PSC fabrication is scaled
from laboratory scale to industrial production. In situ photoluminescence and diffuse reflection imaging (IPDRI)
addresses this challenge by enabling in situ monitoring of thin-film formation with spatial, temporal, and spectral
resolution. Designed for large-area imaging characterization of perovskite thin films, IPDRI allows detection and
analysis of morphological inhomogeneities and defects, such as pinholes and absorber quality variations, which
can significantly affect device performance. In addition to exsitu studies of deposited perovskite thin films, the
system’s ability to monitor the dynamic processes in situ during the complex thin-film formation phases of drying,
nucleation, and crystal growth under different quenching conditions, i.e., vacuum and laminar airflow quenching,
is investigated. It is shown that IPDRI can discriminate between different quenching parameters, allowing process
optimization and control in industrial production lines.

Parts of this chapter were published in the research article "Correlative In Situ Multichannel Imaging for Large-Area
Monitoring of Morphology Formation in Solution-Processed Perovskite Layers", Solar RRL 6.3 (2021), by Simon
Ternes (S.T.)*, Felix Laufer (F.L.)*, Philip Scharfer, Wilhelm Schabel, Bryce S. Richards, lan A. Howard, and
Ulrich W. Paetzold. In situ multichannel imaging was developed in close collaboration with Simon Ternes.[341]
S.T. and F.L. contributed equally to this work. The initial proof of concept for luminescence imaging was outlined
in [342]. Some figures in this chapter were adapted with permission from [341].

F.L. contributed to this project by co-developing the methodology, leading data curation, software implementation,
formal analysis, and visualization, while also making significant contributions to experimental investigations, result
validation, and manuscript review. The contributions of all authors according to the CRediT system are listed in
Table A.2.

The characterization method showcased in this chapter has already been used in multiple publications to in-

vestigate various research questions in the field of perovskite-based photovoltaics at KIT.[304, 314, 326, 341,
343-352]
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4.1 Motivation

On laboratory scales, highly efficient perovskite solar cells have reached PCEs exceeding 26%[17-19], but for
successful commercialization, the perovskite PV technology has to be transferred to large areas. Fabrication
methods that enable state-of-the-art devices on small areas, namely spin coating, cannot be used for deposition
on industrial-relevant areas. Accordingly, scalable techniques have to be used for depositing the solar cell layer
stack, including the perovskite absorber thin film.[28] However, PCEs of large-area PSC fabricated with scalable
methods still lag behind the highly efficient smaller counterparts, as evident by a decrease in PCE when the area
is scaled up (see Figure 1.2c). For example, the decrease in PCE over aperture area can be extracted from the
Solar cell efficiency tables by Martin Green et al.[14], which are consolidated tables showing an extensive listing of
the highest independently confirmed efficiencies for solar cells and modules. For perovskite single-junction solar
cells, the PCE drops from over 26% on small areas [18, 19] to 19.2% on 1027 cm? (SolaEon[14]) and to 15.0% on
7906 cm? (Microquanta[14]). The record PCE of perovskite/Si tandems decreases from 34.6%[353] to 25.8% on
2054 cm? (LONGiI[14]).

One of the most critical challenges when scaling up perovskite fabrication is the deposition of high-quality and
reproducible perovskite thin films on large areas. To achieve highly efficient large-area PSCs, smooth and pinhole-
free perovskite thin films with large grains, high crystallinity, and uniform stoichiometry have to be deposited across
large areas while also incorporating low surface roughness and uniform coverage of the entire substrate.[23, 27]
As with other thin-film photovoltaic technologies[354], morphological defects in the absorber layer, shunt paths,
micro-cracks, and material inconsistencies must be avoided. As the cell area increases, the likelihood of defects,
such as parasitic shunts, increases due to the greater opportunity for imperfections to occur during the manufac-
turing process, and a single defect can potentially shunt an entire cell or degrade its performance by facilitating
non-radiative recombination.[341, 343, 355] Therefore, these morphological defects and material inconsistencies
must be diligently circumvented or promptly identified, both in research laboratory environments and in industrial
fabrication processes. While the focus of this work is placed on scalable perovskite processing from solution,
monitoring of the thin-film formation is of paramount importance for both promising approaches for upscaling
perovskite thin film deposition, namely thermal evaporation and solution-based deposition.

In order to assess the quality of perovskite thin films, ex sifu and in situ techniques are necessary for characterization.
Ex situ methods are used after the experimental process, i.e., after annealing during which the perovskite thin films
have undergone crystallization. In contrast, in sifu methods are used during the experimental process, i.e., during
the drying and crystallization stages of the perovskite thin-film formation. For ex situ characterization of perovskite
thin films, different imaging techniques like optical microscopy, scanning electron microscopy (SEM), atomic
force microscopy (AFM), and whitelight interferometry (WLI) already allow spatially resolved investigations of the
large-area perovskite thin film morphology. However, the formation of perovskite thin films from solution with its
entangled phases of drying, nucleation, and crystal growth represents one of the most critical processing steps for
solution-based deposition. Consequently, this process must be monitored, characterized, and controlled in order
to obtain high-quality large-area optoelectronic perovskite thin films (see section 3.1.1.3 for more details on the
thin-film formation).[28, 356] Since only in situ techniques allow monitoring the formation of perovskite thin films
from precursors solution, spatially resolved in sifu characterization methods are essential as a complement to ex situ
techniques.

X-ray-based characterization techniques like X-ray diffraction (XRD) and grazing incidence wide-angle X-ray scat-
tering (GIWAXS) are powerful techniques for in situ investigation of perovskite crystal structure evolution.[357—
365] However, insitu imaging of large areas with these techniques is challenging. Insifu transmission electron
microscopy (TEM)[366, 367] allows monitoring the morphology formation of perovskite thin films, but is also
impractical for use in industrial production lines. In contrast, optical characterization techniques using photons
in the UV to near-infrared range have been successfully implemented in production environments. For instance,
photoluminescence imaging can be conducted under ambient conditions and has already been applied to Si- and
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Cu(In,Ga)Sey photovoltaics[336, 368]. In perovskite PV research, next to thermography[369, 370] in the long-
infrared range, also characterization methods in the optical wavelengths range are applied in sifu, namely (i) in situ
Raman spectroscopy[371, 372], (ii) in situ absorption and reflection measurements[304, 373-382], and (iii) in situ
photoluminescence techniques[364, 374, 377, 381-386]. In addition to being easily applicable for monitoring
deposition processes such as spin coating[374, 383, 387] and blade coating[388, 389], these techniques can be
adapted to provide large-area imaging information using high-power light-emitting diodes as excitation sources
and cameras as detectors. Already established in Si[336], GaAs[390], CdTe[391], and CIGS[392] photovoltaics,
luminescence and reflection imaging methods also provide valuable insight into the quality of perovskite thin films
and allow correlating the imaging data with the PCE of the corresponding devices.[334, 335, 339, 393, 394]
Although integration of in situ large-area characterization tools into fabrication environments is essential for (in-
dustrial) production in-line quality control, this topic only has been "subject of a small number of scientific studies
so far, indicating that much more research interest and investments have to be done on this topic" (see review
article on in situ characterization of perovskite solar cells[395]). Since insitu PL has great potential to monitor,
control and research the perovskite thin-film formation[341, 374, 377, 378, 382], in situ PL imaging is used to gain
insight into the complex fabrication process. Accordingly, a novel imaging technique for large-area characterization
of perovskite thin films is established and applied for in sifu monitoring of perovskite thin-film formation from
solution (research objective I).[341] While there was literature on in situ PL imaging microscopy for characterizing
charge carrier dynamics in perovskite thin films on small scales[396—400], at the time of publication, there was
no published technique combining large-area imaging capability with real-time in situ operation for monitoring the
perovskite formation.

The in situ photoluminescence and diffuse reflection imaging (IPDRI) system is designed to fulfill essential require-
ments for large-area in situ characterization of the perovskite thin-film formation:

1. Large-Area Imaging: The system captures high-resolution images over large substrates, enabling direct
transfer to industrial-scale production while resolving morphological thin-film features in detail.

2. High Temporal Resolution: With sub-second temporal resolution, the system tracks rapid changes during
key phases of thin-film formation, including drying, nucleation, and crystal growth.

3. Versatile Application: The system is adaptable for both in situ and ex situ applications, supporting real-time
process monitoring and detailed post-process analysis.

4. Multi-Channel Monitoring: The system uses multiple channels to monitor reflection, photoluminescence
intensity, and approximate peak wavelength, providing comprehensive spatial, temporal, and spectral data.

5. Non-Invasive Measurements: The system ensures measurements do not alter or damage samples, main-
taining the integrity of the perovskite films.

6. Ambient Operation: Designed to operate effectively in ambient environments, the system can be integrated
directly into production lines without the need for specialized environmental controls such as vacuum.

The IPDRI system satisfies the critical requirements for scalable, non-invasive, large-area in situ characterization,
making it a valuable tool for advancing perovskite solar cell development in both academic research and industrial
settings.[341] The following sections introduce the capabilities of the IPDRI system, beginning with its use
in exsitu investigations. First, the system’s ability to examine large-area blade-coated perovskite thin films is
demonstrated using reflection, photoluminescence, and PL peak wavelength imaging. It is discussed how IPDRI
facilitates the localization and classification of inhomogeneities, and how detected defects can be correlated with
device performance. Next, ex situ photoluminescence images are compared to electroluminescence imaging for the
characterization of perovskite-perovskite tandem solar modules. Two use cases of in sifu monitoring of large-area
substrates are then presented investigating temporal changes during (i) vacuum quenching of blade-coated perovskite
thin films and (ii) drying of blade-coated perovskite thin films in a laminar airflow channel. Finally, the potential of
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IPDRI for identifying process parameter variations and its suitability as a tool for in-line monitoring of large-area
PSC production lines is discussed.

4.2 Spatially Resolved Characterization with Multi-Channel
Imaging

The established method generates data with spatial, temporal, and spectral resolution. This section focuses on the
system’s large-area imaging capabilities, examining the various aspects of (ex situ) multi-channel imaging. Initially,
blade-coated perovskite thin films are investigated using reflection and photoluminescence images captured by
the system, as well as calculated approximations of PL peak wavelength images. Subsequently, the investigation
is extended to encompass entire PSC devices, with a discussion of the potential of electroluminescence. The
information contained in temporal data obtained during in situ experiments is addressed in the following section
(see section 4.3).

4.2.1 Setup: Photoluminescence and Diffuse Reflection Imaging

In order to meet the above requirements, a modular multi-channel imaging setup has been established that allows
in situ monitoring of the perovskite thin-film formation from solution with spatial, temporal, and spectral resolution.
To realize multi-channel imaging, the main components are a camera, an excitation source, and various filters with
different spectral transmission (see Figure 4.1). Accordingly, a monochrome sCMOS camera (CS2100M-USB
Quantalux, 1920 x 1080 pixels, Thorlabs) is equipped with a lens (MVL25M23, Thorlabs) and mounted on a
scaffolding made of aluminum rails. Two blue LED bars (LDL2, 146X30BL2-WD, CCS Inc.) are mounted in
parallel and tilted towards each other. The samples are illuminated (=0.08 suns, 467 nm center wavelength) without
visible reflections of the LED bars in the images captured by the camera. The spectral filters are placed between the
camera and the excitation LEDs to filter out residual, reflected excitation light. To quickly change the filter used for

filter wheel ——

S

LED bars —

substrate —

Figure 4.1: Schematic of the multi-channel imaging system. Two slightly tilted blue LED bars illuminate and excite
the sample. The reflected excitation light and the emitted PL pass through optical filters and are captured
by the camera. By synchronizing the camera trigger with the rotation of the wheel carrying different
spectral filters, the IPDRI system acquires time series of images with four different channels, namely
one reflection channel and three differently filtered PL channels (see Figure A.2a and Figure A.2b for
photographs of the setup mounted on a vacuum quenching chamber and on a laminar gas flow channel).
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image acquisition, the filters are placed in a rotating wheel. A microcontroller (Arduino Uno Rev3 combined with
a camera trigger board (TSI-IOBOB2, Thorlabs) and a stepper motor driver board (Motor Shield Rev3, Arduino))
is used to synchronize the filter wheel’s rotation (180 rpm) with the camera’s trigger (10 ms exposure time).

To enable IPDRI, the four different spots in the filter wheel are equipped with: (1) a 725 nm longpass (Edmund
Optics, stacked below a 620 nm longpass, RG620, Thorlabs), (2) a 780 nm longpass (RG780, Thorlabs, stacked
above a 715 nm longpass, RG715, Thorlabs), (3) a 775 nm shortpass combined with a 665 nm longpass (Edmund
Optics and RG665, Thorlabs), and (4) an adjustable transmission neutral density filter (two stacked linear polarizers
LPVISE200-A, Thorlabs). This results in four channels capturing different parts of the reflected excitation spectrum
and of the emitted PL spectrum (see Figure 3.5a for spectral transmission of the channels). Since the PL emission
peak of the perovskite used in this work is at around 780 nm, channel (1) captures the entire PL spectrum and the
reflected excitation light is filtered out. Channels (2) and (3) also detect the PL signal, but only the long and short
wavelength portions of the emitted PL spectrum, respectively, whose data is needed to approximate the PL peak
wavelength. In channel (4), the excitation light is not filtered out, resulting in the acquisition of images showing the
intensity of the diffuse reflection (Rg; ).

Accordingly, the IPDRI system allows to capture the thin-film formation with spatial, temporal, and spectral
resolution by providing image sequences with a frame rate of three frames per second, i.e., videos, of the diffuse
reflection (one channel) and the PL intensity (three channels). The additional PL peak wavelength approximation
channel is calculated from the three spectrally filtered PL channels.

4.2.2 Photoluminescence Peak Wavelength Imaging

Given the monochrome camera, only images of intensity values can be captured by the camera. Through implemen-
tation of the rotating filter wheel, the setup allows capturing four channels acquired through filters with different
spectral transmission. While one channel captures the reflection signal, a dedicated choice of the remaining three
filters allows calculating images which spatially resolve the PL peak wavelength emitted from the investigated
sample. The calculation of the PL peak wavelength images from three single PL images is performed by using the
method introduced by Chen et al.[340]

The method takes advantage of the fact that the three PL images differ slightly from each other, since the differences
in spectral transmission of the filters result in different spectral portions of the PL spectrum being captured in
the three channels. The image acquired through the 725 nm longpass filter is divided once by the image acquired
through the 780 nm longpass and once by the image acquired through the 775 nm shortpass, yielding "images" of
two ratios Ry = Irp725nm/ILp 7sonm and Re = I p7osnm/Isp775nm. For each image pixel, these two ratios
Ry and Ry are calculated and compared to two previously generated tables containing the R; and Ry values of
simulated PL peaks with varying values of peak wavelength (\y) and full width at half maximum (F'W H M). The
calculated PL peak wavelength of each image pixel corresponds to the value of A of the tuple (Ao, F'W H M) whose
simulated R; and Ry values are closest to the experimentally generated R; and Ry values obtained by dividing the
original PL images. Assuming the perovskite PL spectra can be reasonably fitted with a Gaussian distribution, the
look-up tables are generated by simulating R1 = I1.p 7950m/I1 P 780nm and Ro = I p 795nm/Lsp 7750m for a range
of (\o, FW H M) with

Ifilte’r =AXx /GauSSianAo,FWHM()\> X Rcamera()\) X Eens()\) X Tfilter()\) dA (4])

where 1146, is the intensity captured by the camera through the filter, Reamera (M) is the spectral response of
the camera, Tj.ps (M) the transmission of the camera lens, and T'f;ze (M) the transmission of the corresponding
spectral filter or the stack of spectral filters, respectively. The intensity scaling factor A would have to be calibrated
to convert the luminescence intensity into the absolute photon number but cancels out when generating the ratio
Ry and R».[340]

The Gaussian distribution is chosen since perovskite PL spectra typically exhibit a symmetric, bell-shaped profile,
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Figure 4.2: Exemplary images of blade-coated DCP thin films after vacuum quenching (coating direction left to
right). The diffuse reflection and the PL images (shown here: 725 nm longpass channel) are obtained as
raw data from the camera while the PL peak wavelength images are calculated from the three spectrally
different PL images. Multi-channel imaging provides a comprehensive assessment of the homogeneity
of the perovskite thin films, as the different channels resolve different defects and thin film properties.

making it a reasonable and widely used assumption for modeling emission spectra. Deviations from this assumption,
for example, due to multiple PL peaks or inhomogeneous broadening caused by phase segregation, can introduce
errors in the calculated PL peak wavelengths. In addition, if the selected filters are not optimized for the investigated
bandgap, they can distort the calculated PL peak wavelength.[340]

In addition to the reflection and PL images, the calculated images of the spatial distribution of the PL peak wavelength
provide additional insight into the investigated thin film. Since the PL peak corresponds to the absorption threshold
and is therefore considered to be an approximation of the optical bandgap of the material, the additional channel
extends the imaging capabilities of the IPDRI setup for characterization of large-area perovskite thin films. It
should be noted that the PL spectrum and therefore its peak wavelength is a superposition of directly emitted PL
and reabsorbed, red-shifted scattered PL, which affects the PL spectrum and leads to slight deviations of the PL
peak wavelength from the actual bandgap of the material.[327, 401-405]. However, the extension of Chen et al.’s
method[340] by rapid filter exchange using a rotating wheel allows the quick generation of spectral images and is
therefore considered a low-cost alternative to hyperspectral luminescence imaging setups[406], which can also be
applied in situ with its sub-second temporal resolution.
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4.2.3 Detection of Thin Film Inhomogeneities and Defects

To showcase the large-area monitoring capabilities of the IPDRI system, ex sifu measurements of various large blade-
coated double cation perovskite (DCP, Csg.17FA.s3Pb(I.91Brg.09)3) thin films (32 x 64 mm?) are investigated after
vacuum quenching and the images of the different channels are compared (see Figure 4.2). Due to the large-area
acquisition (spatial resolution ~53 pm), the system allows localizing morphological inhomogeneities and defects.
The observed coating inhomogeneities are categorized into three groups: (i) severe pinholes/particles, (ii) absorber
quality defects/sub-surface defects, and (iii) minor thickness variations.[341] Pinholes, e.g., caused by particles,
are visible in both reflection and PL images (see in Figure 4.2 on sample 2 middle-left, sample 3 bottom-right,
and sample 5 bottom-right). Local inhomogeneities in absorber semiconductor quality and sub-surface defects are
mainly visible in the PL channels as dark spots caused by quenched PL intensity (see in Figure 4.2 on sample 3
bottom-left and sample 4 middle-center). These local absorber quality inhomogeneities are not visible in reflection
images or other ex situ measurement techniques like WLI. Minor thickness variations are also more pronounced
in the PL images, indicated by slight variations in PL intensity and can be confirmed with ex situ WLI.[341] The
stronger correlation between absorber thickness and absorber quality (represented through devices’ PCEs) with PL
intensity is further substantiated by the findings presented in section 5.6, which demonstrate the superior predictive
capacity of the PL intensity signal in comparison to reflection intensity (see Figure 5.15). However, other optical
effects are best visible in the reflection channel. Voids between the perovskite thin film and the underlying hole
transport layer[407] are most strongly visible in reflection images as dark spots (see in Figure 4.2 all samples).
Also, differences in surface roughness are differentiable in the reflection images. Since the IPDRI setup captures
only diffuse and no specular reflection, increased surface roughness leads to higher reflection intensity due to more
scattering of the excitation light at the sample surface (see Figure 6.24). In the PL peak wavelength channel,
inhomogeneities in the form of pinholes are detectable. Also, areas of higher PL peak wavelength can be attributed
to locally increased surface roughness leading to more outcoupling of red-shifted PL that was initially trapped
before coupling out upon scattering.[327]

In summary, reflection images resolve many defects as morphological features, but the additional PL imaging reveals
slightly more defects than reflection imaging alone, highlighting the importance of combining the benefits of PL
and reflection imaging. However, while ex situ measurements allow the qualitative study of large-area thin film
morphology, the IPDRI setup, and in particular the information provided by PL peak wavelength imaging, provides
additional insight when applied in situ during material formation while the properties of the thin films are still
changing. Accordingly, the in situ capabilities of the setup are discussed in section 4.3.

4.2.4 Correlating Defects in Perovskite Thin Films with Device Performance

Having showcased the ability to image and detect thin film inhomogeneities and defects, the morphological features
detected by IPDRI are correlated with the performance of devices built incorporating these thin films. To correlate
the thin film morphology with device performance, a dataset was generated containing 132 solar cells processed
using constant fabrication parameters to investigate IPDRI capabilities of identifying defects occurring due to
unintended process deviations.[341] The blade-coated thin films were quenched, i.e., dried, using laminar airflow
and the entire process was monitored using the IPDRI system, yielding two sets of PL and reflection images obtained
at two different points in time, namely in sifu images (acquired at the time of maximum PL intensity) and ex situ
images (acquired at the end of the annealing process).

Investigating the morphology, e.g., finding defects, in the image patches associated to the perovskite thin film
locations of the active areas (see Figure 2.8a) enables correlating the morphology with the performance of the
corresponding solar cell. Devices having PCEs exceeding 15% are mainly associated with active areas that are free
from detectable defects. On average, the detection of a defect in the active area of a solar cell results in poorer device
performance. The previously defined categories of inhomogeneities are investigated in more detail: (i) Pinholes
negatively affect all PV performance parameters, preventing optimal device performance and often creating shunts
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that result in not working, shorted solar cells. (ii) Absorber quality variations lead to a considerably lower V¢ and
lower FF due to increased non-radiative recombination resulting in a PCE drop below 10% for most devices. (iii)
Thickness variations mostly lead to devices with PCEs between 10% and 15% caused by a decrease in FF due to
inhomogeneous excited charge carrier diffusion.

However, the correlation is not always confirmed and a more detailed analysis is performed using only solar cells
with PCEs below 10%.[341] Only 9 out of 86 low-performing solar cells (PCE < 10%) were categorized as having no
irregularities in the IPDRI images (false negatives). This suggests that IPDRI can be a valuable tool for identifying
potentially defective thin film areas, as the number of false negatives can also be increased by PCE drops caused by
subsequent processing problems and adjacent layers of the device, and therefore undetectable when only monitoring
the absorber layer. However, IPDRI also detects many irregularities (24% of total devices) that do not cause the PCE
to drop below 10% (false positives). While detected (i) pinholes always lead to a reduced PCE and identified (ii)
absorber quality inhomogeneities decrease the PCE below 10% in about 80% of all cases, only half of the devices
categorized as (iii) thickness variations show inferior PCEs of less than 10%. The high number of false positives
for (iii) thickness variation indicates that this category of identified defects does not contain sufficient information
to decide whether the corresponding device is expected to have a high PCE or not. But since the combined false
positive rate of categories (i) and (ii) is quite low (2 out of 55 devices), it is concluded that IPDRI can be used to
identify most of the severe defects that result in non-functional solar cells (see [341, 408] for more details).

The goal of the correlation task is to reduce the number of false negatives and false positives as much as possible.
The reduction of false negatives, i.e., the cases where no defect is detected but the device performance is poor, is
influenced by the fact that the PCE of the device is impacted by several processing steps after the perovskite layer.
This leads to cases where a decrease in PCE is caused by subsequent processing of the device while IPDRI images
still show high-quality perovskite thin films without processing defects. This limitation can only be tackled by
introducing additional setups to monitor the deposition of the preceding and subsequent layers. The false positive
rate, i.e., the cases where a defect is detected but the corresponding device still performs well, can be improved
by implementing a more sophisticated defect classification, e.g., based on the temporal evolution of the signals
acquired by IPDRI during the thin-film formation. In addition to defect classification, (in siti) data can be used to
perform PCE prediction (see section 4.3 for temporal data and chapter 5 for more details analysis using machine
learning).

4.2.5 Electroluminescence Imaging

The demonstration of IPDRI’s ability for large-area photo- and electroluminescence imaging of two-terminal
all-perovskite tandem solar modules was made possible only by Bahram Abdollahi Nejand and coworkers who
fabricated the solar modules and provided them for characterization.[314]

Photoluminescence imaging allows large-area characterization of the optical properties of the perovskite thin
film and identification of thin film inhomogeneities and defects in the early stages of solar cell fabrication. In
contrast, electroluminescence imaging is primarily used to detect electrical defects such as shunts and increased
series resistance in fully fabricated solar cells.[320] While PL imaging relies on optical excitation to induce light
emission as charge carriers relax from excited states, EL imaging uses an external voltage to inject charge carriers,
which then emit light upon recombination (see Figure 4.3a and Figure 4.3b). While PL imaging can be performed
on individual perovskite thin films, allowing in-line characterization of thin film uniformity, EL imaging can only
be performed on fully fabricated solar cells, as electrodes are required for charge carrier injection. However, while
PL imaging mainly examines the optical properties of the perovskite thin film, EL imaging allows the examination
of the electrical quality of the finished solar cell as it is affected by the entire device, including the functional layers
and interfaces. The intensity of the detected PL is influenced by the optical properties of the perovskite material,
such as crystal quality, non-radiative recombination centers, material composition, and surface passivation. EL
intensity is affected by both optical and electrical properties, with prominent features in EL images predominantly
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Figure 4.3: PL and EL imaging of individual subcells of an all-perovskite tandem solar module using multi-channel
imaging. (a) Using optical excitation (blue LEDs), the PL response is captured using a 760 nm longpass
filter to image the bottom subcell (Eg~1.26 eV) and a 775 nm shortpass filter (combined with a 665 nm
longpass) to image the top subcell (Eg~1.78 eV). (b) For EL imaging, an external voltage is applied
to excite the charge carriers and individual subcells are imaged through the different filters as in the
PL case. (c) PL images of both individual subcells as well as reflection images with (top right) and
without LED excitation (bottom right) show high uniformity of the layer stack with only a few small
inhomogeneities. (d) EL images reveal numerous defects in both subcells, as the top subcell shows
mostly localized defects, while the bottom subcell displays a large-area diffuse inhomogeneity. Partially
adapted with permission from [314].

due to resistive effects caused by either series resistances or by shunts.[409] Accordingly, EL imaging may be less
effective at detecting certain types of optical defects compared to PL imaging, but is highly effective at identifying
electrical defects that may not be visible by PL imaging. It provides a direct correlation between the luminescence
characteristics and the electrical performance of the device (see section 3.2.3.2 for more details on electrolumines-
cence).

Here, IPDRI’s electroluminescence image acquisition capabilities are demonstrated by characterizing two-terminal
all-perovskite tandem solar modules reported by Abdollahi Nejand ef al.[314]. The ability to obtain multi-channel
images is used to acquire dedicated EL (and PL) images showing only the luminescence signals emitted from the
individual top and bottom subcells. The all-perovskite tandem solar modules consist of a wide-bandgap perovskite
(Eg~1.78 eV) as top subcell and a narrow-bandgap perovskite (Eg~1.26eV) as bottom subcell in combination
with numerous additional functional layers (see [314] for the complete solar module stack). The EL emission
was measured spectrally with the wide-bandgap top subcell having its EL peak at 688 nm and the narrow-bandgap
bottom subcell having its EL peak at 977 nm. To distinguish the luminescence signals of the two subcells in tandem
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Figure 4.4: Exemplary images of combined EL signals from both subcells and individual subcell EL images.
Without optical excitation, the neutral density filter is used to image the combined electroluminescence
signal (left) from the wide-bandgap top subcell (middle) and the narrow-bandgap bottom subcell (right).
EL images reveal local shunting as dark spots, areas of current crowding due to low shunt resistance as
local bright spots, radial spin coating patterns spreading out from the center, and large areas without
EL signal due to increased local series resistance. Partially adapted with permission from [314].

module, the luminescence signals are imaged using different spectral filters. For photo- and electroluminescence,
a 760 nm longpass filter was used for imaging the bottom subcell and a 775 nm shortpass filter (combined with
a 665 nm longpass) for imaging the top subcell. Additionally, the neutral density filter was used for imaging
the reflection through the front side glass with and without LED excitation. In the electroluminescence case,
the neutral density filter was used to image the combined electroluminescence signal from both subcells. Pho-
toluminescence images of both individual subcells as well as reflection images with and without LED excitation
show a high uniformity of the scalable mini-module (aperture area 12.25cm?) and only a few small, localized
inhomogeneities are visible (see Figure 4.3c). However, electroluminescence reveals numerous defects in the top
and bottom subcell of the mini-module (see Figure 4.3d), which are associated with losses in FF and Vp.[314]
Compared to photoluminescence, electroluminescence imaging visualizes more defects since it is affected by the
entire device stack while being highly sensitive to spatial changes in resistivity, e.g., caused by shunts or series
resistances due to thickness variations. The EL image of the top subcell shows mostly inhomogeneities in the form
of localized defects. While there are also some localized defects, the EL image of the bottom subcell shows an
additional prominent non-localized diffuse large-area inhomogeneity. The localized defects can be associated with
local shunting, while the diffuse inhomogeneities might be caused by resistive losses due to thickness variations.
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In the appendix, an additional example of PL and EL imaging of all-perovskite tandem solar mini-modules shows
similar diffuse large-area inhomogeneities in the EL images of both the top and bottom subcell (see Figure A.1).
Next to mini-modules, Abdollahi Nejand et al. reported small-scale spin-coated two-terminal all-perovskite tandem
solar modules (aperture area 2.25 cm?). Electroluminescence images were leveraged to reveal overall good homo-
geneity of the deposited layer stack (see sample 1 in Figure 4.4). However, numerous localized defects are detected,
which are attributed to either local variations in charge carrier injection caused by fluctuations in series resistance
or to local differences in EL outcoupling, potentially due to variations in surface roughness and thickness.[314]
Introducing EL images of additional small-scale two-terminal all-perovskite tandem solar modules (see samples
2 - 4 in Figure 4.4), more individual defects and inhomogeneities in top and bottom subcells are visible. For
example, spin coating artifacts are revealed in samples 1, 2, and most prominently in sample 4 as radial patterns
spreading out from the center towards the outside. In sample 3, a large-area inhomogeneity is potentially caused by
interconnection problems between different layers leading to a strongly increased local series resistance indicated by
no emittance of EL from this area. Furthermore, localized dark spots in EL images indicate local shunting, where
current bypasses the absorber layer instead of injecting charge carriers for radiative recombination. In contrast,
localized bright spots are associated to areas of current crowding caused by reduced shunt resistance, potentially
near shorted pathways.[410]

In summary, electroluminescence imaging serves as a valuable complement to photoluminescence imaging by
revealing individual fabrication defects and spatial inhomogeneities. Although its application is limited to fully
fabricated devices, it provides additional insight into the electrical quality of the final device as it is affected by
the entire layer stack, including functional layers and interfaces. Combined with PL imaging, EL imaging allows
qualitative visualization of defects caused by the complexity of large-area processing, which introduces spatial
variations and additional defects. Revealing these individual defects that occur in any of the numerous fabrication
steps facilitates process optimization for high-efficiency perovskite solar cells and tandem solar modules.

4.3 In Situ Imaging for Thin-Film Formation Monitoring with
Temporal Resolution

Photoluminescence and reflection imaging allows large-are characterization of perovskite thin films (see section
4.2). In addition to these large-area imaging capabilities, the IPDRI system is able to obtain series of images, i.e.,
videos, with a high temporal resolution. This enables tracking the complex dynamics during the thin-film formation,
including the phases of drying, nucleation, and crystal growth, which is necessary to monitor, characterize, and
control the process to obtain high-quality large-area perovskite thin films. To initialize and control the nucleation
process, several strategies involving antisolvent quenching[305-307], (laminar) gas flow quenching[299, 308-310],
and vacuum quenching[303, 311-313] are used. While antisolvent spray coating[411] and bathing[412] have been
demonstrated, the application of antisolvent quenching is mainly limited to spin-coated small-area devices. For
large-area deposition techniques, gas quenching is advantageous for in-line fabrication combined with blade or slot-
die coating[299, 308, 309], while inkjet-printed thin films can be processed in batches using vacuum quenching[28,
302, 304].

In the following, insitu monitoring of the blade-coated perovskite thin-film formation using the IPDRI system
is demonstrated for two large-area quenching strategies, namely (a) vacuum quenching and (b) laminar airflow
quenching. Showcasing the system’s versatility, IPDRI is integrated into two existing experimental setups (see
Figure 4.5). Photographs of IPDRI integrated into the vacuum quenching setup (see Figure A.2a) and onto the
laminar airflow channel (see Figure A.2b) can be found in the appendix. Additionally, a second copy of the IPDRI
system was integrated into the slot-die coating setup to monitor the thin-film formation of slot-die-coated perovskite
thin films after gas quenching using a slot jet.
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Figure 4.5: Schematics of the in situ monitoring setup integrated into two experimental quenching setups. The
IPRDI system is used to in situ monitor the formation of blade-coated perovskite thin films. (a) During
vacuum quenching, the setup is placed on a vacuum chamber that is evacuated, causing the wet film
to dry and the perovskite thin film to form. (b) To monitor the laminar airflow quenching, the setup
is placed on a drying channel where the solvents are extracted by the gas flow and the perovskite
nucleation and crystallization take place (see Figure A.2a and Figure A.2b for photographs of the setup
integrated into the vacuum quenching setup and the laminar gas flow channel).

4.3.1 Thin-film Formation during Vacuum Quenching

The demonstration of IPDRI’s ability to monitor the perovskite thin-film formation during vacuum quenching was
only made possible by previous work, in particular by Fabian Schackmar, who established the experimental setup
for vacuum quenching in the LTT laboratory at KIT.[312-314, 413]

One strategy to achieve controlled crystallization is removing residual solvents by applying vacuum (see sec-
tion 3.1.1.2 for more details on vacuum quenching)[303, 311-313]. While spectrally resolved in situ PL combined
with light microscopy has been previously shown for vacuum quenching of perovskite thin films,[303] capturing
spatially resolved PL through camera images is essential for obtaining information on the homogeneity of large-area
thin films. Real-time monitoring of drying thin films with spatial resolution enables the detection of inhomogeneities
or defects across large areas that are not discernible to the naked eye or through light microscopy.[313, 341] The
large-area imaging capabilities with temporal resolution allow for multi-channel video capture of the DCP thin-film
formation, as well as the ability to examine series of images taken at specific moments (see Figure 4.6). Like in the
case of ex sifu imaging (see Figure 4.2), spatial inhomogeneities and defects are already revealed during the thin-film
formation process. In addition, the signal detected in the reflection and PL channels as well as the calculated PL
peak wavelength change substantially with time during vacuum quenching of the blade-coated perovskite thin film.
The diffuse reflection images show an increase in absorption during drying, followed by an increase in diffuse
reflection due to increased surface roughness. The onset of the PL intensity indicates the initial formation of light
absorbing and emitting material. The PL peak wavelength channel shows a redshift of the PL spectrum during
the formation process of the perovskite thin film. The hypothesis that the redshift results from crystal growth and
increased reabsorption is discussed in detail in the next section 4.3.2.

To investigate the transient behavior of the detected signals in more detail, the temporal changes of the spatial mean
of the image patches corresponding to the PSCs’ active areas (see Figure 2.8a for substrate layout) are examined
(see Figure 4.7a). The characteristic signal transients can be attributed to the phases of (i) drying, (ii) nucleation,
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Figure 4.6: Exemplary in situ time series of multi-channel images capturing the DCP thin-film formation during
vacuum quenching. Spatial inhomogeneities and defects in the absorber layer are already detected
during the thin-film formation. The diffuse reflection images show an increase in the absorption of the
thin film followed by increasing surface roughness. The PL intensity (shown here: 725 nm longpass
channel) onset suggests the initial formation of light absorbing and emitting material and the PL peak
wavelength channel reveals a redshift of the PL spectrum while the perovskite thin film is forming
(see Figure A.3 for multi-channel time series of the MAPI thin-film formation during laminar airflow
quenching).

(iii) crystallization/crystal growth, and an additional phase of (iv) surface morphology formation (see Figure 7.4
for correlating of formation phases with the acquired signals). (i) During drying (t~0-30s), the rapid evacuation
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Figure 4.7: Transient insitu evolution of multi-channel signals during the perovskite thin-film formation. (a)
During vacuum quenching of DCP thin films, the characteristic temporal changes can be attributed
to the phases of drying, nucleation, crystallization, and surface morphology formation. The start of
nucleation is indicated by a drop in reflection and the onset of PL, while the PL intensity decreases and
the PL peak redshifts during crystallization. As the vacuum chamber is vented, the morphology forms,
accompanied by an increase in all signals. (b) During laminar airflow quenching of MAPI thin films,
nucleation and crystallization phases are identified by similar characteristics of the transients. Here,
the start of annealing is shown resulting in a drop of PL intensity. (The solid lines indicate the median
transient of each signal, and the shaded areas indicate the 25" and 75" percentiles of all transients
obtained from numerous substrate locations).

of the vacuum chamber accelerates solvent evaporation, leading to a significant reduction in wet-film thickness, as
deducted by changes in the reflection signal.[373] The reflection channel primarily indicates a change in absorption
and surface roughness as the film dries. At this stage, no PL signal is detected, as the precursor materials remain
dissolved and perovskite formation has not yet occurred. (ii) The nucleation starts after reaching a supersaturation
state due to the precursor concentration in the wet film exceeding a critical threshold. The perovskite thin film
changes to a brownish color and absorption increases as indicated by a significant drop in reflection intensity. The
nucleation onset of perovskite crystallites is identified by a strong increase in PL intensity as perovskite nuclei
and small grains start to emit a PL signal. Shortly after PL onset, the PL intensity peaks, indicating that the
crystallite concentration reaches its maximum, while extraction of excited charge carriers may be hampered by
residual solvents in the thin film. The timing of PL onset and the height of the initial PL peak are influenced
by factors such as the evacuation rate of the vacuum chamber, solvent evaporation rate, wet-film thickness, and
precursor concentration. (iii) During the crystallization phase, the crystallites grow and coalesce resulting in larger
grains. It is hypothesized that crystal growth leads to improved charge carrier extraction and reduced radiative
recombination, as indicated by the decreasing intensity of the emitted PL. (iv) Venting of the vacuum chamber
(t=170s) determines the final surface morphology of the thin film. In some cases, the PL intensity and reflection
show a brief oscillation as the valve is opened to vent, but in general, both reflection and PL signal intensity increase
during venting. The presence and amplitude of the signal oscillation and the overall signal evolution are related
to the amount of residual solvent present in the thin film at the time of venting.[304] However, the changes in PL
signal during this phase are not yet fully understood but are hypothesized to correlate with the thin film’s final
morphology, particularly its surface roughness.[303]
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The various phases of perovskite thin-film formation can also be identified in the calculated PL peak wavelength
transients. During drying, no PL is detected resulting in unfeasible PL peak data. Upon PL onset, the PL redshifts
from around 720 nm to 730-740 nm indicating nucleation and growth of the crystals. An additional strong redshift
to the final PL peak wavelength of around 780 nm is observed when the vacuum chamber is vented with air (see
[304] for additional details). The hypothesis that this redshift results from crystal growth and increased reabsorption
is discussed in more detail in the next section, where it is observed again during the gas flow quenching process.
In summary, capturing the transient behavior of thin film properties during formation with temporal resolution,
combined with IPDRI’s large area imaging capabilities, allows identification of the critical phases of the perovskite
thin-film formation process. It enables the tracking of the complex dynamics, which is critical to monitor, char-
acterize, and control the fabrication process to obtain high-quality large-area perovskite thin films. This initial
investigation lays the groundwork for more sophisticated data analyses of data obtained with in sifu monitoring of
vacuum quenching of blade-coated perovskite thin films in the following result chapters 5, 6, and 7.

4.3.2 Thin-film Formation during Laminar Gas Flow Quenching

The demonstration of IPDRI’s ability to monitor the formation of perovskite thin films during gas flow quenching,
in close collaboration with Simon Ternes, was only made possible by previous work that established the laminar
gas flow quenching channel in the MZE laboratory at KIT.[373, 414]

In addition to vacuum quenching, another strategy to achieve controlled crystallization by removing residual
solvents over large areas is gas flow quenching.[299, 308-310] Here, a gas flow, such as nitrogen or air, is used to
accelerate the evaporation of precursor solvents after the coating process, which promotes fast saturation and induces
rapid nucleation, resulting in high-quality perovskite thin films.[310] As previously demonstrated for monitoring
the vacuum quenching process, the time-resolved large-area imaging capabilities allow multi-channel acquisition
of the MAPI thin-film formation yielding time series of images, i.e., videos (see Figure A.3 for in situ image time
series obtained during laminar airflow quenching). Although the reflection and PL signals change substantially
with time during the quenching of the thin film, spatial inhomogeneities and defects are already revealed during
the formation process, allowing a more sophisticated defect classification based on the temporal evolution of the
signals acquired by IPDRI.

The formation of thin films during laminar airflow quenching is studied in more detail by examining the temporal
evolution of the signals detected in situ from thin film patches associated with the active areas of the PSCs (see
Figure 4.7b). As for the vacuum quenching case, the characteristic signal transients are in agreement with other
publications on spotwise in sifu characterization without spatial resolution[383, 415] and can be attributed to the
different thin-film formation phases. Starting with nucleation, the absorption of the thin film starts to increase
which is indicated by a decrease in reflection intensity. During crystallization, the remaining solvents are extracted
from the film and its surface morphology begins to form. As the surface roughness increases, the detected diffuse
reflection signal increases before remaining constant at a high level. In the PL channel, the start of nucleation
is detected by the onset of the PL emission as small perovskite grains begin to emit PL. Shortly after PL onset,
the intensity increases substantially and quickly reaches its peak as excited charge carriers are not extracted and
recombine radiatively. During the crystallization phase, the intensity of the emitted PL decreases as the crystals
grow and coalesce resulting in larger grains having improved charge carrier extraction and reduced radiative recom-
bination.[374, 415] Increased reabsorption of PL can also contribute to a decrease in outcoupled PL.[327] As the
temperature is increased, the PL intensity quickly drops below the camera noise level due to thermal quenching of
the PL caused by a higher rate of nonradiative recombination.[328, 329]

During the thin-film formation process, the calculated PL peak wavelength shows a strong redshift to the final PL
peak wavelength of around 780 nm. The shift can be attributed to the growth of the crystals, as the PL emission
wavelength depends on the average perovskite grain size.[338, 416, 417] This dependence arises from quantum
confinement in the nucleating perovskite crystals, which causes a decrease in the energy of emitted photons as
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crystal size increases.[377] Also, thicker thin films lead to increased reabsorption of the photoluminescence which
shifts the emitted PL to higher wavelengths[327] (see [341, 418] for additional details). As the PL emission
fades with increasing temperature, the spread in the PL peak wavelength increases, indicating uncertainty in the
calculated PL peak values due to the very low PL intensities used as input for the approximation. Also, the shift
of the emission peak to longer wavelengths leads to exiting the wavelength interval for PL. peak approximation
which can be covered with the installed set of filters. The redshift as presented for vacuum and gas flow quenched
perovskite thin films is also reported by other studies that perform in situ monitoring during the thin-film formation
of solution-processed perovskite thin films.[357, 382, 415, 419] However, the redshift of the PL is also reported
for the formation of evaporated perovskite thin films where the shift is also attributed to the gradual growth of
individual crystallites.[420, 421]

In situ reflection and PL imaging enables monitoring of the perovskite thin-film formation and allows identification
of the fundamental formation phases of drying, nucleation, and crystal growth. However, the reflection and PL
intensity transients of both investigated quenching techniques (see Figure 4.7) are strongly affected by experimental
variables such as process parameters and ambient conditions, e.g., temperature and humidity. Accordingly, the
in situ monitoring technique can be used to distinguish process parameters based on the evolution of reflection and
PL intensity (see section 4.3.2.1). In addition, IPDRI can be used to generate large datasets of in situ data, which
can then be used for predicting material and device properties using machine learning (see chapters 5, 6, and 7).

4.3.2.1 Differentiating Process Parameters using /n Situ Monitoring

To further investigate the information content of the data acquired with IPDRI, the transients obtained using different
laminar airflow quenching parameters are compared (see Figure 4.8). It is showcased that differences in transient as
well as spatial data can be attributed to and correlated with changes in processing conditions, namely the quenching
parameters airflow velocity and temperature. Accordingly, the quenching parameters values of nominal airflow
velocity and temperature (2.0 m/s, 40°C) are changed to investigate the changes introduced by low temperature
(2.0m/s, 20°C) and by low airflow (0.02 m/s, 40°C).[341]

In the reflection channel, the increase in absorption of the thin film and the formation of the surface morphology are
studied. The nominal sample dries the fastest, producing a very high nucleation density and a generally smooth film.
The increase in absorption during thin-film formation causes the reflection signal to decrease. The coalescence
of the crystals leads to the formation of the surface morphology. The increased surface roughness compared to
the wet film results in higher diffuse reflection. The low temperature sample dries slower and shows a delayed
decrease in reflection due to increased absorption of the thin film. After crystallization, the average reflection
intensity does not increase substantially because solution droplets are pushed by the airflow, resulting in streaks and
strong inhomogeneities in the thin-film morphology caused by uneven drying. The low airflow sample also dries
slowly and no decrease in reflection is observed, indicating that the absorption of the thin film has not increased
significantly. Slow drying results in low nucleation density and a rough, uneven film surface with insufficiently
covered areas.

In the PL intensity transients, the emergence of PL signals coincides with the onset of perovskite nucleation.
The nominal sample shows the highest PL intensity, indicating better optoelectronic performance due to a lower
probability of nonradiative recombination, probably due to its smoother, more homogeneous film with larger grains.
In contrast, the low airflow sample, shows the lower PL intensity, reflecting poorer film quality with more defects.
The low temperature sample shows maximum PL intensities comparable to low airflow sample, but a second peak
is observed when the temperature is increased above 40°C, probably due to the removal of residuals that hinder
crystallization. The differences in PL intensity between these samples highlight the significant influence of drying
conditions on the optoelectronic properties of perovskite thin films.

The calculated transients of the PL peak wavelength also reveal differences between the different various quenching
parameters. The PL peak of all three samples redshifts during formation. The nominal and the low airflow samples
show similar transient behavior. The shift to slightly higher wavelengths of the nominal sample compared to the
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Figure 4.8: Discrimination of process parameters based on the characteristic in situ signal transients. Since reflec-
tion and PL intensity are affected by experimental variables, the in sifu monitoring tool allows process
parameters to be distinguished based on the signal transients. Here, deviations from nominal airflow
velocity and temperature (2.0 m/s, 40°C) during laminar gas quenching of MAPI thin films are detected
by substantial changes in PL and reflection transients. (Legend: quenching parameters (airflow velocity,
temperature). The solid lines indicate the median transient of each signal, and the shaded areas indicate
the 25" and 75" percentiles of all transients obtained from numerous substrate locations).

low airflow sample can be caused by stronger reabsorption due to a smoother surface of the nominal sample, which
increases internal reflection and thus reabsorption leading to a stronger redshift of the PL. As for the increase in
absorption indicated by the drop in reflection, the redshift of the low temperature sample is delayed and the shift is
slower compared to the other samples.

In addition to time-resolved monitoring, IPDRI captures macroscopic large-area images that can be examined for
differences in thin film uniformity of differently quenched samples. The reflection and PL images of the nominal
sample are homogeneous and the PL intensity is high, yielding devices with PCEs mostly above 15%, outperforming
the other two samples. The reflection images of the low airflow sample show that the absorption of the thin film is
low. The PL intensity images also reveal spatial differences in the emitted PL due to crystalline islands, resulting
in device PCEs mostly below 10%. The image of the low femperature sample shows strong inhomogeneities as
solution droplets are pushed by the airflow resulting in streaks and waves. The difference in homogeneity leads to
areas of homogeneous high PL and other areas showing low inhomogeneous PL, leading to two clusters of high and
low PCE, respectively (see [341, 418] for images and additional details).

In summary, in addition to resolving spatial inhomogeneities in reflection and PL images, IPDRI enables the cap-
turing of the transient evolution of these signals during thin-film formation. The technique allows the identification
of different phases in the process and distinguishes between varying quenching parameters. The ability to detect
subtle parameter differences can be used for feedback control in industrial production lines.

4.4 Summary

This chapter establishes in sifu photoluminescence and diffuse reflection imaging as a novel imaging technique for
large-area characterization of perovskite thin films with spatial, temporal, and spectral resolution and highlights its
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application to in situ monitoring of perovskite thin-film formation from solution (research objective I, see section
1.2).

First, it is shown that IPDRI allows the detection and analysis of morphological inhomogeneities and defects, such
as pinholes and absorber quality variations, because it is designed for large-area imaging characterization of per-
ovskite thin films. These defects, which can significantly affect device performance, are identified prior to the final
perovskite annealing step and correlated with PSC performance, showing that certain defects significantly reduce
PCE. With a low false negative rate, IPDRI can be a valuable tool for the identification of potentially defective thin
film regions. However, the high false positive rate indicates that more sophisticated data analysis is needed before
potentially inferior thin films can be sorted out.

Second, the advantages of multi-channel imaging, which combines photoluminescence and diffuse reflection imag-
ing with the calculation of PL peak wavelength images, are demonstrated. Multi-channel imaging provides a
comprehensive insight into the quality and homogeneity of the perovskite thin films, as the signals captured in the
different channels resolve different defects and thin film properties. Variations in absorber thickness and quality as
well as local defects are more apparent in the PL images, while the reflection images reveal differences in surface
roughness as well as voids between the perovskite thin film and the underlying hole transport layer.

In addition to PL imaging, the chapter discusses the complementary role of electroluminescence imaging, which
detects electrical defects in fully fabricated devices and provides additional insight into the homogeneity of the
entire device layer stack. Differences between EL and PL imaging are discussed, as PL probes optical properties
of the absorber layer, which are influenced by crystal quality, non-radiative recombination centers, and surface
roughness, whereas EL is most affected by resistive effects such as shunt and increased series resistance in the entire
layer stack.

Next, after using the IPDRI setup for ex situ studies of deposited perovskite thin films, the ability of the system to
in situ monitor perovskite thin-film formation is explored, taking advantage of the temporal resolution at a frame
rate of three frames per second, effectively producing videos. The ability of the IPDRI system to monitor the
dynamic processes during the complex thin-film formation phases of drying, nucleation, and crystal growth under
different quenching conditions, i.e., vacuum and laminar airflow quenching, is highlighted. The identification of
the critical phases in the signal transients enables the tracking of the complex dynamics, which is crucial for the
monitoring and control of the process of fabricating high-quality large-area perovskite thin films. Furthermore, it
is shown that IPDRI allows to discriminate between different quenching parameters, enabling process optimization
and control in industrial production lines.

In conclusion, photoluminescence and reflection imaging is a powerful tool for advancing the ex sifu characteriza-
tion of perovskite thin films and in sifu monitoring of the thin-film formation, which is crucial for both academic
research and industrial applications. Due to its time-resolved large-area imaging capabilities, IPDRI can be used for
in-line feedback, allowing immediate detection of thin film defects and inhomogeneities as well as identification and
correction of unwanted variations in production parameters, which are revealed by differences in the characteristic
PL and reflection transients.
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This chapter explores the application of machine learning techniques to in situ photoluminescence data for en-
hanced analysis of perovskite thin-film formation. A comprehensive dataset of 1129 blade-coated perovskite solar
cells is introduced, featuring in situ PL and diffuse reflection imaging data acquired during vacuum quenching (re-
search objective Il). The advantages of in situ monitoring over ex situ measurements are demonstrated by revealing
stronger correlations between solar cell performance and features extracted from insitu PL data. Unsupervised
ML, specifically k-means clustering, is applied to insitu PL transients, uncovering distinct data patterns, such as
early PL onset and high PL maxima, that correlate with device performance. Transitioning from descriptive to
predictive analysis, supervised ML models, specifically k-nearest neighbors, are used to predict perovskite thin film
thickness and photovoltaic performance metrics before completing subsequent processing steps (research objective
III). The models achieve substantial improvements in prediction performance over baseline human predictive
capabilities, particularly for predicting thin film thickness. A comparison between several ML algorithms with
different IPDRI channels as model input identifies the PL intensity channels as the most informative input and
highlights the impact of model choice on prediction accuracy. The combination of ML and IPDRI improves process
monitoring of the perovskite thin-film formation by facilitating early detection of fabrication defects and promises
to enhance yield and reduce waste in industrial production lines.

Parts of this chapter were published in the research article "Process Insights into Perovskite Thin-Film Photo-
voltaics from Machine Learning with In Situ Luminescence Data", Solar RRL 7.7 (2023), by Felix Laufer (F.L.),
Sebastian Ziegler, Fabian Schackmar, Edwin Andres Moreno Viteri, Markus Gotz, Charlotte Debus, Fabian Isensee,
and Ulrich W. Paetzold. This work is the result of collaborative research between Karlsruhe Institute of Technology,
Helmholtz AI, Helmholtz Imaging and the German Cancer Research Center (DKFZ).[346] The dataset and the
corresponding software code were made publicly available.[422, 423] Some figures in this chapter were adapted
with permission from [346].

F.L. contributed to this project by co-conceptualizing the study, leading experimental investigations, dataset gen-
eration and curation, software implementation, formal analysis, and visualization, as well as writing the original
draft of the manuscript. The contributions of all authors according to the CRediT system are listed in Table A.3.
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5.1 Motivation

Scaling perovskite solar cells from laboratory to industrial production is challenging because maintaining high
efficiency is difficult due to the complexities of large-area thin-film formation. The transition from small-area,
spin-coated devices to large-area industrial fabrication methods results in a substantial drop in power conversion
efficiency, with values dropping from over 26% for small-scale perovskite solar cells to 19.2% for 1027 cm?
modules and 15.0% for 7906 cm? modules.[424] The drop in PCE is attributed to the difficulties in achieving
high-quality, uniform perovskite thin films over larger areas due to the complex thin-film formation from solution,
which involves the entangled process phases of drying, nucleation, and crystallization.[23, 27, 28] To fabricate
high-quality, uniform perovskite thin films, it is crucial to accurately monitor and control the thin-film formation
process. Advanced monitoring and control techniques become even more critical with increasing scale and are
essential for the successful commercialization of perovskite photovoltaic technology.[232]

The in situ photoluminescence and diffuse reflection imaging system enables real-time, non-invasive monitoring
of the perovskite thin-film formation over large areas with spatial, temporal, and spectral resolution (see chapter
4). The system’s ability to capture high-resolution, multi-channel images over large areas with subsecond temporal
resolution makes it an invaluable tool for investigating the scalable fabrication of perovskite solar cells. Although
IPDRI captures valuable data, the challenge lies in effectively analyzing this complex, multidimensional information,
as traditional methods are insufficient to fully exploit its potential. The previous chapter demonstrated that IPDRI
combined with human expert image classification can effectively identify potentially defective thin film regions,
but it suffers from a high false positive rate when relying on the conventional analysis technique of a human expert
classifying images for thin film defects. This limitation underscores the need for more sophisticated data analysis
methods to extract meaningful insights and hidden patterns from the information-rich but complex, multidimensional
data provided by IPDRI.

Machine learning techniques provide a robust solution to these challenges.[143] ML not only enhances the ability
to uncover hidden patterns in IPDRI data, but also enables the automation of defect detection with improved
accuracy.[267, 425] By leveraging supervised learning for predictive modeling and unsupervised methods for data
clustering, ML can significantly reduce the reliance on human experts and increase the reliability of thin-film quality
assessments.[232] In recent years, ML has been successfully applied to various aspects of materials science[145,
146] and perovskite photovoltaics research, ranging from accelerated material discovery[174—177, 183, 187, 188,
231, 426] to high-throughput experimentation[ 195, 211, 216, 225, 241, 248, 252, 254, 427] (see section 2.4 for more
details on the state of the art of ML for perovskite PV). The ability of ML algorithms to handle high-dimensional
data and recognize patterns makes them particularly well-suited for analyzing the complex data generated by IPDRI.
In addition to pattern extraction, ML can classify samples based on IPDRI data and its predictive capabilities allow
assessing the quality of perovskite thin films. Accordingly, enhancing IPDRI data analysis with ML reveals insights
that are not accessible through traditional methods, such as manual feature extraction based on predefined heuristics
and rule-based classification using fixed criteria or predefined thresholds.

To leverage ML for investigating large-area perovskite thin-film formation, a suitably sized experimental dataset
is essential. Building on the monitoring capabilities of IPDRI, a unique dataset was generated, containing IPDRI
data acquired in situ during the vacuum quenching of 1129 blade-coated perovskite thin-film solar cells (research
objective II).[422] This dataset is labeled with corresponding photovoltaic performance parameters, such as PCE
and the perovskite thin film thickness. All solar cells were fabricated under constant experimental conditions,
maintaining the same layer stack and materials. This controlled environment ensures that performance variations
are attributable solely to fluctuations in the fabrication process, making it a unique resource for studying the large-
area perovskite thin-film formation using ML.

Applying ML techniques to analyze the perovskite formation allows for the identification of unintended deviations
during iterations of an optimized fabrication process.[346] In the conventional fabrication process, these deviations
mostly go undetected until the entire layer stack is assembled into a fully fabricated device, requiring several
additional processing steps after the perovskite thin film is deposited (see Figure 5.1). By establishing the relationship
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Figure 5.1: Schematic of the integration of machine learning (ML) into the conventional fabrication process of
perovskite solar cells. In the conventional fabrication process (top), several additional steps follow
the perovskite formation, including evaporation of charge transport layers and electrodes. The ML-
enhanced process (bottom) leverages the dataset of in situ data obtained using IPDRI to directly predict
solar cell characteristics without the need to complete the full conventional fabrication route. Moreover,
ML facilitates the evaluation of perovskite formation by revealing data patterns extracted from the
dataset, potentially leading to improvements in the fabrication process. Adapted with permission from
[346].

between in situ imaged PL intensity during the perovskite deposition step and the final performance of solar cells, it
becomes possible to predict PV performance before the solar cells undergo the remaining processing steps needed
to finalize the devices. In an industrial production line, early detection of fabrication flaws reduces costs by saving
time and minimizing material waste.

In this chapter, k-means clustering and k-nearest neighbors (kNN) are selected as complementary machine learning
techniques for recognizing patterns in the in situ data and predicting device performance.[346] K-means clustering,
an unsupervised learning technique, can identify distinct patterns in the IPDRI data without prior labeling, revealing
clusters that might correlate with solar cell performance or perovskite thin film morphology. Meanwhile, kNN, a
supervised learning method, is well-suited for regression tasks, such as predicting device performance based on
the in situ data, enabling early detection of fabrication issues. The combination of these ML techniques enhances
the evaluation of IPDRI-acquired data by addressing both exploratory analysis and predictive modeling needs.
This chapter aims to use machine learning techniques to identify critical patterns in perovskite thin-film formation
data, correlate them with device performance, and predict solar cell performance for early detection of fabrication
problems (research objective III).[346] Achieving these goals will allow ML insights to be translated into practical
improvements in fabrication processes of large-area perovskite solar cells.

In the following sections, machine learning for data-driven analysis of perovskite thin-film formation is established.
First, a detailed description of the novel dataset obtained using IPDRI is given and the data preprocessing steps
are discussed. Second, the advantage of acquiring insitu data is demonstrated by contrasting the correlation
between PCE and in sifu data versus ex sifu data. After investigating the information content of human-selected
data features, the potential of unsupervised ML techniques for data exploration is highlighted by demonstrating
the correlation between clusters of PL transients, obtained by k-means clustering, and the performance of the fully
fabricated devices. In addition, the heterogeneous thin-film quality is revealed by the spatial dependence of PL
transients assigned to different clusters, indicating varying thin film properties across the large-area substrate due to
unfavorable process mechanisms during perovskite formation. Next, based on slight sample-to-sample variations
in insitu PL transients, the supervised ML technique kNN is applied to predict perovskite thin film thickness
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and PV performance parameters of fully fabricated devices even before the solar cells are finalized in numerous
remaining processing steps. Additionally, the predictive capabilities of the different IPDRI channels are compared
by examining the prediction accuracy of kNN using different input data. Finally, the predictive performance of
kNN is benchmarked by contrasting its error metrics with those of other classical supervised machine learning
techniques. In summary, by combining the large-area monitoring capabilities of IPDRI with the analytical power of
machine learning, this chapter explores the potential of the ML-enhanced characterization tool for in-line process
monitoring to detect unwanted processing variations, improve process control, increase yield, and reduce waste in
industrial production lines.

5.2 Experimental /In Situ Photoluminescence Imaging Dataset for
Blade-Coated Perovskite Photovoltaics

ML is a promising approach to enhance characterization of perovskite fabrication processes by quickly quantifying
the homogeneity of the deposited thin films. Capturing in situ data allows monitoring the formation of the perovskite
thin film enabling ML techniques to detect iterative and spatial process variations resulting in different perovskite
thin film properties. However, for training ML models extensive datasets are required which accurately capture the
complexities of the fabrication processes.

To address this need, a comprehensive dataset containing IPDRI data acquired during the vacuum quenching of
blade-coated perovskite solar cells is introduced.[422] Aligned with industrial manufacturing, blade coating the
perovskite precursor solution is a scalable deposition technique which allows fabricating large-area thin films (see
section 3.1.1.1 for more details on blade coating). Vacuum quenching of the deposited wet film is advantageous for
batch-to-batch quenching of large-area thin films since antisolvent quenching, like the thin-film deposition using
spin coating, is mainly limited to small-area devices (see section 3.1.1.2 more details on vacuum quenching). Using
only scalable fabrication techniques for all processing steps, 1129 solar cells were fabricated to generate the unique,
novel dataset (see Figure 5.2). The dataset consists of in situ data obtained during fabrication and the corresponding
performance metrics of fully fabricated solar cells, such as PCE, and the additional target variable perovskite

Dataset
= 1129 Solar Cells = Time-Resolved In Situ Imaging
¢ 70% training set * 719 time steps, 333ms temporal resolution
*30% test set *65x56 pixels, ~18.6 pixel/mm spatial resolution
Input Features Target Variables
® |n Sjtu Image Time Series = Solar Cell
« Photoluminescence (3 channels, different spectral transmission) Performance Metrics
« Diffuse Reflection (1 channel) * Power Conversion

Effici PCE
¢ Photoluminescence Peak Wavelength (1 channel) ciency ( )

e Open-circuit
Voltage (Vo)

e Short-Circuit
Current (Js¢)

o Fill Factor (FF)

= Perovskite Thin Film
Thickness

Figure 5.2: Experimental dataset containing 1129 blade-coated solar cells. For each solar cell, multi-channel in situ
imaging data is obtained during the perovskite formation using vacuum quenching. Multi-channel
imaging provides five different in sifu image time series (i.e., videos) that capture photoluminescence
(PL), diffuse reflection, and PL peak wavelength, which are used as input features. For all solar cells,
solar cell performance metrics (e.g., power conversion efficiency) and perovskite thin film thickness
are measured and added to the dataset as target variables (i.e., labels). The input features are used as
input to ML models to predict the target variables. Adapted with permission from [346].
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Figure 5.3: Distribution of the target variables, namely solar cell performance metrics and perovskite thin film
thickness, for the full dataset, training set, and test set. The full dataset of 1129 solar cells is divided
into training and test sets (70%/30%), containing 780 and 349 samples, respectively. Model training
and hyperparameter optimization are performed on the training set, while unbiased evaluation of the
models is performed on the test set with previously unseen data. For all target variables, the training
and test set splits show good agreement between the two distributions, ensuring representative sampling
for model training and evaluation.

thin film thickness. All solar cells contained the same layer stack and precursor materials and were processed
under constant experimental conditions. Accordingly, variations in perovskite thin film thickness and solar cell
performance are solely caused by fluctuations in the fabrication process itself.

The time-resolved in situ images were acquired using the IPDRI setup during the vacuum quenching of perovskite
thin films, which initiates the drying and crystallization of the blade-coated wet films. The camera frame captures
images of the entire 32 x 64 mm? substrate covered with the blade-coated perovskite thin film. The multi-channel
acquisition of IPDRI yields time series of images, i.e., videos, with a temporal resolution of 333 ms showing the
spatially resolved PL intensity (three channels) and the diffuse reflection (Ry; ¢, one channel). The additional
PL peak wavelength approximation channel is calculated from the three spectrally filtered PL channels using the
method introduced by Chen et al.[340]

Since the target variables (such as PCE of the fully fabricated device) depend only on the perovskite thin film
properties within the active area of the solar cells, the large-area images were cropped into 32 smaller patches
(65 x 56 pixels each) in a data preprocessing step, resulting in image patches that represent only the active area
(3.5mm x 3mm = 10.5 mm ?) of the 32 individual solar cells located on the large-area substrate (see Figure 2.8a
for substrate layout). In addition to spatially matching the input features to the labels, i.e., target variables, the input
data was also temporally aligned at the beginning of the vacuum chamber evacuation for all experimental iterations.
Consequently, for all input features, the vacuum chamber was flooded with ambient air after 170 s (=505 time steps)
of evacuation before data acquisition was stopped after a total of 240 s, resulting in image time series of 719 time
steps at three frames per second covering the drying and crystallization of the blade-coated perovskite thin films
(see section 3.1.1.3).

After deposition of the double cation perovskite thin film (DCP, composition Csg.17FAq.g3Pb(Ip.91B10.09)3), all
perovskite thin films were built to completion into fully fabricated, functional solar cells (entire device stack:
glass, ITO, NiO,, 2PACz, DCP, Cgg, BCP, Ag; see section 3.1.3 for more details). To determine the metrics
of interest to add as labels to the dataset, the performance of all solar cells was determined by measuring the
current-density-voltage (j-v) curves. For each solar cell, the PV parameters (PCE, V¢, Jsc, FF), obtained both
from backward and forward voltage sweeps, were added to the dataset as target variables, i.e., labels. In the work
in this chapter, the averages of the backward and forward sweep are used as target variables (see Figure 5.3). In
addition to the PV performance parameters, the perovskite thin film thickness within the active area of each solar
cell was experimentally measured and added as an additional label to the dataset. The thickness was obtained
from the spatial average of three spatially offset profilometer scan lines. The dataset also contains supplementary
information such as substrate IDs and the position of each solar cell within its substrate.

The full dataset contains data from 1129 solar cells. To evaluate the predictive capabilities of the ML models, the
dataset was divided into training and test sets (70%/30%), containing 780 and 349 solar cell samples, respectively.
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The training set is used for model training and hyperparameter optimization, while the test set allows an unbiased
evaluation of the models using new, previously unseen data. The split was performed at the substrate level, ensuring
that all solar cells (up to 32) from the same substrate were consistently assigned to either the training or test set. This
approach allows the evaluations on the test set to be viewed as actual predictions on newly generated experimental
data. Additionally, the training set was split into five subsets for fivefold cross-validation, with solar cells from the
same substrate again consistently assigned to the same subset (see section 2.3.5 for more details).

The assembled dataset is a unique resource for studying large-area perovskite thin-film formation and can be used
to apply ML techniques to improve process understanding[347], enable in-line performance prediction, monitor
the fabrication process, and detect inferior perovskite thin-film quality due to variations between blade coating
iterations. Since all solar cells were fabricated under constant conditions using the same materials, variations in
solar cell performance can only be attributed to fluctuations in the fabrication process. In the work presented in
this chapter, the dataset is used to train ML models to analyze the perovskite formation by identifying unintended
deviations during iterations of the optimized fabrication process.[346] Conventionally, these deviations mostly go
undetected until the layer stack is finalized in several additional processing steps into a fully fabricated device
(see Figure 5.1). However, after learning the relationship between insitu data and the final properties of solar
cells using this dataset, ML models are able to predict PV performance parameters before the solar cells undergo
these remaining processing steps needed to finalize the devices. Early detection of fabrication flaws is critical
for data-driven in-line process monitoring required in industrial perovskite production lines to reduce costs due to
time loss and material waste. However, when using the dataset and evaluating trained models, it must be kept in
mind that the target variables, i.e., the labels, are affected by all process steps, while the IPDRI data only provides
information about the perovskite formation, excluding details about subsequent steps. Consequently, there may be
cases where irregularities occur in other fabrication steps that adversely affect the PV performance parameters but
are not included as information in the model’s input data. The dataset and the corresponding software code are
publicly available to the research community.[422, 423]

For the work presented in this chapter, domain expert knowledge on the importance of the temporal component of
the thin-film formation is leveraged and emphasis is placed on the temporal sequence of the experiment. The [IPDRI
image frames showing the active area of the solar cells are aggregated via their spatial mean value for each time
step. Accordingly, for each solar cell, the input feature consists of transients representing the temporal information
of the spatial mean intensity of the five channels, namely PLzp 725nm, PLL P 780nm> PLsP 775nm, Raiff, and PL
Peak Wavelength (see Figure 5.4a). This dimensionality reduction (see section 2.3.8) decreases the complexity
of the problem and facilitates the investigation of subtle differences in the material formation process between
iterations, as revealed by variations in the temporal evolution of the IPDRI data. Consequently, the ML models are
trained using the transient input features obtained by dimensionality reduction from the in situ imaging data. In the
following sections on data exploration using unsupervised machine learning, the focus is initially on the transients
of the 725 nm longpass-filtered PL (PL 1, p 725, ), since it captures the entire PL spectrum of the DCP material with
a bandgap of 1.59eV. The supervised learning sections for PV performance prediction examine the PLz p 7251m
transients as input features as well as data transients from all other IPDRI channels. In conclusion, this chapter
focuses on the transient evolution of PL (and Ry; s r) intensity, while PCE and thin film thickness predictions using
different data representations, including the entire image time series, are performed in section 7.2, and detailed
analysis of spatial thin film uniformity, such as semantic segmentation, is left for future work.

5.3 Advantages of /n Situ Monitoring over Ex Situ Measurements

Establishing a characterization setup capable of in situ monitoring is more complex than characterizing samples
after the experimental process is complete and the sample can be transferred out of the confined processing
environment into dedicated ex sifu characterization setups. Therefore, considering the additional effort required for
in situ measurements to integrate the characterization system into the experimental fabrication setup, the advantages
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Figure 5.4: Highlighting the rationale for insitu monitoring by comparing insitu and ex situ features for PCE
prediction. (a) Temporal evolution of photoluminescence (PL) and diffuse reflection (Ry; f ) intensity
and chamber pressure during vacuum quenching (see sections 3.1.1.2 and 3.1.1.3 for more details).
The different spectral transients (Rg;f ¢, PLLp7250m, PLLP 780nm» PLsp 775nm) are obtained from
the video data by dimensionality reduction through aggregating the images for each time step via
their spatial mean value (see section 2.3.8 for more details). (b) Correlation of the power conversion
efficiency (PCE) with the human-selected in situ feature, the maximum value of the initial PLz p 725,,m
peak. (c) Correlation of PCE with the pseudo ex situ feature, human-selected as the last data point
of the insitu transient. Linear regression fits (solid lines) for each feature highlight an advantage in
predictive capability of in situ features over ex situ measurements. Partially adapted with permission
from [346].

of acquiring data during the experimental process over obtaining only ex sifu data points must be emphasized. To
highlight the benefits of recording in situ data during the perovskite formation process, the correlation of solar cell
performance with in situ versus ex situ PL features is compared.[346]

Accordingly, insitu and ex situ features are extracted from the transients obtained by dimensionality reduction
from the IPDRI data (see Figure 5.4a). Using a simple, intuitive approach, for each sample the maximum PL
value reached in the initial PLz p 795, maximum after nucleation onset is identified as the most prominent
feature of the transient, which also varies with fabrication conditions and iterations. Consequently, the maximum
PL1 p 795nm Values, located at around 15 s in Figure 5.4a, are defined as the in situ features. Since no additional
ex situ measurements were performed, the last PLy p 795,,,, data point during in situ acquisition, located at 240's
in Figure 5.4a, is defined as the exsitu feature for each sample. These last data points of the transients can
be considered as representatives of exsifu measurements since they were acquired in normal atmosphere after
quenching was finished and the vacuum chamber was vented with ambient air.

After extracting in situ and ex situ parameters from the PL transients, these parameters are correlated with the solar
cell performance. First, all samples in the training set are analyzed to determine the relationship between the
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Table 5.1: Comparison of correlation metrics of in sifu and ex situ features highlight a higher correlation between
the in situ feature and the corresponding target variables. Bold values indicate higher correlation for
given target variable. (for |r| and R?: higher is better 1, r: correlation coefficient, R?: coefficient of
determination, PCE: power conversion efficiency, Voc: open-circuit voltage, Jgc: short-circuit current
density, FF: fill factor)

Target Variable
Metic P pcE Voc Jsc FF Thin Film
Feature Thickness
; in situ 0.34 0.05 0.17 0.42 -0.61
ex situ 0.02 0.12 -0.01 -0.03 0.61
R2 in situ 0.11 0.00 0.03 0.18 0.37
ex situ 0.00 0.02 0.00 0.00 0.37

extracted insitu or exsitu features and the final PCE of the fully fabricated solar cells. Investigating the in situ
feature, it becomes evident that the PCE of the solar cell tends to increase with the maximum PL value of the PL
transients, i.e., the insitu feature (see Figure 5.4b). For high maximum PL values, the corresponding PCEs are
generally above 11%. However, as the maximum PL value decreases, the average PCE also decreases, and the
distribution of PCEs broadens for lower values of the in situ feature. This suggests that while some solar cells with
a low maximum PL value still achieve high solar cell performance, the proportion of low-performing solar cells
(PCE < 10%) increases as the value of the in situ feature decreases. When the data points are fitted using linear
regression, the increasing slope of the fitted line underscores that the average PCE tends to increase with higher
values of the in situ feature.

In contrast, the relationship between the ex situ feature, i.e., the last data points of the in situ PL transients, and the
corresponding PCEs is substantially weaker. Compared to the in situ data, the ex sifu data points are more dispersed
(see Figure 5.4¢) indicating that the ex situ feature encodes less information about the subsequently measured PCE
of the solar cell than the in situ feature. The fitted line obtained by linear regression is nearly horizontal, suggesting
no linear relationship between the ex sifu feature and the corresponding PCEs.

Next, to quantify the relationship, the correlation coefficient (r) is used as a direct measure of the strength (and
direction) of the linear relationship between the extracted feature and the corresponding target variables. Examining
the differences between the correlation coefficients for the in sifu feature and the ex situ feature reveals a stronger
relationship between the target variables and the in situ feature (see Table 5.1).[346] Except for Vo, the correlation
between PCE, Jgsc, and FF is stronger with the extracted insitu feature than with the exsitu feature. While
I'voe = 0.12 (exsitu) and r ., = 0.17 (insitu) generally indicate a weak linear relationship, a stronger correlation
is found between the in situ feature and PCE (rpcrp = 0.34) as well as FF (rpp = 0.42). The strongest linear
relationship is found for thin film thickness, where the strength of the correlation is similar for both features, while
the direction is opposite (Itpickness = £0.61).

In addition, the coefficients of determination (R?) are calculated using linear regression to fit the data points. R?
describes the proportion of variance in the target variable that can be explained by the feature and indicates how
well the linear model predicts the target variable based on the input feature. The (R?) values confirm the higher
correlation between the insitu feature and the target variables compared to the exsitu features (see Table 5.1).
The highest R? values are determined for the target variable thin film thickness (R%,, ;... = 0.37), followed by
R%., =0.18 and R} = 0.11.

In general, the strongest linear relationship is found for perovskite thin film thickness, both for the in situ feature
and ex situ feature. This is due to the dependence of the solar cell’s performance on the quality of the entire device
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stack, while the perovskite thin film thickness is fully determined during the process step represented in the in situ
PL dataset. Other processing steps do not introduce uncertainty in the thin film thickness, while device performance
can be affected by factors introduced in subsequent steps, resulting in a lower correlation between input features
and device target variables such as PCE.

In summary, the in situ feature is considerably more insightful compared to the ex situ feature. Consequently, the
acquisition of in sifu data during the vacuum quenching process is highly advantageous over having access only to
ex situ data. Although the choice of data point used as the input feature is sensitive and strongly influences the result,
this simple, intuitive approach highlights the advantages of acquiring data during the experimental process over
obtaining only ex sifu data points. Accordingly, the integration of the characterization system into the experimental
fabrication setup is worth the additional effort to leverage the correlation between insifu data and final device
parameters for implementing predictive process monitoring.

5.4 Data Exploration with Unsupervised Machine Learning

Having established the advantages of obtaining insifu data over ex sifu measurements, this chapter focuses on
extracting meaningful patterns and insights from the complex data obtained during the perovskite formation
process. While the previous comparative analysis relied on human-selected features from the PL transients, which
can provide valuable information, the complexity of the data requires more sophisticated analytical approaches.
Unsupervised machine learning techniques are powerful tools for data exploration and pattern extraction without
relying on predetermined, human-selected features or labels. By applying these techniques, underlying structures
and relationships can be revealed that may not be apparent through manual feature selection alone.

This section uses k-means clustering, a fundamental unsupervised learning algorithm, to explore the generated
dataset by identifying clusters within the data that may not be apparent through manual analysis (see Figure 5.5).
First, k-means clustering is applied to human-selected features, gradually increasing the number of features from one
to three. By increasing the complexity of the input data, it is possible to visualize how additional features affect the
clustering results. Next, k-means clustering is applied to the entire transients, exploiting all the available transient
information of the in sifu measurement data and bypassing the need for human feature selection. Minimizing the
bias introduced by human feature selection, the full temporal information captured in the in sifu measurements is
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Figure 5.5: Schematic representation of the concept of correlating extracted in sifu data patterns with the power
conversion efficiency (PCE) of fully fabricated perovskite solar cells. Time-resolved multi-channel
imaging channels, including photoluminescence and diffuse reflection, are captured during the per-
ovskite thin-film formation. The acquired in situ data is investigated by identifying distinct clusters
using the unsupervised machine learning method k-means clustering, which groups the solar cells based
on similarities in the transient PL data. After building the perovskite thin films into functional devices,
the PCE is measured experimentally, and the identified solar cell clusters are then correlated with the
ground truth PCE.
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used to discover potential correlations between in situ data and final solar cell performance. This stepwise approach
allows comparing the effectiveness of human intuition in feature selection with the potential of unbiased, data-driven
unsupervised learning to identify patterns in complex data. The potential of unsupervised ML techniques, such
as k-means clustering, for data exploration is highlighted by demonstrating the correlation between clusters of
PL transients and the performance of the fully fabricated devices. Finally, the heterogeneous thin-film quality is
revealed by the spatial dependence of the PL transient clusters, indicating varying thin film properties across the
large-area substrate due to unfavorable perovskite formation.

Using unsupervised machine learning techniques, the dataset is explored without the biased human feature selection,
which is sensitive and strongly influences the result. It allows the identification of patterns inherent in the dataset
that may not be immediately apparent using traditional analysis methods. However, these different patterns are
indicators of unwanted variations in the experimental process that can be correlated to solar cell performance and
therefore help to investigate the complex perovskite thin-film formation from precursor solution.

5.4.1 Clustering Human-Selected Data Features

The unsupervised ML technique of k-means clustering is used to explore and analyze the data by extracting patterns
from the dataset that can then be interpreted by the researcher (see section 2.3.1.2 for more details on k-means
clustering). To motivate the use of data-driven methods such as k-means clustering, the limitations of the traditional
approach of human expert data analysis are highlighted by gradually increasing the number of features considered
in the analysis until the human evaluation capacity is exceeded.

Initially, the visual representation of the features allows the examination of up to three human-selected features by
plotting the data on up to three axes, combined with color coding the data points with respect to the corresponding
PCE. However, because the visual examination by plotting is spatially limited to three dimensions, it is difficult
to examine more than three features in this way (further differentiation is potentially possible by varying the color
and symbol of the plotted data points). To illustrate the limitations of this approach, three prominent features
are extracted from the PLy p 795, transients, namely the maximum PL7 p795,.,, the time of the maximum
PL1p 725nm, and the local maximum PLf p 795,,, after venting the vacuum chamber (see Figure 5.6a for PL
Intensity (t=tmazpL)), Time (PL=PLyyq.), and PL Intensity (1=tpp(iocaimax))> T€SPECtively).

Plotting the features as data points on the respective axes in combination with the color coding allows to gain
a qualitative intuition about the relationship between the values of the extracted features and the corresponding
PCEs (see Figure 5.6b to 5.6d). While it is difficult to identify a clear correlation due to the lack of distinct color
gradients in the feature space, areas within the scatter plots, i.e., intervals of feature values, can be identified where
mostly light or dark-colored data points are located, indicating a stronger presence of low or high PCEs, respectively.
For example, high maximum PLy p 725, values are mostly associated with high PCEs (see top right corner in
Figure 5.6b) and delayed time of maximum PL, p 725, is mostly associated with low PCEs (see top left corner in
Figure 5.6¢).

Since the multidimensional representation of the successively increasing feature space combined with color coding
is not sufficient to identify clear trends, k-means clustering is used to group data points within the feature space
based on the extracted feature values. The k-means clustering algorithm divides the dataset into k clusters, placing
data points with similar characteristics in the same subset (see section 2.3.1.2 for more details).[75] To facilitate
comparison of the clustering results, the same number of clusters k is used for all clustering examples. Using
the well-established elbow method[77], the number of clusters k = 4 is determined to be the most suitable for all
presented examples (see Figure 5.7 for elbow plot when clustering the entire transients and supporting information
of [346] for elbow plots when clustering human-selected features).

First, when clustering the maximum PL as a single input feature, k-means groups the data into four clusters by only
determining three threshold maximum PL values that define the four clusters (see Figure 5.6e). The identified trend
that the solar cells with high maximum PL are mostly associated with high PCEs and the samples with low maximum
PL have a much broader PCE distribution is confirmed (see Figure 5.6h). Adding the time of the maximum PL as
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Figure 5.6: Clustering of human-selected features reveals correlations with solar cell performance. (a) Schematic
showing PL p 725, features gradually added to the input: initial peak maximum, peak time, and local
maximum after venting. (b—g) Scatter plots and 3D visualization of power conversion efficiency (PCE)
as a function of (b) one, (c) two, and (d) three input features (b-d), showing clusters identified based on
similarities in human-selected PL features (e-g). (h-j) PCE distributions for each cluster with the same
color-code as in (e-g). The analysis shows that PL features correlate with performance, but clustering
results are highly sensitive to feature selection (see Figure A.4 and Figure A.5 for clustering of other
human-selected features). Mean and median values are indicated by white diamonds and black lines,
respectively. Partially adapted with permission from [346].
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an additional second input feature identifies two distinct groups within the dataset, as a small number of solar cells
have a substantially delayed maximum PL (see Figure 5.6f). The solar cells with delayed maximum PL are assigned
to cluster #0 (see Figure 5.6f) and generally display low solar cell device performance (see Figure 5.61). Depending
on the value of the maximum PL intensity, the remaining data points without delayed time of maximum PL are
grouped into three clusters #/ to #3 and show increasing median and mean PCE (see Figure 5.61). As in the case of
single feature clustering, the best-performing cluster #3 has low variance even though it has 228 solar cells assigned
to it. Adding the local maximum PL after venting the vacuum chamber as a third feature to the value and time of
the maximum PL potentially allows for more informative clustering of the data as the information contained in the
input continues to increase. While the two identified distinct groups of data points are still evident, the introduction
of the third feature adds further variance to the data points, as in particular the group without delayed PL. maxima
is spread out depending on the values of the local maximum PL (see Figure 5.6g). The boundaries between the
clusters are placed similarly to the two-feature clustering case resulting in a similar cluster assignment of solar cells
(see Figure 5.6j).

In summary, k-means clustering based on the different input features groups the solar cells into data clusters. It
is shown that the clusters generated based on differences in the input data are associated with differences in the
corresponding general solar cell performance. This makes it possible to distinguish between data features that
are indicators of high and low PCEs, respectively, and facilitates the identification of favorable and unfavorable
characteristics of the in situ PL transients. The PCE distributions show that even the simple approach of human data
selection combined with unsupervised learning reveals information about the relationship between in situ PL feature
and the corresponding solar cell device performance. However, this section also illustrates that the selection of the
input features by a human is sensitive and strongly influences the clustering result. Even by gradually increasing the
number of features from one to three, the additional features affect the clustering results as individual solar cell data
points are assigned to different clusters changing the sizes of the clusters (see Figure 5.6h to 5.6j). In addition, when
the human-selected input is modified by replacing the features with two (or three) different data points extracted
from the PL transients, applying k-means leads to substantially different results in cluster assignment and PCE
distributions (see Figure A.4 and Figure A.5). By selecting prominent features, the complex data is reduced into
few values, making it easier for humans to interpret the data. However, gradually increasing the number of input
features results in a more holistic representation of the entire data, but also leads to more complexity. The more
complex the data, the more difficult it is for the human researcher to interpret, requiring the use of machine learning.
As features with more than three parameters become increasingly difficult to represent and interpret qualitatively,
automated methods such as unsupervised ML are needed to explore such high-dimensional feature spaces without
losing information by reducing features to a few data points.

5.4.2 Clustering In Situ Photoluminescence Transients without Human Data
Selection

While the previous section illustrated how human-selected features help to gain a qualitative intuition about the
relationship between the input data and the corresponding target variables, it also revealed the limitations of manual
feature selection, which leads to a simplification of the complex data. By reducing the entire transient into a
small number of values, data interpretation is made easier for the human expert. However, potentially valuable
information is removed by making the data human-readable, as the simplification potentially obscures subtle but
important patterns in the full transient evolution of the perovskite thin-film formation.

Without selecting individual input features, meaningful human interpretation becomes more difficult, requiring
more advanced, unbiased methods. Therefore, in this section, unsupervised ML is used to analyze the entire in situ
PL transients. Without the need to identify the features of the transients with the highest potential information
content, no prior selection is made by a human expert. By applying k-means clustering to the full temporal data of
PL transients, bias is minimized, and the inherent complexity of perovskite formation is better represented, allowing
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Figure 5.7: Determining the optimal number of clusters using the elbow plot. The heuristic plots the within-cluster
sum of squared error as a function of the number of clusters for the five cross-validation folds. The
optimal number of clusters is determined by the elbow point, indicated by the red dashed line, where
the curves begin to flatten. This indicates a trade-off between minimizing variance within clusters and
avoiding overfitting. The elbow point suggests that k = 4 clusters effectively capture the data patterns.

the algorithm to detect patterns and relationships that would otherwise stay hidden. Consequently, this approach
enables a more holistic analysis of the perovskite formation process by revealing correlations between in situ PL
data and solar cell performance.

In order to apply k-means clustering to identify insitu data patterns corresponding to differences in solar cell
performance, the number of distinct clusters to be used must be determined. Using the heuristic elbow method[77]
in combination with cross-validation on the training data, the number of clusters k = 4 is determined to be the most
suitable for clustering the PL transients (see Figure 5.7 and section 2.3.1.2 for more details on the elbow method).

Therefore, k-means clustering is applied and the samples of the training set are assigned to one of four clusters, each
containing samples with similar PL transient characteristics. However, a comparison of the transients assigned to
the different clusters shows that the clusters differ with respect to several characteristics of the transients. First, a
temporal shift in the onset of the PL signal is observed when comparing the transients of the different clusters (see
Figure 5.8a). The prominent shift in the PL onset time is evident as the transients assigned to cluster #3 show an
earlier onset of the PL signal than the transients in cluster #0. The temporal shift in the PL onset time is caused
by differences in wet film thickness (see Figure 5.8c for boxplot of thin film thickness). For thicker wet films, the
drying of the film by solvent evaporation takes longer and therefore the nucleation and consequently the PL signal
onset is delayed compared to thinner wet films.[304]

Second, in addition to the onset time, the transients assigned to the different clusters also differ in the magnitude of
the PL. maxima just after the PL signal onset (see Figure 5.8b). The transients of cluster #0 have low PL maxima, and
the average maximum magnitude increases with cluster number so that cluster #3 contains only transients with high
PL maxima. Differences in the magnitude of the PL. maxima are also caused by differences in wet film thickness,
as PL intensity is negatively correlated with thin film thickness (see Figure 5.8c for boxplot of thin film thickness).
In thicker wet films, the intensity of the outcoupled PL may decrease because the excitation light penetrates less
deeply relative to the film’s thickness, and the emitted PL undergoes stronger self-absorption.[304] The absolute PL
intensity is also affected by differences in PL quenching, as the blade coating of the underlying 2PACz monolayer
leads to spatially different non-radiative recombination due to non-uniform 2PACz layer thickness.

Third, beyond differences in absolute PL intensity, the four clusters show different relative temporal patterns (see
Figure 5.8b). The transients in cluster #0, which have a low absolute PL intensity, show only a slight relative
decrease over time, while higher cluster numbers, which are associated with higher absolute PL intensity, show
increasingly steeper PL decreases after the initial maximum. Additionally, the clusters show a distinct behavior in
the PL signal after venting the chamber after 170 s of vacuum quenching. In cluster #0, associated with thicker films,
the signal generally increases after a brief oscillation. However, the magnitude of this signal increase decreases
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Figure 5.8: Clustering of photoluminescence (PL) transients without human feature selection. (a) PLzp 725,m
transients of all training samples, color-coded with respect to the assigned cluster, show a temporal
shift in the PL onset. (b) PL transients assigned to the four clusters, with the median transient
curve of each cluster highlighted as the dashed black line, reveal differences in the magnitude of
the PL maxima. Different relative temporal patterns are evident from the normalized PL transients
assigned to the different clusters (the median transient curve of each cluster is the colored dashed
line). (c) Distributions of power conversion efficiency (PCE), open-circuit voltage (Vo ), short-circuit
current density (Jg¢), fill factor (FF), and perovskite thin film thickness for each cluster reveal distinct
correlations between the PL transients and the target variables, demonstrating the ability of clustering to
extract meaningful data patterns. Mean and median values are indicated by white diamonds and black
lines, respectively. Adapted with permission from [346]. Results of clustering transients of diffuse
reflection and PL peak wavelength are discussed in Figure A.6 and Figure A.7.

with higher cluster numbers. In contrast, for transients in cluster #3, corresponding to thinner films, the signal
decreases after a brief oscillation. This behavior is attributed to the outcoupling properties influenced by the final
surface roughness of the thin film, which depends on the residual solvent content at the time of venting.[304, 347]

Finally, after analyzing the differences in the transient characteristics, the clusters are evaluated in terms of the
performance of the corresponding solar cells. The analysis confirms that clustering the entire PL transients
effectively reveals data patterns that correlate with the performance of the fully fabricated devices. As the clusters
are sorted, showing a gradual shift in the PL onset time and a gradual increase in the magnitude of the PL. maxima,
trends in the PV performance boxplots can be related to these changes in the PL transient characteristics. As
described, changes in the PL transients are attributed to different wet film thicknesses, allowing the PL data to be
correlated with the perovskite thin film thickness. However, trends in PV performance parameters are also observed
with changing PL characteristics (see Figure 5.8c). In general, PCE and FF increase from cluster #0 to cluster #3,
corresponding to higher PL. maxima and earlier PL onsets, indicating a correlation between PL onset time and PL
maximum magnitude and the photovoltaic parameters PCE and FF. The general trend is reflected by the mean and
median PCE increasing from cluster #0 to cluster #3. Consistent with previous clustering examples, the variance in
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Figure 5.9: Statistical tests show the significance of the difference between the target variable distributions of the
clusters. (a) p-values obtained from t-tests (scipy.stats[140]) for power conversion efficiency (PCE),
open-circuit voltage (Vo ), short-circuit current density (Js¢), fill factor (FF), and perovskite thin film
thickness. (b) p-values obtained from z-tests (statsmodels[141]) for the same metrics. p-values smaller
than 0.05 indicate that the means of two clusters are significantly different. The z-test is appropriate
for large sample sizes with known variances, while the t-test is used for smaller sample sizes or
when variances are unknown. The results show that, with the exception of the Vo distributions, the
distributions of the clusters are significantly different, supporting the effectiveness of clustering in situ
data for distinguishing solar cell characteristics.

PCE is low in the best-performing cluster, but increases as the mean PCE decreases across clusters. The analysis
reveals distinct data patterns in cluster #3 that result in predominantly high-performing solar cells, with very few
low-performing samples. In particular, 87.3% of the solar cells in cluster #3 have a PCE higher than the average of
the training set (PCE,,cqr, = 11.6%), highlighting the above-average performance of solar cells in this cluster (see
supporting information of [346]). A similar, even more pronounced trend is observed for FF. Mean and median FF
increase from cluster #0 to cluster #3, with 93.7% of solar cells in cluster #3 having a higher FF than the dataset
average (FF,can = 58.0%).

No clear trend is observed for Voo and Jsc. The median Voo decreases from cluster #0 to cluster #3, with
cluster #1 as an outlier. This could indicate an inverse correlation between V¢ and both the magnitude of the PL
maximum and the PL onset time. However, statistical tests (t-tests and z-tests) indicate no significant differences
between the means of the Vo distributions across clusters (see Figure 5.9). For Jg¢, the mean increases from
cluster #0 to cluster #2, but this trend is interrupted by cluster #3. Statistical testing reveals significant differences in
the means of Jg¢ across most clusters (see Figure 5.9), indicating a correlation between Jg¢ and the PL transients.
Unlike the clear trend seen for PCE and FF, Jg~ does not show a consistent increase from cluster #0 to cluster #3,
suggesting a more complex relationship that cannot be explained by gradual shifts in PL onset time or PL. maximum
magnitude alone.

In addition, applying k-means clustering to the other channels obtained from IPDRI reveals data patterns that
correlate with the performance of fully fabricated devices. Clustering based on the PL peak wavelength transients
shows similar trends in the distribution of PV parameters, particularly PCE and FF, suggesting a correlation between
the observed data patterns and solar cell performance. As with the PL transients, no clear trend is found for V¢ and
Jsc (see Figure A.7). When clustering samples based on diffuse reflection transients, no significant relationship is
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observed between the transient data patterns and PV parameters. However, a clear correlation is found between the
evolution of diffuse reflection transients and the final thin film thickness (see Figure A.6).

In summary, applying k-means clustering to the full in sifu PL transients without human-selected input features
reveals distinct data patterns. By analyzing the entire transient data, clusters are generated that differ regarding
several characteristics, including the PL onset time and the magnitude of the P maxima. It is shown that the
data patterns assigned to the different clusters correlate with the performance of the fully fabricated devices. Early
PL onset and higher PL. maxima are associated with better-performing solar cells, as reflected in higher PCE and
FF values. While trends are identified for PCE and FF, the clusters, which are assigned based on gradual shifts
in PL onset time and PL maximum magnitude, show no clear trends regarding Voo and Jgc. Furthermore,
clustering based on other IPDRI channels demonstrates similar trends for PCE and FF when examining the PL
peak wavelength transients, while clusters of diffuse reflection transients correlate with thin film thickness but not
with the photovoltaic performance. Unsupervised machine learning allows investigation of the perovskite thin-film
formation without obscuring subtle data patterns by simplifying the complex data through human feature selection.
By applying k-means clustering to the entire in situ PL transients, this approach minimizes bias, uncovers hidden
transient data patterns, and reveals relationships between PL data and solar cell performance, providing a more
holistic analysis.

5.4.3 Spatial Distribution of Clusters Reveals Heterogeneous Thin-Film Quality

When analyzing the four PL transient clusters, it is evident that cluster #0 has a notably larger variance in solar cell
performance metrics compared to the other clusters (see Figure 5.8c). To investigate whether the PL patterns within
cluster #0 still correlate with solar cell performance or whether this subset lacks such a relationship, a subclustering
analysis is performed on this subset of data. This additional clustering reveals finer distinctions in the PL transient
patterns, suggesting that even within cluster #0, variations in the transients can be linked to differences in solar cell
performance. Based on these findings, the spatial distribution of the clusters across the substrate is investigated
to uncover potential process-related factors affecting performance. By examining the positioning of the solar cells
during fabrication, spatial correlations between the PL transient patterns and solar cell performance are identified.
It is observed that certain clusters, particularly those associated with poorer performance, are predominantly
located in specific areas of the substrate. This spatial analysis reveals that process-related factors, such as material
backflow and thickness deviations during blade coating, contribute to the heterogeneity in perovskite thin-film
quality. Understanding these spatial variations provides valuable insights into detrimental process mechanisms and
highlights areas for optimization in the fabrication process.

To determine whether the subset of samples in cluster #0 still shows a correlation between PL data and solar cell
performance despite the high variance, a second round of clustering (subclustering) is performed (see Figure 5.10a).
The elbow method identifies kg,;, = 3 as the optimal number of subclusters (see Figure 5.11a). Since the previous
analysis has shown a correlation between PL onset time, PL. maximum magnitude, and solar cell performance (see
Figure 5.8), the PL transients are truncated for the subclustering step to minimize the influence of data collected
after vacuum quenching was stopped at 170s. To illustrate the reasoning behind subclustering, i.e., performing
two consecutive rounds of clustering, a comparison of the cluster centroid transients from different approaches is
presented. By comparing the centroids from two rounds of clustering with those from a single round of clustering
(k = 6, for the same total number of clusters), using both untruncated and truncated transients, the differences in
the identified data patterns become apparent (see Figure 5.11b). Subclustering divides the data more precisely into
several low-intensity PL subclusters, while clustering with k = 6 in a single round produces less distinct divisions,
particularly for low-intensity PL transients.

Consequently, subclustering reviews whether further resolving of the PL transients regarding PL onset time and
PL maximum magnitude allows extending the correlation between PL data and solar cell performance to samples
previously assigned to cluster #0. As the correlation holds, it is found that assigning the samples to three subclusters
allows further differentiation between PL transient patterns associated with different solar cell performance. Like
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Figure 5.10: In-depth investigation of the clusters confirms the correlation with solar cell performance and shows

distinct spatial distribution of the clusters. (a) Schematic of the subclustering process, where the
original cluster #0 is further divided into subclusters (0_a, 0_b, 0_c), revealing additional substructure
within the data. (b) The PL transients previously assigned to cluster #0, are truncated and subclustered,
showing distinct patterns in PL evolution over time. (c, d) Comparison of power conversion efficiency
(PCE), open-circuit voltage (Vo ), short-circuit current density (Js¢), fill factor (FF), and perovskite
thin film thickness distributions confirms the previously identified correlation between PL transients
and target variables also for samples in the high variance cluster #0. Mean and median values are
indicated by white diamonds and black lines, respectively. (e, f) Heatmaps showing the spatial
distribution across the 32 possible locations on the large-area substrates of the worst-performing
cluster, cluster 0_a (e), and the best-performing cluster, cluster #3 (f). The subclustering analysis
demonstrates the ability to resolve finer distinctions within clusters that correlate with variations in
solar cell performance. Partially adapted with permission from [346].
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Figure 5.11: Comparison of clustering and subclustering approaches for photoluminescence (PL) transients. (a)
Elbow plot for determining the optimal number of subclusters for cluster #0, showing the within-
cluster sum of squares as a function of the number of subclusters. The red dashed line indicates kg,
= 3 as the optimal number of subclusters. (b) Comparison of centroid PL transients obtained using
different clustering strategies: single-round clustering with k = 6 (left), single-round clustering with
truncated PL transients and k = 6 (middle), and two-round clustering with k = 4 for the first round
and kg, = 3 for subclustering cluster #0 (right). The analysis shows that subclustering provides a
more refined division of PL transients within low-intensity clusters, facilitating the investigation of the
correlation between PL data and solar cell performance for samples in cluster #0. Partially adapted
with permission from [346].

in the first round of clustering, it is observed that the PL onset time as well as PL maximum magnitude have a
profound impact on the subclustering result (see Figure 5.10b). Compared to the PCE distribution of the original
cluster #0, solar cells in subcluster 0_a have poorer average performance, while those in subcluster O_c have higher
average PCEs (see Figure 5.10c). Both the mean and median PCEs differ across the three subclusters, indicating
that the extracted PL transient patterns can be associated with differences in performance. Although no clear trend
is observed for Voo and thin film thickness, similar trends are evident for Jg- and FF distributions across the
subclusters. In summary, subclustering confirms the previously identified correlation between PL transients and
solar cell performance for samples in cluster #0 (see Figure 5.10d).

After evaluating the clusters based on solar cell performance metrics, the position of each solar cell on the substrate
during fabrication is introduced as an additional feature for further analysis. Incorporating this spatial information
reveals distinct spatial patterns of PL transients associated with different clusters. Substantial differences in the
spatial distribution of the clusters across the substrate are observed as certain PL transient patterns are predominantly
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Figure 5.12: Spatial distribution of average PCE and thin film thickness across the substrate. Heatmaps showing
the spatial distribution of (a) average power conversion efficiency (PCE) and (b) average perovskite
thin film thickness for all training set solar cells across the 32 possible locations on the large-area
substrates. Cells with higher PCE values are predominantly located in the left-central region of the
substrate, corresponding to cluster #3. In contrast, cells in areas affected by solution backflow have
lower PCE values. Along the right edge of the substrate increased thickness is observed due to material
backflow during blade coating.

located in specific areas of the substrate. First, analyzing the spatial distribution of solar cells assigned to the
poorest-performing cluster, cluster 0_a, reveals a concentration of these cells along the right edge of the substrate
(see Figure 5.10e). During fabrication, almost none of the solar cells in cluster 0_a were positioned on the left side
of the substrate, while over 80% were located in the rightmost quarter. To connect the extracted PL patterns with
the experimental process, the morphology of the blade-coated perovskite thin films is investigated. Comparing the
film morphology with the spatial distribution of cluster 0_a indicates that the accumulation of low-performing cells
results from an arc-shaped inhomogeneity caused by precursor solution backflow as the blade coating applicator
is moved from left to right. This backflow causes spatial variations in material distribution, resulting in thin film
thicknesses that deviate from the intended thickness. These spatial variations in perovskite thin film properties lead
to altered PL transients, and based on these differences, unsupervised machine learning assigns these samples to a
cluster containing predominantly low-performing solar cells.

Second, the solar cells assigned to the best-performing cluster, cluster #3, were also predominantly located in a
specific area of the substrate. Unlike cluster 0_a, almost none of the solar cells in cluster #3 were positioned in
the substrate area affected by solution backflow (see Figure 5.10f). The majority of these high-performing cells
were located in the center of the leftmost quarter of the substrate. This spatial distribution results from thickness
variations caused by a decreasing amount of solution available for blade coating as the applicator moves from
left to right, as well as material flow toward the top and bottom edges of the substrate. Heatmaps of the original
clusters reveal similar insights regarding their spatial distribution (see Figure A.8). Consequently, the extracted PL
data patterns from the original clusters are not uniformly distributed but are also concentrated in specific areas of
the substrate. Examining the spatial distribution of the average PCE of the solar cells further confirms that cells
positioned in the substrate area affected by solution backflow generally exhibit poorer performance (see Figure 5.12a
and Figure A.9). In addition, the spatial distribution of average thin film thickness highlights the increased perovskite
thin film thickness along the right edge of the substrate due to solution backflow (see Figure 5.12b).

In summary, subclustering of the original PL transient cluster #0 reveals that even within this group of high
PV parameter variance, distinct PL transient patterns correlate with solar cell performance. By performing a
second round of k-means clustering on the samples assigned to cluster #0, finer distinctions in PL onset time
and PL. maximum magnitude are identified, confirming that the correlation between PL transients and solar cell
performance extends to this subset. Furthermore, incorporating the spatial position of each solar cell on the substrate
into the analysis uncovers significant differences in the spatial distribution of the clusters. Solar cells assigned to
poor-performing clusters, like subcluster 0_a, are predominantly located along the right edge of the substrate, an
area affected by solution backflow during blade coating. The backflow of material leads to thickness variations and
inhomogeneities in the perovskite thin film, resulting in altered PL transients and reduced solar cell performance. In
contrast, solar cells in the best-performing cluster, cluster #3, are mainly located in substrate areas with uniform thin
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film thickness, unaffected by solution backflow. This section demonstrates that unsupervised machine learning not
only uncovers hidden patterns in PL transients that correlate with solar cell performance but also reveals a spatial
distribution of PL patterns indicative of poor solar cell performance related to detrimental process mechanisms. By
identifying issues such as solution backflow and thickness variations, this approach provides valuable insights for
improving the quality of perovskite thin films by optimizing the fabrication process.

5.5 Predicting Solar Cell Performance Prior to Device Completion
using Supervised Machine Learning

Building on insights from unsupervised machine learning that revealed correlations between in situ PL transient
patterns and solar cell performance, the focus is shifted from descriptive to predictive analysis using supervised
machine learning. While clustering has identified PL patterns related to spatial inhomogeneities in perovskite
thin-film formation, the ultimate objective is to predict solar cell performance before device completion. Early
prediction of PV performance metrics, such as PCE, is crucial for improving process control, reducing material
waste, and accelerating the commercialization of perovskite PV technology. Transitioning from descriptive to
predictive analysis, ML-based process monitoring of the perovskite thin-film formation enables early detection of
deviations from the intended experimental process and facilitates real-time process control.

To achieve early assessment of perovskite PV properties before the solar cells go through the subsequent fabrication
steps required for experimental performance measurement, this section applies supervised machine learning to
predict solar cell performance based solely on insifu PL data acquired during the vacuum quenching of blade-
coated perovskite thin films. In supervised ML, the model learns a mapping between the input data features and the
target variable, and when given new input data, the trained model predicts the corresponding target variable for the
new sample (see section 2.3.1.1 for more details). For the initial investigation, the k-nearest neighbors algorithm[80]
is chosen because it is a supervised ML method that is simple and effective without requiring extensive parameter
tuning. Like unsupervised k-means clustering, kNN is distance-based and assumes that similar samples are close
to each other in the feature space. To predict the target value of a new sample, KNN determines the k samples in
the training set that are closest (most similar) to the new sample based on the Euclidean distance (see Figure 5.13).

Predicted
PCE

E——————
C T

N Ground Truth
PCE

=|=|=|=/

Figure 5.13: Schematic representation of the concept of predicting the power conversion efficiency (PCE) of
perovskite solar cells using the k-nearest neighbors (kNN) algorithm prior to completion into fully
fabricated devices. Time-resolved multi-channel imaging data, including photoluminescence and
diffuse reflection, are captured during the perovskite thin-film formation. Using the acquired in situ
data as model input, the supervised machine learning method kNN predicts the PCE based on
similarity to neighboring samples in the feature space. After the perovskite thin films are fabricated
into functional devices, the ground truth PCE is measured experimentally and compared with the
predicted values to evaluate the prediction accuracy of the KNN model.
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The mean of the k closest samples in the training set is then output as the prediction for the new sample.

To ensure an unbiased evaluation on the test set, the model is trained exclusively on the training set. The
hyperparameter optimization, i.e., the determination of the number of neighbors k, is performed by fivefold cross-
validation on the training set (see section 2.3.5 for more details). For each fold, the prediction accuracy is measured
by the MAE, the average magnitude of the errors between the predicted values and the ground truth (lower is better).
The overall model performance is then determined by averaging the MAE values across all five folds for different
values of k. This approach allows the identification of the optimal value of k without using any data from the test
set. A separate KNN model is trained for each target variable, resulting in distinct optimal values of the parameter
k for the different target variables, including the PV performance parameters (PCE, Vo¢, Jsc, and FF) as well as
the perovskite thin film thickness.

To establish a benchmark for predictive performance, a simple baseline model is introduced as a reference for
evaluating prediction improvements. This baseline model uses the mean value of the target variable (e.g., PCE)
from all samples in the training set as the predicted value for each new sample. It represents the predictive ability of
a human researcher without the help of machine learning methods. Without predictive tools, the researcher would
likely assume that the results of new experiments (i.e., the test set) are comparable to the average results of previous
experiments (i.e., the training set) because no experimental parameters or conditions have been changed. Thus, the
baseline predicts the mean of the training set for all new samples.

To evaluate the predictive performance of the KNN models during cross-validation on the training set, the MAEs
obtained by the kNN regression are compared to the baseline MAESs (see Table 5.2). For the initial investigation,
only the PL; p 725, transients are used as input to the prediction model, but the next section examines the
differences in prediction results when the different IPDRI channels are used as input to the model (see section 5.6).
Since lower MAE values indicate better performance, an improvement is observed for all target variables as the
prediction error is reduced when comparing the kNN model to the baseline. For PCE, the kNN model achieves a
substantial improvement, reducing the MAE from 1.90%s to 1.54%,4s, which corresponds to a relative decrease
of 18.8%..;. Although the model shows only a modest improvement for Vo with a decrease of 8.4%.,..; (from

Table 5.2: Reduction of prediction error using the k-nearest neighbors (kNN) regressor. The prediction result of
the KNN model using the photoluminescence transient (PL 7, p 725,,,,) as input is compared to a baseline
model representing human predictive capabilities that predicts the training set mean. Bold values indicate
prediction improvement on previously unseen data (test set). (for MAE: lower is better |, MAE: mean
absolute error, kNN: k-nearest neighbors, k: number of neighbors, PCE: power conversion efficiency,
Voc: open-circuit voltage, Jg¢: short-circuit current density, FF: fill factor)

MAE - Cross-Validation MAE - Test Set
Target E E
arge Baseline kNN rror Baseline kNN rrOf
Variable Reduction Reduction k
PCE [%] 1.90 1.54 —18.8% e 1.94 1.52 =21.7%¢; 14
Voc [V] 0.031 0.028  —8.4%a 0.036  0.030 -17.1%;.¢; 24

Jsc [mA/cm?] 143 1.25 —12.7%e1 1.37 1.14 =17.0%¢; 15
FF [%] 6.56 5.10 —22.3%pel 6.55 5.10 —22.2%¢; 14

Thin Film

. 13793  79.29  —42.5%,, 139.80  67.68 —51.6%.¢; 18
Thickness [nm]
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0.031V to 0.028 V), it performs better for Jgc, reducing the MAE from 1.43 mA/cm? to 1.25 mA/cm?, a decrease
of 12.7%;..;. There is also a substantial improvement in the prediction of FF, as the MAE decreases by 22.3%,.,
from 6.56%ps t0 5.10%ps. The model performs particularly well in predicting the perovskite thin film thickness,
where the MAE decreases from 137.93 nm to 79.29 nm, resulting in a substantial relative reduction of 42.5%.;.
After determining the optimal value of k through cross-validation on the training set, the predictive capability of the
kNN models is evaluated on previously unseen data in the test set. Compared to the baseline, which represents the
human predictive ability, the KNN models show substantial improvements in prediction accuracy, as evidenced by
lower MAEs (see Table 5.2). For PCE and FF, the MAE is reduced by 21.7%;.¢; (from 1.94%,s to 1.52%¢5) and
by 22.2%.¢; (from 6.55%ps t0 5.10%5), respectively. Similarly, the MAE for Vo decreases by 17.1%,.¢; (from
0.036'V t0 0.030 V) and for Js¢ by 17.0%,.¢; (from 1.37 mA/cm? to 1.14 mA/cm?). Again, the largest improvement
is observed for the prediction of thin film thickness, where the MAE is reduced by 51.6%,.¢;, from 139.80 nm to
67.68 nm.

To evaluate how accurately the models predict the target variables compared to the experimentally measured data
(i.e., ground truth), parity plots are used to visually validate the performance of the kNN models. The results of the
test set predictions clearly show that the KNN models outperform the baseline predictions (see Figure 5.14). The
baseline, which uses the mean value of the training set as the prediction for each test sample, fails to accurately
predict the target variables. This reflects the inherent limitations of a human researcher’s predictive ability, which
relies only on past experimental results without specific data-driven insights, and underscores the importance of
introducing ML-based predictive capabilities into the experimental laboratory.

In contrast, the KNN models show substantially better agreement between the predicted and actual values, particularly
for the perovskite thin film thickness. The parity plots confirm the quantitative results, highlighting the best
prediction performance for perovskite thin film thickness (see Table 5.2). While a clear correlation between
prediction and ground truth values is observed for thin film thickness, PCE, and FF, the models show less accuracy
when predicting Vo and Jg¢. Interestingly, the parity plots indicate that the models tend to overestimate outliers
with low ground truth values for all photovoltaic performance parameters (PCE, Vo, Js¢, and FF). This may be
due to the complex task of predicting PV performance metrics based solely on data acquired during the perovskite
thin-film formation step, while the final performance of the solar cells is influenced by subsequent processing steps
and the quality of the entire device stack.

While irregularities in the other fabrication steps can adversely affect solar cell performance, they are not captured
in the input data used to train the models. Consequently, this limitation may contribute to discrepancies in model
predictions. In contrast, since the perovskite thin film thickness is only determined during the thin-film formation
step, and this process is fully represented in the in sifu data, the parity plot for thin film thickness shows no data
points in the top left corner. This suggests that the KNN model predictions for thin film thickness are unaffected by
the complexities introduced by downstream processing steps, which can lead to deviations in solar cell performance
that are not captured in the input data.

For a more comprehensive comparison of prediction accuracy across different target variables, additional error
metrics, namely RMSE and R?, are introduced alongside MAE to further evaluate the predictive performance of the
kNN models (see Table 5.3). Similar to MAE, RMSE measures the magnitude of prediction errors (lower is better),
but it penalizes larger errors more severely, providing a complementary metric of model accuracy. The kNN model
achieves lower RMSE values for all target variables compared to the baseline, indicating fewer large deviations from
the ground truth values. Notably, with an RMSE of 2.28% for PCE prediction, the model outperforms "the best
models for PCE prediction based on literature databases which have achieved an RMSE of around three percent
units", according to a recent review paper on machine learning in perovskite research [155].

The R? scores provide further evidence of the improved fit of the KNN models, measuring how well the predictions
explain the variance in the data. Substantial improvements in R? (higher is better) are observed for PCE (from
-0.03 to 0.24), Jsc¢ (from -0.00 to 0.18), FF (from -0.05 to 0.21), and particularly for thin film thickness (from
-0.04 to 0.74), indicating a strong correlation between predicted and ground truth values. However, for Vo, the
R? value remains low (0.008), indicating that this parameter is less predictable from the available input features,
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Figure 5.14: Parity plots of k-nearest neighbors (kNN) model predictions for solar cell performance metrics and
thin film thickness. The parity plots compare the kNN model predictions using the photoluminescence
transient (PL 7, p 725, ) as input against the ground truth values for power conversion efficiency (PCE),
open-circuit voltage (Vo ), short-circuit current density (Js¢), fill factor (FF), and perovskite thin
film thickness. The baseline predictions, which use the mean value of the training set as the prediction
for each held-out test sample, show poor agreement with the ground truth, while the KNN models
demonstrate a much closer fit to the perfect prediction line (black dashed line). The best prediction
performance is observed for thin film thickness. For each target variable, the optimal number of
neighbors k is determined using cross-validation on the training set. The parity plots reveal that KNN
predictions tend to overestimate outliers with low ground truth values for all photovoltaic performance
parameters, highlighting the challenges in predicting PV performance metrics based solely on in situ
data from the thin-film formation step. Adapted with permission from [346].

highlighting potential limitations of the in situ PL data for accurate Vo prediction, at least for this dataset. Overall,
the additional error metrics further confirm the superior predictive capabilities of the KNN models compared to the

baseline.

In summary, transitioning from descriptive analysis using unsupervised machine learning to predictive analysis by

leveraging supervised ML, this section demonstrates that k-nearest neighbors regression can effectively predict solar
cell performance metrics and perovskite thin film thickness based solely on insitu PL data acquired during the

thin-film formation process. By training kNN models on PL transients, significant reductions in prediction error

are achieved compared to a baseline model representing human predictive capabilities, which predicts the mean of
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Table 5.3: Predictive performance of the k-nearest neighbors (kNN) model using the photoluminescence transient
(PLz p 725nm) as input on the held-out test set measured in different error metrics. (for MAE and RMSE:
lower is better |, for R?: higher is better 1, MAE: mean absolute error, RMSE: root mean square error,
R2: coefficient of determination, kNN: k-nearest neighbors, PCE: power conversion efficiency, Voc:
open-circuit voltage, Jg¢: short-circuit current density, FF: fill factor)

MAE RMSE R?
Target . . .
- Baseline kNN Baseline kNN Baseline kNN

Variable
PCE 1.94% 1.52% 2.65% 2.28% -0.03 0.24
Voo 0.036 V 0.030V 0.100V 0.100V -0.001 0.008
Jso 1.37mA/cm? 1.14mA/cm®  2.12mA/cm®  1.92mA/cm?>  -0.00 0.18
FF 6.55% 5.10% 8.64% 7.48% -0.05 0.21
Thin Fil

A 139 80nm 67.68 nm 182.29 nm 91.35nm  —0.04 0.74
Thickness

the training set. The kNN models show substantial improvements in prediction accuracy, reducing the MAE for all
target variables and achieving the highest relative improvement for perovskite thin film thickness. Additional error
metrics, including RMSE and R?, further validate the improved predictive capabilities of the kNN models. While
the R? values indicate strong correlations between predicted and ground truth values for most target variables, the
low R? value for Vo highlights the challenges of predicting this parameter using in situ PL data alone. Parity
plots visually confirm that the kNN models outperform the baseline predictions, especially for thin film thickness,
PCE, and FF. However, for the PV performance metrics there is also a consistent overestimation of outliers with
low ground truth values, possibly due to the influence of downstream processing steps not captured in the in situ
data. This suggests that while KNN models can effectively capture the relationships between in situ PL transients
and perovskite thin-film quality, the complexity of predicting PV parameters based solely on thin-film formation
data is limited by the lack of information from other processing steps. Overall, the results highlight the potential of
supervised machine learning to predict solar cell performance metrics prior to device completion, facilitating the
detection of deviations from the optimal experimental process through data-driven process monitoring to increase
yield and reduce material waste.

5.6 Prediction Accuracy of Various Machine Learning Algorithms
using Different Input Data

The previous section demonstrated the potential of using the supervised ML method k-nearest neighbors to predict
solar cell performance metrics and perovskite thin film thickness using only the PLy, p 795, transients. However,
one of the major benefits of the IPDRI setup is its ability to capture multiple imaging channels, each providing
unique insights into the process through different signals. Therefore, this section investigates the predictive capa-
bilities of these different IPDRI channels by comparing the prediction accuracy of kNN when using different input
data. In addition, kNN is benchmarked against other classical supervised machine learning techniques by analyzing
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Figure 5.15: Prediction performance of k-nearest neighbors (kNN) on the held-out test set using different in situ
channels as model input. (a) Mean absolute error (MAE) of kNN predictions for power conversion
efficiency (PCE) and thin film thickness using different in sifu signals as input. The baseline model,
which uses the mean of the training set as the prediction for each test sample, has the highest MAE.
The lowest errors for both PCE and thin film thickness are achieved using the photoluminescence
(PL) intensity channels (LP725,mm, LP780nm, and SP775,.m). (b) R? scores for kNN predictions of
PCE, open-circuit voltage (Vo ¢), short-circuit current density (Js¢), fill factor (FF), and perovskite
thin film thickness. The highest R2 values for PCE, FF, and thin film thickness are observed with
the PL intensity channels, while the PL,,. . channel performs best for Js¢ prediction and Vo shows
consistently low predictability across all channels.

and comparing their respective predictive performance.

Comparing the prediction results obtained with different input signals reveals substantial differences in the predictive
performance between individual signals, suggesting that some channels are more informative than others when pre-
dicting different target variables (see Figure 5.15). Compared to predictions of the kNNs using any IPDRI channel
as input, the baseline model consistently performs the worst, indicating that the use of these spectral in sifu transients
provides valuable information for solar cell performance predictions. Consistent with previous results, investigating
the input-dependent test set prediction results, after parameter k optimization for each input-target-combination
using cross-validation, confirms that thin film thickness is more predictable than other solar cell parameters, with
consistently higher R? values. On the other hand, V¢ remains difficult to predict, regardless of the signals used.
Among the acquired signals, the three PL intensity channels, namely PL7, p 7250,m,; PLL P 780nm> and PLsp 7750m
stand out as the generally best-performing individual predictors for both PCE and thin film thickness, achieving the
lowest MAE and the highest R? scores. However, while for thin film thickness prediction, all three PL intensity
channels (PL 1, p 725nm, PLL P 780nm» and PLsp 775, provide superior predictive performance with minimal vari-
ance compared to other signals, in the case of PCE, only the PL} p 795, and PL1 p 780nm Signals yield the most
accurate predictions with PLg p 775, performing noticeably worse. Regarding MAE and R2, the kNN trained on
either Ry; ¢ or PLyeqr show poorer performance in predicting PCE as well as thin film thickness compared to the
results obtained by the models trained on the three PL intensity channels, indicating a lack of useful information
for predicting these target variables (see Figure 5.15a and Figure 5.15b).

Predictions for Jg¢ also show variability in performance across different signals, but in contrast to PCE, FF, and thin
film thickness, the PL ., channel emerges as the best individual predictor for Js¢ prediction, followed by the PL
intensity channel PLg p 775,.,,. These results underscore the importance of using the IPDRI setup for multi-channel
imaging, which allows the use of specific signals tailored to each target variable instead of relying on a single signal
overall. However, for predicting V¢, all models trained on the different channels perform poorly, suggesting that
this parameter may be inherently difficult to predict based on these spectral measurements.

Interestingly, for all target variables, combining all acquired IPDRI channels as model input does not improve
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Figure 5.16: Parity plots of k-nearest neighbors (kNN) predictions using different in situ channels as input compare
the predictions with ground truth values for power conversion efficiency (PCE), open-circuit voltage
Vo), short-circuit current density (Js¢), fill factor (FF), and thin film thickness. Especially for thin
film thickness and PCE, the kNN models show good agreement. For PCE, V¢, Jsc, and FF, the
models tend to overestimate values for low ground truth samples, reflecting the limitations of using
only data from one process step to predict final device performance. (MAE: mean absolute error)
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5.6 Prediction Accuracy of Various Machine Learning Algorithms using Different Input Data

model performance and even decreases prediction accuracy. This suggests that certain signals introduce noise or
redundant information that negatively affect the models’ ability to generalize. While combining multiple channels
can generally improve robustness, it is not beneficial to prediction accuracy, as evidenced by the drop in model
performance when all signals are used to for predict PCE, thin film thickness, or any other target variable.

This analysis highlights the complexity of predicting solar cell parameters by revealing the significant variation
in model performance between individual input signals. It suggests that some signals are more informative than
others for a given prediction task, and therefore different channels are optimal for predicting different solar cell
parameters. In general, it underscores the importance of acquiring in situ PL data compared to monitoring only
diffuse reflection as the PL intensity channels (PLy, p 725,m, PLL P 780nm, and PLsp 775, ) provide the best overall
predictive performance.

To evaluate the KNN predictions using different signals as input in more detail, all predictions are visually compared
to the experimentally measured data to validate the performance of the models (see Figure 5.16). All kNN models
outperform the baseline predictions, which fail to accurately predict all target variables, highlighting the poor
predictive ability of human researchers. The kNN models show much better agreement between the predicted and
actual values, particularly for the perovskite thin film thickness. Confirming the best prediction performance for the
perovskite thin film thickness, the parity plots show clear correlations between predicted and ground truth values
for thin film thickness, PCE, and FF, while the prediction accuracy is worse when predicting Vo and Jsc.

As for the KNN predictions based on the PLy p 725, channel, the parity plots show that for all photovoltaic
performance parameters (PCE, Vo, Jsc, and FF), the models tend to overestimate values for samples with low
ground truth measurements. As discussed earlier, this is likely due to the fact that the models are trained only on
perovskite thin-film formation data, while the final solar cell performance is influenced by other processing steps
not captured in the input data. The overestimation is attributed to the models being trained solely on perovskite
thin-film formation data, whereas the final solar cell performance is influenced by additional processing steps not
captured in the input data. In contrast, the parity plots for thin film thickness show no such overestimation. Since
thin film thickness is determined exclusively during the thin-film formation step, which is fully represented in the
insitu data, the KNN models predict it more accurately and consistently. As the target variable directly linked
to the process step represented in the training data is predicted more accurately, it underscores the importance of
considering all process steps when predicting solar cell performance and highlights the limitations of models trained
on partial process data.

To benchmark the prediction results obtained with kNN regressors, the predictive performance is compared with
other classical supervised machine learning techniques. Since the PL intensity channel PL, p 725, has been shown
to be one of the generally best-performing individual predictors (see Figure 5.17) and its signal covers the entire
PL spectrum of the investigated DCP material (bandgap of 1.59 eV), the PL 1, p 725, transients are used as input to
the models of several, mostly tree- and neighbor-based, supervised machine learning methods (see section 2.3.1.1
for more details). As with the previous optimization of the parameter k for kNN predictions, one essential hyper-
parameter is identified and optimized for each regression model during fivefold cross-validation on the training set
(number of neighbors k for kNN, ensemble members n_estimators for random forest, regularization parameter
C for support vector machine, maximum depth of the tree max_depth for decision tree, number of estimators
n_estimators for gradient boosting, maximum number of iterations max_iter for histogram-based gradient
boosting, number of estimators n_estimators for AdaBoost, and regularization strength alpha for ElasticNet).
Comparing the test set performance of different regression models using PL p 795,,,, as input reveals substantial
variation in the prediction accuracy for PCE and thin film thickness. Again, the baseline model consistently shows
the worst performance, highlighting the general value of using machine learning models over the human prediction
baseline. For PCE prediction, the support vector machine achieves the lowest MAE and the highest R? score,
making it the best-performing model for this target variable, followed by kNN, gradient boosting, and random
forest. In contrast, decision tree and AdaBoost show relatively poor performance for PCE prediction, with higher
MAE values and lower R? scores. In the case of thin film thickness, all models perform well with consistently high
R? scores and low MAE values, indicating that thin film thickness is more predictable compared to PCE. Among
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Figure 5.17: Comparison of prediction performance on the held-out test set for different supervised machine
learning models using photoluminescence transients (PL7, p 725, ) as input for predicting (a) power
conversion efficiency (PCE) and (b) perovskite thin film thickness. Mean absolute error (MAE) and
R? score are used as performance metrics. The support vector machine achieves the best performance
for PCE prediction, followed by k-nearest neighbors, gradient boosting, and random forest. For thin
film thickness prediction, random forest and histogram-based gradient boosting outperform the other
models.

the models, random forest and histogram-based gradient boosting regression have the best predictive performance
for thin film thickness, while decision tree, ElasticNet, and AdaBoost have slightly higher MAE values and lower
R? scores. Overall, the tree-based models random forest and (histogram-based) gradient boosting, as well as
support vector machine and kNN, generally outperform the other models. Support vector machine is particularly
effective for PCE regression, although it is slightly outperformed by some tree-based models for predicting thin
film thickness. Random forest, gradient boosting, and kNN show good performance for both target variables, while
histogram-based gradient boosting performs particularly well for the thin film thickness regression task. Decision
tree, ElasticNet, and AdaBoost achieve the lowest prediction accuracies for both target variables.

In summary, this section evaluates the predictive capabilities of different IPDRI channels and compares various
classical supervised machine learning algorithms for predicting solar cell performance metrics and perovskite thin
film thickness. The PL intensity channels emerge as the most informative inputs, providing the best accuracy
for PCE and thin film thickness predictions, while Vo remains difficult to predict regardless of the input signal.
Notably, combining all IPDRI channels does not improve prediction accuracy and may introduce noise or redun-
dancy. Benchmarking of different algorithms shows that support vector machines achieve the best performance
for PCE prediction, while random forest and histogram-based gradient boosting predict thin film thickness best.
Overall, random forest, (histogram-based) gradient boosting, support vector machine, and kNN outperform others,
highlighting the importance of selecting appropriate ML models and input data tailored to specific prediction tasks.
These results confirm the potential of using other supervised machine learning methods to improve prediction
accuracy in perovskite photovoltaic fabrication further. By leveraging the informative in sifu data and suitable
machine learning models, ML-based process monitoring of the perovskite thin-film formation increases yield and
reduces material waste by facilitating process optimization and real-time control.
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5.7 Summary

This chapter explores the application of unsupervised and supervised machine learning techniques to in situ pho-
toluminescence imaging data to enhance the analysis of the perovskite thin-film formation process. For such
data-driven analysis of the complex thin-film formation from solution during vacuum quenching, a laboratory-scale
experimental dataset of in sifu PL and reflection data is generated using the IPDRI setup (research objective II, see
section 1.2). The dataset is used to predict material and device properties, including perovskite thin film thickness
and solar cell performance, based on PL and diffuse reflection measurements before subsequent processing steps
are completed (research objective IIT).

First, a unique experimental dataset is introduced, comprising in situ PL data acquired during the vacuum quenching
of 1129 blade-coated perovskite solar cells. All solar cells were fabricated under constant experimental conditions,
ensuring that performance variations are solely due to unintended fluctuations in the fabrication process. The
dataset was published as open source and serves as a valuable resource for applying machine learning techniques
to investigate various research questions related to the complex perovskite thin-film formation process.

Second, to motivate the additional effort required for in sifu measurements, the advantages of in sifu monitoring over
ex situ measurements alone are demonstrated. By showing a stronger correlation between solar cell performance
and features extracted from in situ PL. data compared to ex situ data, the importance of capturing data during the
thin-film formation process is highlighted to enable more accurate predictions.

Third, unsupervised machine learning, specifically k-means clustering, is applied to the in sifu PL transients without
relying on human-selected features as they provide qualitative intuition but also highlight the limitations of manual
feature selection, which oversimplifies the complex data. Clustering reveals distinct data patterns that correlate with
the performance of fully fabricated devices. Clusters that differ in PL onset time and PL maximum magnitude are
identified, with earlier PL onset and higher PL. maxima associated with better-performing solar cells. In addition,
incorporating the spatial distribution of the clusters reveals heterogeneous thin-film quality across the substrate due
to process-related solution backflow during blade coating, resulting in thickness variations and inhomogeneities.
Next, transitioning from descriptive to predictive analysis, supervised machine learning is used to predict solar cell
performance prior to device completion. K-nearest neighbors regression models are trained on in situ PL data to
predict perovskite thin film thickness and photovoltaic performance metrics. The kNN models achieve a substantial
reduction in prediction error compared to a baseline model representing human predictive capabilities, particularly
in predicting thin film thickness. While the models effectively capture relationships between in situ PL transients
and perovskite thin-film quality, limitations are noted in accurately predicting photovoltaic parameters due to the
influence of other processing steps not captured in the input data.

Finally, the predictive performance of the different IPDRI channels used as model input are compared and the dif-
ferences in prediction error obtained from various classical supervised machine learning algorithms are evaluated.
Compared to diffuse reflection and PL peak wavelength, the PL intensity channels emerge as the most informative
inputs, providing the best accuracy for predicting PCE and thin film thickness. Benchmarking of different supervised
machine learning methods shows that support vector machines achieve the best performance for PCE prediction,
and random forest and histogram-based gradient boosting models perform best for thin film thickness prediction,
highlighting the impact of model choice and its input.

In conclusion, combining the monitoring capabilities of IPDRI with the analytical power of machine learning
enhances process monitoring of the perovskite thin-film formation from solution. While ML models uncover
hidden patterns in in situ data and enable predictions of solar cell performance at early fabrication stages, these
predictions are inherently constrained by factors not captured in the input data, such as post-deposition processing
steps. By detecting unintended fabrication defects early, ML-based process monitoring can still be used for in-line
feedback in industrial production lines to improve yield and reduce waste. Although the final device performance
remains influenced by subsequent processing steps, integrating ML with in sifu monitoring represents a critical step
in optimizing the production process and accelerating the commercialization of perovskite solar cell technology.
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6 Deep Learning for Enhanced Monitoring of the
Perovskite Thin-Film Formation

This chapter demonstrates how deep learning enhances the analysis of perovskite thin-film formation by addressing
critical challenges in transferring perovskite photovoltaics from laboratory to industrial scale. Building on the first
dataset, a more diverse and extensive experimental dataset of in situ photoluminescence and diffuse reflection data
is generated, containing 4448 thin films with varying material compositions and 2215 solar cells fabricated with
systematically varied vacuum quenching times (research objective II). Neural networks are used for in situ material
composition monitoring, detecting subtle variations in the perovskite precursor solution. Beyond ensuring material
consistency during fabrication, DL models enable early in-line assessment of thin-film quality by predicting solar
cell performance before complete device fabrication (research objective III). For both use cases, the DL models
substantially exceed human baseline capabilities and outperform most classical machine learning models, showing
superior scalability as the dataset size increases. Advancing from predictive to prescriptive analysis, a cascade of
ML models is developed to provide in situ Al recommendations for process control by forecasting different quench-
ing scenarios and their impact on device performance (research objective IV). Application of the methodology
to large-area substrates demonstrates spatially resolved feedback for optimizing thin-film quality across multiple
solar cells. The ability to transform complex experimental data into actionable recommendations underscores
the essential role of DL in improving reproducibility, scalability, and quality control. The data-driven approach
is particularly beneficial in high-throughput production, where large-scale data collection enables superior DL
model performance.

Parts of this chapter were published in the research article "Deep learning for augmented process monitoring
of scalable perovskite thin-film fabrication", Energy & Environmental Science (2025), by Felix Laufer (F.L.),
Markus Gotz, and Ulrich W. Paetzold. This work is the result of collaborative research between Karlsruhe Institute
of Technology and Helmholtz AIL.[352] The dataset and the corresponding software code were made publicly
available.[428, 429] Some figures in this chapter were adapted with permission from [352].

F.L. contributed to this project by co-conceptualizing the study, leading methodology development, experimental
investigation, data generation and curation, software implementation, formal analysis, and visualization, as well as
writing the original draft of the manuscript. The contributions of all authors according to the CRediT system are
listed in Table A.4.
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6.1 Motivation

To advance the commercialization of perovskite PV technology, it is essential to improve long-term stability and
reliability as well as scale up high-throughput fabrication to larger, industry-relevant areas. Recently, the perovskite
research community has shown a rapidly growing interest in the application of artificial intelligence, particularly
machine learning, as a powerful tool to address these challenges.[153—-158, 163—167] ML applications in perovskite
solar cell research can be broadly classified into three main areas[155]: (a) accelerated theoretical screening of new
materials, (b) automated high-throughput experimentation and characterization, and (c) improved utilization and
evaluation of experimental data.

One promising application of ML is to enhance perovskite thin-film characterization tools to extract additional
insight from readily available data. For example, such ML-enhanced characterization tools have been used to
forecast experimental data such as environment-dependent transmittance[217] and photoluminescence[235, 236] to
perform accelerated stability testing. In addition, machine vision techniques have been explored to identify substrate
coverage using white light photography.[232] Beyond research environments, ML techniques are increasingly
needed to address the challenges of reliability, batch-to-batch reproducibility, and high fabrication yield, which are
critical for scaling up production to industrial scale.[239] Ensuring consistent performance across different devices
and batches, maintaining a stable baseline process, and quantitatively evaluating process fluctuations require the
development of ML-enhanced in sifu metrology and characterization methods.[156]

ML tools are also seen as essential for narrowing the performance gap between state-of-the-art, small-scale,
spin-coated devices and large-area devices fabricated using scalable deposition methods.[156] The formation of
perovskite thin films from solution is complex,[23, 27, 28] and the probability of defects increases with larger
areas, often leading to shunting of entire cells due to a single defect.[341, 343, 355] The integration of ML with
spatially resolved imaging methods can help address challenges that arise when scaling to larger areas, such as
identifying spatial inhomogeneities and detecting temporal fluctuations. This integration enables the prediction of
how observed changes and inconsistencies in monitoring data will affect the quality of perovskite thin films and
the overall performance of PSCs. Critically, ML enables predictions that are potentially impossible through human
analysis alone. For example, electrical conductance was predicted from dark-field microscopy images using ML,
despite no recognizable patterns in the images that could be interpreted by humans.[163] Also, the use of ML
is not limited to passive monitoring and prediction tasks, but ML-enhanced metrology can be extended to make
active decisions about process control. Despite these advances, the integration of ML into experimental research
laboratories has been gradual and has yet to be fully adopted by experimentalists who could benefit from these
tools, particularly in enhanced data analysis of experimental results (see section 2.4 for more details on the state of
the art of ML for perovskite PV).

To detect thin film defects on large areas early in the fabrication process, previous chapters introduced the in situ
photoluminescence and diffuse reflection imaging system, which allows monitoring of the perovskite thin-film
formation with spatial, temporal, and spectral resolution (see chapter 4). Building on this progress, data-driven
analysis using ML has shown great potential for exploring the complex data generated by IPDRI (see chapter 5),
since human analytical capabilities are inherently limited. Classical ML techniques, namely unsupervised k-means
clustering and supervised k-nearest neighbors, can be applied to investigate the relationship between in sifu data and
device performance under controlled, constant experimental conditions. While this approach has provided valuable
insights into the correlation between perovskite thin-film properties and device performance, its applicability is
limited when faced with varying process conditions, a scenario often encountered in real-world research and
industrial settings. Building on the previous results, this chapter extends the research setup in several substantial
ways: (1) introduction of a more extensive dataset, (2) use of more sophisticated ML methods, and (3) transition
from descriptive and predictive to prescriptive analysis.

To increase the capabilities of ML-enhanced imaging techniques, an appropriate experimental dataset generated
from experiments with systematically varied process conditions is essential. Using the monitoring capabilities of
IPDRI, a new dataset was generated containing IPDRI data acquired in situ during the industry-relevant vacuum
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Figure 6.1: Schematic representation of the integration of Al-driven monitoring and prediction into the perovskite
thin-film formation process. Using the in situ monitoring data acquired during the perovskite thin-film
formation as model input, a neural network performs various tasks to inform the human researcher.
To demonstrate the versatility of the characterization setup enhanced with machine learning, three
increasingly complex use cases are addressed, which are difficult to solve with standard data analysis: (i)
material composition monitoring, (ii) device performance prediction, and (iii) in situ recommendations
for process control. Adapted with permission from [352].

quenching process[430—432] of 2215 blade-coated perovskite thin-film solar cells (research objective II).[428]
This dataset is labeled with corresponding photovoltaic performance parameters, such as PCE. In contrast to the
first dataset where all solar cells were fabricated under constant experimental conditions, maintaining the same
layer stack and materials, this second dataset includes solar cells with perovskite thin films fabricated with a range
of different vacuum quenching times, ranging from 20s to 600s. In addition to the IPDRI data corresponding
to performance metrics of fully fabricated solar cells, the dataset also includes in sifu data acquired from 4448
solar cell active areas with different perovskite material compositions, namely precursor molarity and molar ratio.
Using the newly introduced dataset, this chapter demonstrates the transformative potential of enhancing in situ
metrology with ML-driven data analysis by converting photoluminescence and diffuse reflection imaging data into
early predictions of material composition and device performance. Investigation of this in situ data allows early
qualitative assessment of the complex, large-area thin-film formation process where traditional human analysis is
limited by the complexity and high dimensionality of the data.

In addition to examining a novel, more comprehensive dataset, potential limitations caused by ML model selection
are addressed by introducing advanced deep learning techniques, in particular neural networks, to model complex,
non-linear relationships within the data. The incorporation of DL methods potentially enables more accurate
predictions and insights compared to classical ML approaches. Despite its potential to transform data into meaningful
predictions of critical target parameters, DL has not yet been widely used to analyze complex experimental data in
PSC research laboratories. To fully harness the power of machine learning, this study leverages DL, a sophisticated
ML subcategory, by training artificial deep neural networks to learn complex, non-linear correlations within large
datasets.

This chapter demonstrates the impact of DL-enhanced metrology by addressing three increasingly complex use
cases that are difficult to solve with human analysis alone (see Figure 6.1). These use cases encompass key
challenges in perovskite research, ranging from process reliability and batch-to-batch reproducibility to process
optimization and control. Detecting small unwanted changes in material composition, quantitatively predicting PSC
performance, or forecasting experimental scenarios and their corresponding PCE is nearly impossible for a human
researcher. However, DL-enhanced characterization methods enable tackling these challenges in experimental
data analysis. Artificial deep neural networks are trained on the novel, unique experimental dataset to learn the
underlying mappings between in sifu monitoring data and target variables. The first use case focuses on (i) material
composition monitoring by classifying material target variables, namely precursor concentration and precursor
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Figure 6.2: Sequential workflow for the generation of the experimental in sifu dataset. After acquiring the in situ
monitoring data during vacuum quenching of the perovskite, the thin films are completed into functional
solar cells, and performance metrics such as power conversion efficiency (PCE) are measured. The
dataset linking the acquired monitoring data and PCE is then used for model training and validation
before the model can be used for testing and inference. Adapted with permission from [352].

ratio. Successful learning of these correlations demonstrates that DL-enhanced in sifu imaging methods can detect
precursor inconsistencies at the material level and discriminate between small variations, thereby ensuring the
consistency of materials used in PSC fabrication. The second use case extends the predictive capabilities from
the material level to the device level by enabling (ii) device performance prediction. The ability to predict holistic
device performance before the completion of all fabrication process steps facilitates early assessments of thin-film
quality and device performance, thereby enhancing the decision-making process during production. For both use
cases, (i) material composition monitoring and (ii) device performance prediction, the prediction performance of
deep neural networks is benchmarked against various classical ML methods, and the impact of training set size on
model performance is systematically evaluated. The final use case advances the methodology from predictive to
prescriptive analysis by combining in sifu forecasting of monitoring data with performance prediction to provide
(iii) actionable in situ recommendations for process control. This approach makes it possible to forecast various
experimental scenarios and to predict the corresponding solar cell performance for each scenario, providing scientists
with data-driven insights to guide experimental procedures in the laboratory. This prescriptive analysis enables the
transition from passive predictive analysis to active data-driven process control, further improving PSC fabrication.
In summary, by addressing these use cases, this chapter explores the potential of DL-enhanced metrology in PSC
research, moving beyond descriptive and predictive analysis to prescriptive analysis for active process optimization.
This approach provides a foundation for integrating DL methods into experimental research, ultimately paving
the way for more efficient characterization methods that enable intelligent process control in PSC research and
large-scale production.

6.2 InSitu Photoluminescence Dataset for Exploring Material and
Processing Variabilities in Blade-Coated Perovskite
Photovoltaics

To further advance the study of the perovskite thin-film formation process and to extend the capabilities of ML-
enhanced characterization, a new dataset with systematically varied process parameters is introduced. While the
first dataset focuses on a constant set of fabrication conditions[422], this second dataset is designed to capture the
effect of different process variables, specifically precursor compositions and vacuum quenching times.[428] These
variations enable a more comprehensive analysis of the fabrication process and a deeper insight into how different
conditions affect the resulting thin-film quality and PV performance.

Like the first dataset, the second dataset contains in situ PL and diffuse reflection imaging data acquired during
vacuum quenching of blade-coated perovskite solar cells (see Figure 6.2). To address industrial manufacturing
requirements for scalability and ability to produce large-area thin films, blade coating was used to deposit the
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Figure 6.3: Description of the second generated dataset consisting of in sifu monitoring data and material and
device target variables. The setup captures multi-channel imaging data, including photoluminescence
(PL) and diffuse reflection (Rg; ¢ ¢), during the perovskite formation process. Dimensionality reduction
is performed by feature aggregation, which calculates the spatial mean value at each time step, resulting
in four transients that are used as input features. The dataset contains 4448 thin films with different
perovskite material compositions, namely precursor molarity and molar ratio, and 2215 functional solar
cells fabricated under systematically varied vacuum quenching times. The transient input features are
used as input to neural networks to predict the target variables. Adapted with permission from [352].

perovskite precursor solution (see section 3.1.1.1 for more details on blade coating) and vacuum quenching was
used to initiate the drying and crystallization of the blade-coated wet films (see section 3.1.1.2 for more details on
vacuum quenching).

The in situ data was acquired using the IPDRI setup during the vacuum quenching process (see Figure 6.3). The
camera captures images of the entire 32 x 64 mm? substrate with a temporal resolution of 333 ms, resulting in time
series of images (i.e., videos) that provide spatially resolved PL intensities across three channels and one channel
showing Rgy; ¢ . Thus, the dataset captures the dynamic evolution of the perovskite thin films during the formation
process. In a data preprocessing step, the large-area images were cropped into smaller patches corresponding to the
active areas of individual solar cells, similar to the approach used in the first dataset (see section 5.2 and Figure 2.8a
for substrate layout). The input data was temporally aligned at the beginning of the vacuum chamber evacuation,
and due to the different quenching times resulting in image time series of different lengths, the input features had
to be preprocessed by padding zeros to the end so that they all had the same length.

After deposition of the perovskite thin film, 2215 thin films were built to completion into fully fabricated, functional
solar cells using the same layer stack as in the first dataset (glass, ITO, NiO,, 2PACz, double cation perovskite
layer, Cgo, BCP, Ag; see section 3.1.3 for more details). The performance of all solar cells was determined by
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Figure 6.4: Distribution of solar cell performance metrics used as device target variables for the full dataset,
training set, and test set. The full dataset of 2215 solar cells is divided into training and test sets
(72.5%/27.5%), containing 1606 and 609 samples, respectively. The 2215 solar cells were fabricated
under systematically varied vacuum quenching times, with the reference cells incorporating perovskite
thin films quenched for 180 s (see Figure 6.5b for the device quenching time distribution). Model
training and hyperparameter optimization are performed on the training set, while unbiased model
evaluation is performed on previously unseen data in the test set. For all target variables, the distributions
of the training and test sets show good agreement, ensuring representative sampling for training and
testing.
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Figure 6.5: Dataset distribution and fivefold cross-validation setup for predicting power conversion efficiency (PCE)
and classifying precursor properties. (a) Histograms of PCE values show the distribution across the
training (n = 1606) and test (n = 609) sets, with the training data further divided into five folds for
cross-validation. The stratification based on substrate level ensures a consistent and representative
evaluation of the models. (b) Histograms illustrating the distribution of training and test samples for
the different process parameters quenching time, precursor molar ratio, and precursor molarity. The
dataset includes 2215 fully fabricated solar cell devices with quenching times distributed as follows:
192,222,218, 221,422, 174, and 157 samples in the training set, and corresponding samples in the test
set: 63, 62, 64, 63, 230, 64, and 63. The molar ratio subset consists of 288, 256, 256, 352, 256, 256,
and 256 training samples for each class, with 96 test samples per class. The molarity subset contains
288 training samples and 96 test samples per class. 46 samples overlap between the molar ratio and
molarity subsets, resulting in 4448 unique thin films. Adapted with permission from [352].

measuring the current-density-voltage curves, and key PV parameters such as PCE, V), Js¢, and FF were added
to the dataset as target variables (see Figure 6.4). When evaluating models trained on either of the two datasets, it is
crucial to remember that the solar cell device target variables are influenced by all fabrication steps, while the IPDRI
data only captures information related to the perovskite formation process and lacks insight into other fabrication
steps. As a result, any irregularities that occur in other process steps that negatively impact PV performance are
not reflected in the model input data. The dataset and the corresponding software code are publicly available to the
research community.[428, 429]

To evaluate the predictive performance of ML models trained on the dataset, the data was split into a training set and
atest set (75%/25%) (see Figure 6.5a). The data was split at the substrate level, ensuring that all samples originating
from the same substrate were always assigned to either the training or test set. This method enables evaluations
on the test set to be regarded as predictions on newly generated experimental samples. For model training and
hyperparameter optimization, fivefold cross-validation was applied on the training set, with samples from the same
substrate assigned to the same fold (see section 2.3.5 for more details).

In general, both datasets share the common goal of improving process understanding and performance prediction
of perovskite thin-film solar cells using in sifu data. They both use the scalable blade coating technique and vacuum
quenching process for thin-film deposition, making them suitable for large-area fabrication. In addition, both datasets
were acquired using the IPDRI setup, which captures time-resolved images of PL and Rg; ;s ¢, providing a detailed
temporal and spatial characterization of the perovskite thin-film formation. Moreover, in both cases, the solar cells
were fabricated using the same layer stack and precursor materials, with PV performance metrics as target variables
for predictions by ML models. Despite these similarities, the second dataset introduces systematic variations in
vacuum quenching times and precursor compositions (see Figure 6.5b). By including systematic variations in critical
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process parameters, the dataset captures a broader range of process-related differences, allowing ML models to learn
more complex relationships between in situ data and final thin-film quality and solar cell performance. In contrast,
the first dataset was generated under constant experimental conditions, allowing the investigation of the impact
of unwanted variations on material properties and device performance. Furthermore, the second dataset is larger
in size, containing in sifu data corresponding to 2215 solar cells and data corresponding to 4448 thin films (same
dimensions and locations as the active areas of the solar cells) fabricated with different precursor compositions,
compared to 1129 solar cells in the first dataset (see Figure A.10). These differences make the second dataset
more complex and comprehensive, allowing a broader exploration of the relationship between in situ data, process
parameters, thin-film quality, and solar cell performance.

In this chapter, domain knowledge of the importance of the temporal aspect in thin-film formation is leveraged,
emphasizing the temporal progression of the experiment. As a result, the IPDRI image frames corresponding to the
active areas of the solar cells are aggregated by calculating the spatial mean value at each time step. Consequently, the
input feature for each solar cell consists of transients capturing the temporal evolution of the spatial mean intensity
over four channels (PLz, p 7251m, PLz P 780nm» PLs P 775nm, and Rg; ¢ ¢). By applying this dimensionality reduction,
the problem’s complexity is reduced, making it easier to analyze subtle differences in the material formation process
across various iterations and processing conditions, as reflected by changes in the temporal evolution of the IPDRI
data (see section 2.3.8 for more details on dimensionality reduction).

In summary, this second dataset provides a richer and more diverse set of experimental data, potentially allowing
for an improvement in the capabilities of ML-enhanced imaging techniques. By including systematic variations in
vacuum quenching times and precursor compositions, the dataset allows ML models to learn from a wider range
of conditions, facilitating the application of ML techniques to monitor the fabrication process, detect material or
process variations, enable in-line performance prediction, and improve process control.

6.3 Detecting Material Composition Inconsistencies

Achieving precise stoichiometry, the ratio of elements in the crystal structure, during the fabrication of PSCs is
essential to achieve reproducible results and ensure optimal device performance and stability.[433, 434] Small
deviations from the target stoichiometric ratios can significantly affect the crystallization kinetics, phase stability,
morphology, and defect density of the resulting films. These changes directly influence the electronic properties, PV
performance, and long-term stability of PSCs.[350, 435-440] Especially when using scalable, non-rotating deposi-
tion techniques such as blade and slot-die coating, the properties of the precursor solution have a substantial impact
on the final thin-film quality.[23, 441, 442] Consequently, due to the low tolerance against small compositional
variations, precise control over the stoichiometry of the precursor solution is essential to ensure reproducibility and
consistent device performance, key factors for advancing perovskite technology toward commercialization.[443]
This section addresses these challenges by implementing in situ material composition monitoring (use case (i))
by leveraging DL to detect subtle variations in precursor molarity and molar ratios during the fabrication pro-
cess.[352] By distinguishing between small unintended deviations from the target precursor composition based on
time-resolved PL and Rg; ¢ data, the approach enables early identification of process inconsistencies that might
otherwise go unnoticed (see Figure 6.6). This allows for tighter control of material quality in PSC research and
contributes to improved reproducibility and reliability of industrial PSC production through automated in-line
material composition monitoring.

Reference thin films with the composition Csg 17FA( s3Pb(Ig.91Brg.09)3 were fabricated using a precursor solution
with a molarity of 0.67 M and a molar ratio (Pb/A-cation ratio) of 1.0 (see section 3.1.3 for more details). To inves-
tigate the effect of variations in material composition on the in situ PL and Rg; s data, the molar ratio was varied
between 0.9 (lead deficiency) and 1.1 (lead excess) by changing the (CsI:FAI):(PbBry:Pbls) ratio in the precursor
solution (see Figure 6.7). To obtain different molar ratios, base solutions corresponding to molar ratios of 0.9,
1.0, and 1.1 were prepared by weighing the corresponding amounts of precursors. Intermediate molar ratios were
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Predicted
Molarity
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Figure 6.6: Schematic representation of material composition monitoring using the in situ characterization setup
and deep learning. The setup captures multi-channel imaging data of the perovskite thin-film formation
process, including photoluminescence (PL) and diffuse reflection (Rg;f¢), which serve as input to the
model. A neural network model then uses the acquired in situ data to predict variations in precursor
molarity and molar ratio, enabling the detection of unwanted variations in material composition.
Adapted with permission from [352].

obtained by mixing these base solutions in a 1:1 volume ratio. Similarly, the precursor molarity was varied between
0.56M and 0.84 M by changing the amount of solvent added (see Figure 6.8). To vary the precursor molarity,
starting from the standard molarity of 0.67 M, the total solvent volume, consisting of a mixture of (DMF:DMSO
4:1 (Y%u401)):GBL 2:1 (%401)), was decreased or increased by 10%.,,,; and 20%,,,;, respectively. Reducing the solvent
volume increased the molarity to 0.75 M and 0.84 M, while increasing the solvent volume decreased the molarity to
0.61 M and 0.56 M.

To enhance time-resolved in situ PL and diffuse reflection process monitoring with DL, neural network classifiers
are trained to differentiate between variations in the data caused by material composition inconsistencies (see
Figure 6.7 and Figure 6.8). Feedforward neural networks with five fully connected hidden layers are used to classify
input features based on precursor molarity or molar ratio (see Figure 6.6). Unlike recurrent neural networks, the
feedforward architecture allows information to move in a single direction without feedback loops. For the given
classification tasks, the models use five output neurons for molarity classification and seven output neurons for molar
ratio classification, instead of a single neuron as in the regression case (see section 6.4). The models are trained
using fivefold cross-validation on the training set. The average performance over the five folds is used to select
hyperparameters for retraining the model on the entire training set (cross-entropy loss, Adam optimizer,
learning rate: 1074, weight decay: 107%, batch size: 512). The ability of the models to distinguish
subtle variations in these parameters is evaluated on the held-out test set by comparing the predicted target values,
represented as discretized classes, with the actual ground truth labels using confusion matrices, along with metrics
such as accuracy and top-2 score to quantify the prediction performance (see Figure 6.9a and Figure 6.9b).

The confusion matrices show that the models perform well in predicting both the molar ratio and the precursor
molarity based solely on PL and Rg; ¢y data acquired during the thin-film formation.[352] Correctly classified
samples are located along the diagonal, where the predicted values match the ground truth, while incorrectly
classified samples appear as off-diagonal entries, representing instances where the model predictions deviate from
the actual values. However, the model exhibits some misclassifications with noticeable confusion between closely
related classes. More frequent misclassifications between neighboring classes suggest challenges in discriminating
fine variations in experimental conditions (e.g., molar ratios of 0.975, 1.0, and 1.025; or molarities of 0.56 M and
0.61 M). However, inspection of the input data underscores the complexity of the task of distinguishing data from
these neighboring classes (see Figure 6.7 and Figure 6.8).

In addition to the qualitative analysis of neural network predictions on the test set using confusion matrices, a
quantitative evaluation is performed. Predictive performance is measured using two metrics, namely accuracy,
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Figure 6.7: Transients of the monitoring data for different molar ratio classes (dashed line indicates the median).
The transients, derived by spatially averaging the active area at each time step, illustrate the complexity
of discriminating between different molar ratios. Distinguishing adjacent classes is difficult for human
analysis, highlighting the need for machine learning methods to detect these subtle variations. Adapted
with permission from [352]. (LP: longpass, SP: shortpass)
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Transients of the monitoring data for different molarity classes. The sample transients (dashed line

indicates the median), derived by spatially averaging the active area at each time step, illustrate the
complexity of distinguishing different molarity classes. It is hardly possible for a human researcher
to detect subtle changes in molarity during the experiment by visually inspecting the perovskite thin-
film formation. Given the monitoring data, human analysis may be able to distinguish between large
differences in molarity (e.g., 0.56 M vs. 0.84 M), but differentiating between neighboring classes (e.g.,
0.56M vs. 0.61M) is difficult. While there are some noticeable differences in insitu transients,
individual observations of different classes can be very similar and thus difficult to classify for both
human and machine learning models). Adapted with permission from [352]. (LP: longpass, SP:
shortpass)

which reflects the proportion of correctly predicted observations out of the total, and top-2 score, which counts a

prediction as correct if the true class label is among the two classes with the highest predicted probabilities. For

accuracy and top-2 score, higher values indicate better performance, with both metrics ranging from 0 to 1. The

neural network models achieve accuracy scores of 0.61 for molar ratio classification of the test set samples and 0.83

for molarity classification. When considering the top-2 score, the performance increases to 0.86 for molar ratio

classification and 0.96 for molarity classification on previously unseen test data.
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Figure 6.9: Confusion matrices for predicting molar ratio (a) and precursor molarity (b) using deep neural networks
based on in situ monitoring data acquired during thin-film formation. Correct classifications are shown
along the diagonal, indicating instances where predictions match the ground truth, while off-diagonal
entries represent misclassifications. Although there is confusion between some neighboring classes
(e.g., molar ratios of 0.975, 1.0, and 1.025, and molarities of 0.56 M and 0.61 M), the models perform
well overall given the complexity of the task (see Figure 6.7 and Figure 6.8). Adapted with permission
from [352].

To benchmark the DL results for molar ratio and molarity prediction, the predictive performance of neural net-
works is compared to classical ML classifiers such as random forest and k-nearest neighbors (see Figure 6.10).
The comparison between DL models and the best-performing classical ML classifiers reveals that neural networks
perform comparably well, with slight variations depending on the use case and evaluation metric, matching the
performance of the best classical methods in most cases and outperforming several other classical models as well
as the human baseline. Among the evaluated methods, the histogram-based gradient boosting classification tree
achieves the highest overall performance, closely followed by the neural network, random forest models, and the
ensemble of all classical ML methods. For molarity classification, the neural network shows high accuracy (0.83),
just slightly behind the best-performing ML methods HGB (0.86) and RF (0.84). In addition, the neural network
achieves a top-2 score of 0.96, closely rivaling the scores of HGB (0.98) and RF (0.99). In the more challeng-
ing task of molar ratio classification, the neural network outperforms random forests, achieving an accuracy of
0.61 and a top-2 score of 0.86, compared to RF’s 0.53 accuracy and 0.80 top-2 score. While HGB performs
slightly better in accuracy (0.64), its top-2 score of 0.82 is lower than that of the neural network. Compared to
the limited hyperparameter optimization for neural networks, the classical ML classifiers are trained with fixed
parameters (strategy="uniform’ for baseline (=DummyClassifier), solver= ’liblinear’ and max_iter=1000
for logistic regression, n_estimators=100 for random forest, none for Naive Bayes, n_neighbors=10 for k-
nearest neighbors, kernel="rbf” and probability=True for support vector machine, max_depth=4 for decision
tree, n_estimators=100 and learning_rate=1.0 and max_depth=1 for gradient boosting, max_iter=100 for
histogram-based gradient boosting, n_estimators=100 for AdaBoost, estimators=[all the classifiers mentioned
above] and voting=’soft’ for ensamble (=VotingClassifier)). However, even after hyperparameter optimization,
the performance improvements remain modest. For example, optimizing the number of ensemble members in
the random forest on the training set using fivefold cross-validation does not substantially improve performance
(see Figure A.11). While the simple baseline, which generates predictions uniformly for each class, is likely to
provide a lower-bound estimate, actual human predictive performance may be slightly better, although not by a large
margin given the complexity of the data. In many cases, data in one class is barely distinguishable from data in
the neighboring class (see Figure 6.7 and Figure 6.8). Overall, the neural networks prove to be highly competitive,
outperforming many classical ML models and significantly surpassing the human predictive capabilities.

The performance comparison between DL models and classical ML methods highlights that neural networks are
competitive, as they perform comparable to the two best ML classifiers and outperform most of the investigated
classical ML models. However, to fully realize the potential of DL in complex tasks such as molar ratio and molarity
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Figure 6.10: Comparison of deep learning and classical machine learning (ML) models for predicting molar ratio
(a) and precursor molarity (b). The neural network (NN) is benchmarked against several classical ML
classifiers, with random forest (RF) and histogram-based gradient boosting (HGB) emerging as the
best-performing classical models. For molar ratio classification, the NN substantially outperforms the
RF, while HGB achieves slightly higher accuracy but a lower top-2 score than the NN. For molarity
prediction, the NN shows a high accuracy and top-2 score, closely matching the scores of HGB and
RF. Overall, the NNs perform comparably to the best classical models and substantially outperform
the human baseline and other classical ML models. Adapted with permission from [352].

classification, the impact of scaling up the dataset needs to be considered. Larger datasets could unlock substantial
improvements, particularly for DL models, as demonstrated by neural scaling laws, which suggest that more data
generally leads to better predictive performance.[444—446]

To assess the impact of available training data, the model performance on the held-out test set is systematically
evaluated by using gradually larger subsets of the training data for model training (see Figure 6.11 and Figure A.12).
For molarity classification, the neural network shows a notably faster improvement in accuracy with increasing
dataset size compared to the two best-performing classical ML methods, RF and HGB (see Figure 6.11b). While
the performance of the neural network still lags slightly behind the best classical models when trained on the full
dataset, its rate of improvement per additional 100 training samples is the highest for most data intervals (see
Table A.6). Further increases in dataset size, from 100% to 125%, are linearly extrapolated and shown as shaded
areas in Figure 6.11. These extrapolations are based on the slopes calculated between the 100% data point and each
preceding data point (10%, 20%, ..., 90%). However, since accuracy scores cannot exceed one, these linear extrap-
olations should be considered upper-bound estimates. In reality, the model’s performance would likely approach
one asymptotically, as perfect accuracy is improbable due to uncertainties in the actual ground truth composition,
as the actual molarity or molar ratio may sometimes lie between two class labels.

In the case of molar ratio classification, all models perform similarly poorly with small training sets, but the neural
network initially shows a stronger rate of improvement, outperforming HGB as more data is added (see Figure 6.11a).
The performance of the neural network begins to plateau at medium dataset sizes, and HGB eventually outperforms
it. However, once the dataset reaches 90% of the available training data, the performance of the neural network
improves again to nearly match that of HGB, while showing a more pronounced trend of improvement.

For both target variables, the general trend shows that more data consistently improves the predictive performance
for all models. RF and HGB show a continuous improvement in prediction accuracy as the size of the training
dataset increases. Neural networks, on the other hand, struggle with small datasets and experience a plateau in
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Figure 6.11: Impact of training dataset size on model performance for molar ratio (a) and molarity (b) classification,
and performance comparison (c) between neural network (NN), random forest (RF), and histogram-
based gradient boosting (HGB) models. Prediction accuracy improves as larger subsets of training
data are used. For molarity prediction, the NN shows a faster rate of improvement compared to RF
and HGB as the dataset size increases. For molar ratio classification, all models perform similarly
with small datasets, the NN shows the fastest initial improvement but plateaus at medium dataset
sizes, eventually matching HGB’s performance as the dataset approaches full size. The extrapolated
performance (shaded areas) suggests further gains if the dataset size were increased beyond the current
size. The results highlight the importance of dataset scaling, particularly for DL. models, which benefit
from larger datasets according to neural scaling laws. Adapted with permission from [352].

performance when trained on medium-sized datasets. However, with access to larger datasets, the neural networks
begin to show notable gains in accuracy, improving at a faster rate than the other methods (see Figure 6.11c and
Table A.6). This trend is consistent with established results from DL literature, where scaling laws show that neural
networks continue to improve with additional data.[444—-446]

In industrial applications, such as in-line material composition monitoring, there is considerable potential to gener-
ate much larger datasets. The ability to continuously collect large amounts of data from production processes could
enable further improvements in DL performance, making neural networks an increasingly attractive option in these
settings. As more data becomes available, especially in industrial environments, the performance of DL models is
expected to continue to scale, potentially outperforming classical models and enabling highly accurate, automated
material composition monitoring.

In summary, the application of DL to in situ material composition monitoring shows promise for improving the
reproducibility of perovskite solar cell fabrication.[352] The predictive in situ technique, enhanced by both ML
and DL, detects subtle changes in precursor molarity or molar ratio using only time-resolved PL and reflection
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data, which would be difficult, if not impossible, for a human researcher to observe during thin-film formation (see
Figure 6.7 and Figure 6.8). While neural networks initially lag behind classical methods with smaller datasets,
they show superior rates of improvement as the amount of training data increases. This suggests their potential for
improved performance on larger datasets. Expanding the dataset to include intermediate values between the current
discrete molarity and molar ratio classes could enable regression models to predict continuous material parameters
in future work, as even small undetected differences (<1%[443]) could affect the stability, device performance,
and other key properties of perovskite solar cells.[350, 435, 436, 438, 443] This highlights the need for predictive
monitoring tools that can detect unwanted variations early, not only in laboratory research but also in industrial-scale
fabrication processes. Particularly with the potential for real-time, large-scale data collection in industrial settings,
DL is positioned to become a powerful tool for ensuring consistent, high-quality material composition in perovskite
solar cells.

6.4 Predicting Holistic Device Performance with Varying Process
Parameters

Accurately predicting the performance of PSCs is crucial for optimizing fabrication processes and ensuring consistent
device quality, as small variations in process parameters during fabrication can result in significant variations in
device performance. Therefore, early assessment of device performance, even before the completion of the entire
solar cell device stack, is essential to achieve reproducibility in the fabrication of high-performance, scalable
PSCs.[352] Predictive methods based on insitu characterization and deep learning offer a promising solution to
assess performance indicators early in the fabrication process.

Therefore, after demonstrating the ability of neural networks to detect subtle variations in material composition,
the predictive capabilities of PL characterization enhanced with DL are extended from material-level analysis to
device-level predictions. Deep neural networks are used to monitor the quality of perovskite thin films by predicting
solar cell performance based on insitu imaging data captured during the vacuum quenching of perovskite thin
films. Device performance prediction (use case (ii)) is achieved by training DL models to map time-resolved
in situ data to solar cell performance metrics, allowing early assessment of the final performance of PSCs, enabling

Predicted
PCE

E-_—————
T

Ground Truth

PCE

=|=|=|=/

Figure 6.12: Schematic representation of device performance prediction using an insitu characterization setup
and deep learning. The predictive approach is extended from the material to the device level by
predicting device performance even before perovskite thin films are completed into functional solar
cells. The in situ imaging data acquired during vacuum quenching of perovskite thin films is fed into
a deep neural network to predict the power conversion efficiency (PCE). Ground truth PCE values are
measured only after full device fabrication and used to validate the predictions. This approach allows
early assessment of perovskite thin-film quality and facilitates reproducible fabrication by identifying
performance variations early in the process. Adapted with permission from [352].
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Figure 6.13: Transients of the monitoring data for different quenching times, color-coded by power conversion
efficiency (PCE). Given the transients (derived by spatial averaging at each time step), human analysis
might be able to categorize high and low PCE samples. But accurate PCE prediction requires machine
learning to detect small variations in the monitoring data. Adapted with permission from [352].
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Figure 6.14: Comparison of predicted and ground truth power conversion efficiency (PCE) values for the test set.
(a) The parity plot shows the correlation between predicted and actual PCE values. Model and baseline
predictions are resolved for different vacuum quenching times. While the model generally captures
the relationship between in sifu monitoring data and device performance, it tends to overestimate low
PCE values. (b) The histogram of residuals (prediction - ground truth) confirms this tendency, as
evidenced by a wider distribution for positive residuals. This behavior may be caused by irregularities
during unmonitored fabrication steps that affect the final PCE but are not captured in the in sifu data.
Adapted with permission from [352].

quantitative evaluations prior to the completion of the numerous processing steps required before for experimental
device characterization (see Figure 6.12). This early prediction capability provides an invaluable tool for assessing
device quality during fabrication, enabling accelerated optimization of the fabrication process.

Unlike the first dataset, where all solar cells were fabricated under constant conditions using the same layer stack
and precursor materials, this second dataset introduces systematic variations in vacuum quenching times. With the
reference process being 180 s, the quenching times ranged from 20 s to 600 s, allowing a broad exploration of the
effects of quenching time on thin film morphology and device performance (see Figure 6.13). These variations
result in diverse perovskite thin film morphologies and solar cell performance results, providing a broader dataset
for evaluating the influence of quenching time on device performance. For device performance prediction (use
case (ii)), all other processing parameters, including precursor composition and deposition conditions, were kept
constant to isolate the effect of quenching time on the PCE of the resulting devices. This controlled variation of
vacuum quenching time ensures that any observed differences in device performance can be attributed solely to
changes in the duration of the vacuum quenching process, providing a robust dataset for predictive modeling in
device performance prediction.

To enable early device performance prediction before the remaining fabrication process steps are completed, a deep
neural network regressor is trained to leverage variations in the input data for PCE prediction (see Figure 6.13). A
feedforward neural network with five fully connected hidden layers and a single output neuron is used to predict
device performance based on the insitu PL and Rg; s data used as input features (see Figure 6.12). The model
is trained on the training set using fivefold cross-validation and the average performance over the folds is used
to select hyperparameters for retraining the neural network regressor on the entire training set (L1 loss, Adam
optimizer, learning rate: 10~4, weight decay: 1074, batch size: 128). On the held-out test set, the
predictive performance of the model is evaluated by comparing the predicted PCE values with the actual ground
truth PCE labels using parity plots and quantitative metrics such as MAE, RMSE, and R?.

Comparison of the model’s predicted PCE values and the ground truth PCE values for all devices in the test set
demonstrates that the model successfully captures the underlying relationship between the in sifu monitoring data
and the corresponding device performance (see Figure 6.14a). When examining the predictions for different subsets
of the test data corresponding to different vacuum quenching times, the model shows consistently strong predictive

108



6.4 Predicting Holistic Device Performance with Varying Process Parameters

20s Quenching 30s Quenching 60s Quenching 120s Quenching
16 - 16 ; 16 -1 16 72
< , @ ]
I raoBoo R oo% @ ; ot Lad
w 12 L 12 |- % _anene® S 12 R.0e.® , o 12fecmm .':;.f
9 . ,// %03,@9' ° ° e f 4 .,‘.
g 8 |- oo ,% 8 |- ) P 8 I ,/‘. ] 8 | ° R
B // . // . [ ] // .- " ® .// .
% 4k &Q{; baseline 4k @9/ baseline 4l ’z:‘ baseline 4l .,/. baseline
9] % -, heural 4 neural 4 neural Oy neural
I e ~ network JRd network e network e network
0 1 i i o 1 i i O 1 i i 0 1 i i
0 4 8 12 16 0 4 8 12 16 0 4 8 12 16 0 4 8 12 16
Ground Truth PCE [%] Ground Truth PCE [%] Ground Truth PCE [%] Ground Truth PCE [%]
180s Quenching 240s Quenching 600s Quenching
16 16 -1 16 7
§ o ,,’
o 12 12 soom CO')* 12 ° /4
.
4 e kg ° ° --o“o
c gl sk e i e 8 O3
o .‘ ° ,/ . e
.§ / baseline e ©® baseline " ® baseline
8 4r ," neural ar ,/. neural 4r .," neural
I . network JRY ®  network JRd network
0 1 1 1 0 1 1 1 0 1 1 1
0 4 8 12 16 0 4 8 12 16 0 4 8 12 16
Ground Truth PCE [%] Ground Truth PCE [%] Ground Truth PCE [%]

Figure 6.15: Parity plots showing predicted versus ground truth power conversion efficiency (PCE) for different
vacuum quenching times in the test set. The neural network model accurately predicts the PCE
for various quenching times, including both shorter (e.g., 20s) and longer (e.g., 600s) durations, with
minimal prediction error. This consistent performance across different process conditions underscores
the robustness of the model in predicting device performance based on in situ monitoring data. For
each sample, the baseline model predicts the average PCE of all devices in the training set with the
same quenching time. Adapted with permission from [352].

performance (see Figure 6.15). However, while showing a clear correlation between the predicted and ground truth
PCE values, the parity plots and the residuals histogram reveal that the model tends to overestimate outliers with
low ground truth PCE (see Figure 6.14b, Figure 6.14a and Figure 6.15). This overestimation, which results in more
data points in the top left corner of the parity plots and a wider shoulder in the distribution of positive residuals,
could be due to the complexity of predicting PCE based on data acquired during only one step of the fabrication
process. Since the PCE is measured on the fully fabricated solar cell and is influenced by the entire device stack,
irregularities during other fabrication steps may affect the final PCE but are not reflected in the insifu data and
therefore remain unrepresented in the model input.

After a qualitative analysis of the predictions of the neural network on the test set using parity plots, a quantitative
evaluation is performed. For an initial benchmarking of the performance of the neural network, a baseline is
computed. For the baseline, the average PCE of all devices with a given quenching time from the training set is
used to predict the PCE for each corresponding case with the same quenching time in the test set. Although the
baseline is simple, it reflects the predictive approach of a human researcher working without advanced methods.
In experimental work, it is often assumed that the outcomes of new experiments (test set) will closely match the
results of previous experiments conducted under the same parameters and conditions (training set). Therefore, the
baseline predicts the mean PCE from the training set for each quenching time subset, as no other variables were
changed.

Model performance is measured quantitatively using three metrics. MAE describes the average magnitude of
errors between predicted and actual values, while RMSE emphasizes larger errors by squaring the difference before
averaging and taking the square root and R? quantifies how well the model predictions explain the variance in the
actual values. For MAE and RMSE, lower values indicate better performance (lower is better), while R? typically
ranges from O to 1, with higher values suggesting a better fit (higher is better). Negative R? values reveal that model
predictions are worse than simply using the mean of the test data as a constant prediction.

A comparison of the prediction results shows that the neural network significantly outperforms the baseline for all
metrics (see Table 6.1). For the entire test set, the neural network achieves an MAE of 1.44%,;5, considerably
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Table 6.1: Predictive performance of the neural network for predicting power conversion efficiency (PCE) for
different vacuum quenching times. For all metrics, the neural network outperforms the baseline,
demonstrating substantial improvements and highlighting the need for data-driven methods to accurately
predict PCE based on in sifu monitoring data across different processing conditions. (for MAE and
RMSE: lower is better |, for R: higher is better 7, MAE: mean absolute error, RMSE: root mean square
error, R?: coefficient of determination)

MAE [%] RMSE [%] R?
Vacuum . Neural . Neural . Neural
Quenching Time Baseline Network Baseline Network Baseline Network
All (= Entire Test Set) 2.55 1.44 3.39 2.07 -0.01 0.62
20s 2.95 1.68 3.86 2.39 0.00 0.62
30s 3.10 1.18 3.92 1.62 —-0.01 0.83
60s 243 1.56 3.12 2.55 -0.04 0.30
120s 3.30 1.22 4.23 2.21 —-0.01 0.73
180s 2.05 1.51 2.67 2.03 0.00 0.42
240s 2.28 1.66 333 2.12 —-0.02 0.59
600s 3.06 1.11 4.02 1.45 -1.35 0.70

lower than the baseline of 2.55%gs, and an RMSE of 2.07%,,s, compared to the baseline of 3.39%,;s. The R?
score of the neural network improves to 0.62, while the baseline fails to accurately predict PCE, as reflected by its
near-zero R? score (-0.01). The deep neural network clearly outperforms the baseline, which reflects the predictive
ability of a human researcher without advanced methods and highlights the need for predictive tools in experimental
laboratories. Furthermore, this performance trend holds for individual quenching times, where the neural network
consistently shows lower error rates and higher R? values, indicating its superior ability to accurately predict PCE
even as the quenching time varies.

By achieving an RMSE of 2.07%gss, the neural network outperforms the "best models for PCE prediction" based
on literature databases, which have achieved RMSE values around 3%,s[116, 178, 203, 204], according to a recent
review on machine learning in perovskite solar cell research[155]. Also, compared to other studies predicting PCE
based on literature databases, as highlighted in another review on machine learning for perovskite photovoltaics[159],
the neural network in this work demonstrates strong performance. While some studies reported better prediction
accuracy[116, 185], others showed comparable[447] or worse performance[178, 184, 204]. However, these studies
are meta-analyses of published experimental data, aggregating experimental results into cross-study datasets, rather
than using in situ monitoring data for PCE prediction as done here. This fundamental difference in study design
must be considered when comparing the results of literature-based PCE prediction approaches with the in situ
prediction technique used for DL-enhanced characterization of perovskite fabrication processes.

Compared to previous studies on the first dataset, the neural network shows high accuracy over all quenching
times. In prior work on the similar first dataset with constant processing parameters, PCE predictions were made
using a k-nearest neighbors regressor[346] and a ResNet model[347], achieving MAEs of 1.52%,,s and 1.58%s,
respectively, on the test set. Notably, in terms of R? scores, the neural network applied to the second dataset (0.62)
significantly outperforms k-nearest neighbors (0.24) and other classical ML regressors applied to the first dataset(see
Table 5.3 and Figure 5.17a).
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Figure 6.16: Comparison of predictive performance for power conversion efficiency (PCE) prediction using different
machine learning (ML) models and the effect of training dataset size on model accuracy. (a) The
neural network (NN) is benchmarked against several classical regressors, with random forest (RF) and
histogram-based gradient boosting (HGB) emerging as the best-performing classical ML regressors.
NN shows competitive performance, outperforming RF and HGB in terms of mean absolute error
(MAE) and achieving comparable R? values. (b) All models (NN, RF, HGB) benefit from larger
datasets, as the MAE of the three best models decreases with a larger training dataset size. While
RF and HGB show steady improvement, the NN exhibits a slower start but improves substantially
as the dataset grows, eventually outperforming the other models in MAE. The shaded areas indicate
extrapolated performance gains with further dataset scaling, highlighting the potential, particularly of
NN, for improved PCE prediction with larger training sets.

To further benchmark the performance of the DL model in predicting PCE, it is compared with classical ML
regressors (see Figure 6.16a). The comparison shows that the neural network matches the performance of the
best classical models while outperforming several other models and the human baseline. Similar to the molar
ratio and molarity classification results, the neural network, histogram-based gradient boosting, and random forest
regressors provide the best performance for PCE prediction. While the R? values for the three best models
are close (neural network: 0.62, HGB: 0.63, RF: 0.60), the neural network achieves a slightly lower MAE
of 1.44%,,s compared to HGB (1.49%,s) and RF (1.58%,s). The classical ML regressors are trained with
fixed parameters (strategy="mean’ for baseline (=DummyRegressor), n_estimators=100 for random forest,
n_neighbors=10 for k-nearest neighbors, kernel="rbf* for support vector machine, max_depth=4 for decision
tree, n_estimators=100 and learning_rate=1.0 and max_depth=1 for gradient boosting, max_iter=100 for
histogram-based gradient boosting, n_estimators=100 for AdaBoost, estimators=[all the regressors mentioned
above] for ensamble (=VotingRegressor)). However, even when optimizing the hyperparameters, the performance
improvements remain modest, since performance does not improve substantially when the number of ensemble
members in the RF or the learning rate of the HGB are optimized using fivefold cross-validation on the training set
(see Figure A.13). Overall, the neural network outperforms most classical ML models and significantly surpasses
the baseline, which reflects human predictive capabilities.

Benchmarking shows that the performance of the neural network is highly competitive, outperforming most classical
models. To fully exploit the potential of DL for complex prediction tasks, scaling up the dataset is crucial, as scaling
laws suggest that larger datasets can significantly improve predictive performance, especially for DL models.[444—
446] To evaluate how training dataset size affects predictive accuracy when predicting PCE based on in situ data, the
performance of the three best regressors (neural network, RF, and HG) is systematically evaluated using progressively
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larger subsets of the training data (see Figure 6.16b). For all models, more data improves predictive performance.
The RF and HGB regressors steadily improve as the training set size increases, although there is a slight plateau
at medium dataset sizes. In contrast, the neural network performs poorly when trained on a small dataset, even
showing negative R? values (see Figure A.14). After plateauing at medium dataset sizes, the performance of the
neural network improves substantially when more than 70% of the data is used for training. When trained on the full
dataset, the neural network outperforms the RF and surpasses the HGB in terms of MAE, while nearly matching
the HGB in terms of R2. Further increases in dataset size, from 100% to 125%, are linearly extrapolated based on
the slopes calculated between the 100% data point and each preceding data point (10%, 20%, ..., 90%) and shown
as shaded areas in Figure 6.16b. However, even with very large datasets perfect prediction accuracy is unlikely
because irregularities in other fabrication steps may affect the PCE but are not represented in the model input.

In general, the analysis shows that more data improves the performance of all models. However, while RF and HGB
improve more continuously in prediction accuracy with increasing amounts of training data, the neural network
performs poorly on small datasets but then improves substantially with more data for training (see Figure A.15).
This observation is consistent with the literature, where scaling laws describe that neural networks continue to
improve with additional data.[444—446] The higher rates of improvement per additional 100 training samples of
the neural network compared to RF and HGB suggest a more substantial benefit from increasing the training data
size for the DL model (see Table A.6). As perovskite PV technology transitions to large-scale production, much
larger and more comprehensive datasets will be generated, which may facilitate further improvements in DL model
performance. With continuously improving predictive performance at scale, neural networks will enable highly
accurate, automated in-line PCE prediction for early device quality assessment in industrial fabrication.

In summary, deep neural networks effectively predict the PCE of perovskite solar cells based on data collected
during fabrication, which is hardly possible for a human researcher process (see Figure 6.13). The model’s
predictive performance improves significantly with larger training datasets, highlighting the importance of data
scaling in DL applications. The results demonstrate that integrating deep learning with in situ characterization
enables early and accurate assessment of device performance, which is critical for optimizing fabrication processes
and ensuring consistent quality in industrial production.

6.5 From Passive Analysis to Active /n Situ Al Recommendation

Building on the capability of neural networks to accurately predict device performance, the approach is advanced
from predictive to prescriptive analysis, where DL-driven insights are used to predict outcomes and to actively
inform and optimize experimental processes. By combining in situ forecasting of monitoring data with performance
prediction, the DL-enhanced characterization method provides actionable recommendations for process control (use
case (iii)).[352] The approach enables forecasting various experimental scenarios and predicting the corresponding
solar cell performance for each scenario, providing scientists with data-driven insights to guide experimental
procedures in the laboratory. The prescriptive approach informs researchers of the plausible expected experimental
scenarios, transitioning from passive predictive analysis to active data-driven process control for improved control
over thin-film quality characteristics facilitated by Al recommendations (see Figure 6.17).

To implement the DL-driven in situ recommendation system, the overarching goal of recommendation generation
is split into three subtasks (see Figure 6.17 and Figure 6.18). To perform the subtasks, various ML models are
used in a cascade, where the output of one model serves as the input for the next. The designated subtasks are (a)
in situ forecasting the monitoring data, (b) predicting the PCE using a regression model based on the forecasted
monitoring data, and finally (c) approximating a continuous function from predicted PCE data points for discrete
times. Particularly for subtasks (a) and (b), it is critical that the models achieve high prediction accuracies in order
to implement a robust in situ feedback loop. Accordingly, subtask (a) requires that the neural network effectively
learns the mapping between the input monitoring data and the corresponding PCE. Considering the results from the
parity plots, the evaluation of various error metrics, and the comprehensive comparison between DL and ML results
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Figure 6.17: Schematic representation of in situ Al recommendations for process control in perovskite solar cell
fabrication. Machine learning (ML) is used to predict power conversion efficiency (PCE) based on
in situ monitoring data and to provide actionable recommendations for process optimization. By
combining forecasting, regression, and function approximation, a cascade of ML models provides
Al-driven insights that help guide the experimental process and enable active control of thin-film
quality. Adapted with permission from [352].

in section 6.4, the prediction accuracy of the neural network is considered sufficient to perform subtask (b) of use
case (iii). The in situ forecasting of monitoring data related to subtask (a) is discussed in the following sections.

6.5.1 InSitu Data Forecasting and Device Performance Prediction

As demonstrated in section 6.4, the trained neural network can successfully predict the PCE of solar cells quenched
for various specific time intervals and is therefore used for subtask (b), which predicts the PCE based on forecasted
monitoring data. However, since the neural network was trained with input data corresponding to specific vacuum
quenching times (20, 30's, 60, 1205, 180 s, 240 s, and 600 s), it only makes reasonable predictions if it is provided
with input features from these previously seen quenching times.

To facilitate this, random forest regressors, ML models that require less training data than neural networks, are used
for in situ forecasting of the monitoring data (subtask (a)).[352] These regressors generate synthetic monitoring data
corresponding to the feasible quenching times that the neural network can process (20s, 30s, ..., 600s). At any
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Figure 6.18: Workflow of the Al-driven in situ recommendation system for process control. The overarching goal
of generating recommendations is split into three subtasks: (a) in situ forecasting of monitoring data,
(b) prediction of power conversion efficiency (PCE) using a regression model based on forecasted
monitoring data, and (c) approximation of a continuous function from the predicted PCE data points
for discrete times. The cascade of models forecasts plausible monitoring data progression scenarios
and subsequently predicts the PCE for each scenario. This prescriptive approach transitions from
predicting outcomes to influencing and optimizing fabrication processes to improve overall fabrication
consistency and quality. Adapted with permission from [352].
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Figure 6.19: Forecasting different vacuum quenching scenarios using random forest regressors. For ten exemplary
test set samples, the monitoring data (blue) of (a) diffuse reflection and (b) photoluminescence
(PLLp 725nm) is used to forecast its progression (red) for different quenching times up to 240 seconds
(scenarios with 600 s quenching times not shown for clarity). The forecasts are generated based on
monitoring data collected up to specific time points (20, 30s, ...) and predict the data progression
when quenching is stopped at subsequent intervals. As the experiment progresses, more data is
accumulated (blue) and the forecasts (red) are updated based on the newly collected data. This
approach enables in situ forecasting, providing synthetic data as input to the neural network to predict
the power conversion efficiency (PCE) under different scenarios. Adapted with permission from
[352].

given time point, the monitoring data collected up to that moment is used to forecast its future progression. The
initial forecasted scenario represents the outcome if the vacuum quenching is stopped immediately, while additional
scenarios forecast what will happen if the quenching continues and is stopped at subsequent time points. For
example, data acquired during the first 20 seconds is used to forecast the monitoring data progression under seven
different scenarios: stop immediately after a total quenching time of 20 s, stop after an additional 10 seconds (total
of 30s), or continue for total quenching times of 60s, 120, 180, 240s, or 600 s, respectively (see Figure 6.19).
The same approach is applied to the data collected during the first 30 seconds, resulting in forecasts for six different
quenching times. This method is repeated for subsequent intervals (60's, 120s, . . . ), producing a decreasing number
of forecasted scenarios down to a single forecast for data acquired during 600 seconds of quenching.

To implement the forecasting capability, multiple combinations of input feature lengths (i.e., time already elapsed)
and total quenching times (i.e., time remaining until quenching is stopped) must be addressed. With seven different
quenching times in the dataset, this results in 28 unique forecasting scenarios. Since forecasting is required for all
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Figure 6.20: All random forest models are trained to optimize forecasting accuracy. Hyperparameter optimization
is performed on the training set using grid search with threefold cross-validation to ensure optimal
forecasting performance for all 112 random forest models forecasting the monitoring data of the four
channels and covering 28 forecasting scenarios. As shown here for (a) diffuse reflection (Ry; s r) and (b)
photoluminescence (PL, p 725, ) after 20 s of data acquisition, the forecasted data progression (red)
of nine different samples is compared to the ground truth data (dashed black). The prediction error is
minimized during hyperparameter optimization with cross-validation. Adapted with permission from
[352].

four IPRDI channels, a total of 112 forecasting models (28 scenarios x 4 channels) are required. Each forecasting
model is trained on a small subset of the training data relevant to its specific combination of input length and total
quenching time, making random forest regressors an appropriate choice due to their ability to perform well with
limited data compared to neural networks. The input feature for each model is the ground truth monitoring data
collected up to the forecasting point (i.e., the elapsed time). The model output is the forecasted monitoring data
from the forecasting point to the end of quenching (i.e., the remaining time) (see Figure 6.19).

Hyperparameter optimization for all 112 random forest models is performed using grid search. The following
parameters are varied to find the optimal settings: n_estimators (varied between 20 and 200), max_features
(set to "sqrt", "log2", or "None"), max_depth (set to 2, 4, or None), min_samples_split (set to 2 or 5),
min_samples_leaf (setto 1 or 2), and bootstrap (set to True or False). Due to the smaller datasets available for
each scenario, threefold cross-validation is used. Comparison of the forecasted progression of the monitoring data
with the ground truth monitoring data on the test set shows a high agreement, as evidenced by a low forecasting
error (see Figure 6.20) Successful data forecasting is also demonstrated by comparing the ground truth PCE with
the predicted PCE based on the forecasted data progressions (see Figure 6.21 and Figure 6.22). In summary, 112
random forest models are used to perform subtask (a), forecasting the monitoring data for the 28 scenarios described
above across all four IPRDI channels. Each model is trained on the training dataset using grid search to identify
the best-performing hyperparameters that optimize forecasting performance.

The cascaded use of random forest models and a neural network allows (a) generating in sifu forecasts by producing
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Figure 6.21: Parity plots illustrate the agreement between predicted and ground truth power conversion efficiency
(PCE) for various combinations of total actual quenching time (rows) and time of the data forecasting
and PCE prediction (columns). The performance of the cascade of models used for data forecasting
and PCE prediction is validated by comparing the predicted PCE to the ground truth PCE of the test
set solar cells. For all total quenching times, predictive performance improves as the prediction is
made later in the process when more monitoring data is accumulated and used as input to the model.
Adapted with permission from [352].

synthetic monitoring data progressions, and (b) predicting PCE values for all forecasted scenarios (see Figure 6.18).

Due to experimental constraints, each laboratory sample undergoes only a single quenching time, resulting in one

unique ground truth PCE per solar cell which is measured and associated with the corresponding quenching time.

Determining ground truth PCE values for hypothetical what-if scenarios is impossible because each cell follows a
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Figure 6.22: Mean absolute error (MAE) when predicting power conversion efficiency (PCE) as a function of
in situ forecast and prediction time for different quenching times. The MAE decreases as the time
of prediction shifts later in the quenching process, indicating that predictive accuracy improves with
more accumulated data. The results are compared to human baseline predictions and neural network
predictions based on actual ground truth monitoring data without forecasting. Since the MAE is below
2%aqps 1n 23 of 28 total scenarios and for predictions made after 30 seconds or longer, 16 of the 21
scenarios achieve an MAE of less than 1.8%,;, the effectiveness of the model cascade in predicting
PCE values in situ is demonstrated, allowing for early intervention and optimization during thin-film
formation. Adapted with permission from [352].

singular process path, resulting in only one ground truth PCE. To validate the forecasting and prediction capabilities
of the cascade of ML models, the monitoring data is forecasted to the individual actual quenching time for each
sample, and the predicted PCE values for that quenching time are then compared to the respective ground truth
measurements.

When evaluated for all devices in the test set, the predicted PCE values show good agreement with the measured
ground truth (see Figure 6.21). There is a consistent trend of better agreement as the total quenching time
progresses. The MAE of the prediction decreases for all quenching times as the point of prediction is shifted later
in the process, suggesting that predictive performance improves as more data is accumulated during the quenching
process (see Figure 6.22). This supports the conclusion that more input data leads to enhanced predictive accuracy.
To benchmark the predictive accuracy, the prediction error of the model cascade is compared to the human baseline
and the neural network predictions generated "ex sifu" based on the real monitoring data without forecasting (see
Table 6.1). In 23 of the 28 scenarios, the MAE is less than 2%, representing a substantial improvement over the
baseline predictions. In scenarios where predictions are made after 30 seconds of quenching or later, the MAE falls
below 1.8%ps in 16 of the remaining 21 cases. These results indicate that the cascade of random forests and the
neural network can predict final PCE values in situ during the quenching process, providing a valuable opportunity
to influence material formation based on early data-driven predictions.

The predictive insitu capability is further extended by forecasting hypothetical what-if scenarios, that explore
the outcome of stopping or continuing quenching for longer times. This allows researchers to visualize multiple
scenarios for different quenching times to make data-driven decisions to refine control over the experimental process
(see Figure 6.18). While prediction accuracy is validated by forecasting to the actual quenching time and using the
known ground truth PCE as reference, the ML cascade also generates quantitative predictions for other hypothetical
quenching times by forecasting the monitoring data to any of the valid time steps (20, 30s, ...) and then predicting
the corresponding PCE. This approach allows the prediction of the PCE as a function of quenching time, which is
updated as the experimental process continues and more monitoring data accumulates over time (see Figure 6.23a
and Figure 6.23c). When compared to the measured PCE values at the actual vacuum quenching time, the model
predictions agree well, as evidenced by data from specific samples such as the 240-second and 180-second cases
in Figure 6.23c and Figure 6.23a, respectively. All other data points, before and after the actual quenching time,
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Figure 6.23: In situ forecasting and performance prediction for two solar cell samples with different perovskite thin
film thickness. (a, ¢) The cascade of random forest and neural network visualizes the expected PCE
as a function of quenching time. As more monitoring data is collected during the experiment, the
predictions are updated. This allows recommendations on whether continued quenching is likely to
increase the PCE (a) or whether early termination of quenching is beneficial as the PCE is expected
to decrease with continued quenching (c). (b, d) The intensity of the diffuse reflection is forecasted
as a qualitative indicator of the resulting thin film roughness. The decrease in diffuse reflection
is correlated with a decrease in thin film surface roughness, which is slower for some thin films
(b) compared to other thin films that show a rapid intensity decrease (d). This approach enables
data-driven recommendations for optimization of quenching protocols based on in situ forecasting.
Adapted with permission from [352].

represent hypothetical scenarios that are accessible only through the predictive in situ approach.

These predictions make it possible to generate recommendations on whether early stopping the quenching may be
beneficial or whether extending the process would result in a better PCE. For example, for the sample shown in
Figure 6.23c, stopping quenching early may be advantageous since continued quenching is predicted to decrease
the PCE, while for the sample in Figure 6.23a, extending the quenching time appears beneficial since the PCE
is expected to increase. The variation in quenching strategies for different samples is primarily attributed to
spatial inhomogeneities in the perovskite thin film properties, which are influenced by the blade coating deposition
process. The deposited wet film thickness varies across the substrate, resulting in different behavior during
quenching. Sample 2 (see Figure 6.23c) is from a region with a thinner wet film, which allows for rapid solvent
removal, favoring shorter quenching times. In contrast, sample 1 (see Figure 6.23a) is from a thicker wet film region
that requires longer solvent extraction. This variability highlights the need for customizable quenching protocols,
supported by forecasting hypothetical scenarios to realize data-driven recommendations that optimize PCE based
on in situ predictions.

This in situ forecasting and prediction approach can be further refined by updating the forecasts more frequently
based on the increasing accumulation of monitoring data, resulting in more prediction curves in Figure 6.23.
However, the neural network is trained only on monitoring data corresponding to fixed quenching times (20s, 30's,
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Figure 6.24: Schematic representation of diffuse reflection monitoring for thin film surface roughness assessment.
The relationship between thin film morphology and diffuse reflection intensity is used to assess
additional perovskite thin film properties using the characterization setup. While a smooth surface
results in high specular reflection and low diffuse reflection, a rough surface shows increased diffuse
reflection as captured by the camera system. The experimental setup exploits this correlation by
using in situ diffuse reflection measurements as a qualitative indicator of thin film roughness, enabling
morphology forecasting through deep learning-enhanced metrology. Adapted with permission from
[352].

...), which means that predictions become unreliable when using out-of-distribution input features that differ from
these predefined times. Since the number of possible quenching times is limited, each prediction curve is also
constrained to a discrete number of data points (see Figure 6.23). Extending the method to continuous quenching
times requires subtask (c), the approximation of a function from the discrete PCE data points produced by the
neural network (see Figure 6.18). Linear interpolation or Gaussian processes can be used for this purpose, the latter
being a more sophisticated approach to capture potential underlying relationships (see Figure A.16). Extending the
model cascade by approximating a continuous prediction function from discrete data points provides researchers
with more comprehensive insights into expected PCE trends and a finer granularity for decision-making.

6.5.1.1 Perovskite Thin Film Morphology Forecasting

Building on the predictive capabilities used to forecast PCE, the same methodology is used to forecast the morpho-
logical characteristics of the thin film, specifically the surface roughness. The predictive in sifu approach is applied
to assess the device performance and to qualitatively forecast the roughness of the perovskite thin film surface
under different scenarios.[352] High surface roughness in perovskite films is detrimental, leading to increased
non-radiative recombination, poor interface quality, and stability issues, as rough surfaces are more vulnerable to
environmental degradation, including moisture, oxygen, and thermal stress.[299, 322, 448]

To achieve morphology forecasting, DL-enhanced metrology takes advantage of the relationship between thin film
roughness and diffuse reflection intensity. A smoother film results in a higher specular reflection and lower diffuse
reflection, while a rougher surface leads to higher diffuse reflection. This correlation allows the use of the exper-
imental imaging system that detects diffuse reflection as a qualitative indicator of perovskite thin film roughness
(see Figure 6.24). The existing random forest models that forecast monitoring data for different quenching times to
predict PCE are now repurposed to forecast how diffuse reflection intensity changes based on different quenching
scenarios.

Instead of using the forecasted monitoring data as input for the PCE prediction, the effect of quenching time on
the changes in Ry; ¢ intensity after stopping the quenching process is investigated for the different scenarios (see
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Figure 6.19a). For all investigated perovskite thin films, the predicted maximum Rg; s intensity after quench-
ing decreases with increasing quenching time, implying that longer quenching results in smoother surfaces (see
Figure A.17).[304] However, this behavior varies between thin films. For some samples, the decrease in diffuse
reflection is observed within the first tens of seconds (see Figure 6.23d), while for others, the reduction is signifi-
cantly delayed, indicating a delayed decrease in thin film surface roughness (see Figure 6.23b). This variability is
primarily due to spatial inhomogeneities in wet film thickness introduced during blade coating. For thinner films,
solvent removal is faster, leading to a faster reduction in diffuse reflection intensity corresponding to decreased
surface roughness, while thicker films require more time before the diffuse reflection diminishes due to slower
solvent extraction.

As with the PCE predictions, the model’s forecasts for maximum Rg; s show good agreement when compared
to ground truth values at corresponding quenching times. For example, the predicted diffuse reflection values
match well with the experimentally measured values for the 240-second and 180-second cases in Figure 6.23d
and Figure 6.23b, respectively. This indicates that the model is able to accurately capture changes in morphology
in situ, allowing researchers to assess surface roughness and make informed decisions during the material formation
process. All other hypothetical scenarios represented by the data points before and after the actual quenching time
are accessible only through the predictive approach. In summary, by using the predictive approach for morphology
prediction, it becomes possible to gain early insight into both the optoelectronic performance and physical properties
of perovskite thin films. The ability to predict roughness in situ enhances process control to achieve better interface
quality and improved stability in final devices. This dual capability of forecasting both PCE and morphology
highlights the versatility of the DL-enhanced predictive methodology, providing a powerful tool for optimizing
perovskite solar cell fabrication.

6.5.2 Insitu Al recommendation system

By using a time-resolved imaging approach, the system benefits from both spatial resolution and temporal informa-
tion, which allows monitoring data to be collected for multiple locations on a large-area substrate. This makes it
possible to perform in situ forecasts and predictions of final device PCEs and maximum Rg; sy for multiple regions
across the substrate, revealing spatial variations in thin-film quality and corresponding device performance.[352]
The experimental setup includes structured ITO glass substrates with 32 individual perovskite solar cells per blade-
coated thin film, arranged in two rows of four small-area samples, each containing four solar cells. In situ forecasts
and PCE predictions are made for each of the 32 cells, revealing thin film inhomogeneities on the large-area substrate
that result in spatial differences of forecasted PCE and morphology. To provide researchers with a more intuitive
representation, the quantitative predictions generated by the Al are translated into qualitative recommendations for
each of the 32 solar cells (see Figure 6.25). The implementation of such an Al recommendation system in situ
would enable early, informed assessments of the expected final device performance and morphological properties
of the perovskite thin films.

For example, after 20 seconds of quenching, the Al system indicates that five of the 32 solar cells could benefit from
continued quenching, while 17 are expected to maintain their current quality and ten are predicted to be adversely
affected by further quenching. In terms of the predicted maximum Rg; s ¢, the Al forecasts that all 32 thin films
will experience a significant decrease in surface roughness with continued quenching. When the quenching time
reaches 60 seconds and more in situ data is available, the updated model predictions lead to adjustments in the Al
recommendation. It suggests that roughness would improve for 18 solar cells if quenching continues, while no
significant effect is expected for the other 14. Regarding PCE, the system forecasts a detrimental effect for nine solar
cells, advises to stop quenching for 13 cells, and anticipates an improvement for the remaining ten cells with longer
quenching times. After 180 seconds of quenching, the Al predicts that no further improvement in PCE is possible,
categorizes all 32 cells as "quenching stopped too late", and no substantial improvement in surface roughness is
expected. This example is consistent with a trend of generally decreasing PCE with increasing quenching time,
while at the substrate edges, especially in areas with thicker wet films, this trend is different as the PCE for these
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Figure 6.25: In situ Al recommendation system for predicting power conversion efficiency (PCE) and morphology
on large-area perovskite substrates. Time-resolved imaging is used to generate predictions of PCE
(left) and diffuse reflection (Rg; ¢ ) intensity (right), a qualitative indicator of thin film roughness, for
multiple locations on the same large-area substrate. The system translates the quantitative predictions
into qualitative Al recommendations for each of the 32 individual solar cells, indicating whether
stopping the quenching process would be favorable (blue), neutral (yellow), or detrimental (red) based
on the forecasted PCE and Rg; ¢y intensity. This approach allows for location-specific assessments,
improving control over large-area thin-film quality and device performance. Adapted with permission
from [352].

substrate areas either remains constant or increases with longer quenching (see Figure A.18).

These results demonstrate the ability of the Al recommendation system to provide clear and actionable guidance
based on DL-enhanced characterization, which enables a superior level of control over the complex quenching
process. By providing early indications of the optimal quenching time, the Al-driven system helps researchers
balance multiple objectives, such as maximizing the spatial average PCE on the large-area substrate or achieving the
best individual champion solar cell performance. In addition, the intuitive visualization of the multiple potential
experimental scenarios (see Figure A.19 and Figure A.20) enables easy qualitative interpretation of the in sifu
recommendations, making it possible to spatially represent predictions of material properties and device efficien-
cies. In summary, the implementation of this DL-enhanced metrology, combined with clear visualization, provides
an early, intuitive, and predictive capability applicable to both academic research and industrial production. It
enhances in-line monitoring of process variations and helps to make informed decisions, contributing to consistent
and high-quality perovskite solar cell fabrication.
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6.6 Summary

This chapter extends the application of ML techniques in experimental research by integrating DL methods into the
characterization of the perovskite thin-film formation, enabling early, in-line quality assessments that are otherwise
challenging to obtain. By introducing a second, more extensive, and diverse experimental dataset of in situ PL
and reflection data (research objective II, see section 1.2), three increasing complex use cases are addressed that
exceed the capabilities of human analysis and require advanced data-driven analysis. To enhance the monitoring
of the thin-film formation, DL is used to detect material composition inconsistencies and predict holistic device
performance (research objective III). In addition, DL is used to implement an in situ Al recommendation system for
process control (research objective I'V). The integration of DL enables deeper insights into the fabrication process,
facilitating both improved detection of variations in fabrication and active control for optimization.

First, a more comprehensive laboratory-scale dataset of in sifu PL and diffuse reflection data is generated, including
2215 solar cells fabricated under systematically varied vacuum quenching times. In addition to the fully fabricated
solar cells, the new dataset includes 4448 thin films with different perovskite material compositions, namely pre-
cursor molarity and molar ratio. This larger and more diverse dataset captures a wider range of process-induced
variations, allowing the training of DL models to learn the complex, non-linear relationships between in situ moni-
toring data and the quality of the resulting thin films and solar cell devices.

Second, advanced DL techniques, specifically neural networks, are used to implement in situ material composition
monitoring to detect subtle variations in precursor molarity and molar ratios to ensure the consistency of materials
used for fabrication. The neural networks substantially surpass the human baseline in detecting unwanted precursor
variations and outperform most investigated classical ML methods. While the best-performing classical ML model
performs slightly better on the current dataset, the neural networks show a faster rate of improvement with increasing
amounts of training data, suggesting their potential for superior performance in industrial settings as larger datasets
become available.

Third, the application of DL is extended from material-level analysis to device-level prediction, allowing early
assessment of thin-film quality and prediction of solar cell performance even before completion into fully fab-
ricated devices. The neural network shows a substantial improvement over previous studies on the first dataset,
outperforming the human baseline and most models for PCE prediction reported in the literature, and matching the
performance of the best classical ML model while outperforming several other models, especially when trained on
larger datasets.

Next, the DL-enhanced approach is advanced from predictive to prescriptive analysis, where DL is used to predict
outcomes and to actively inform and optimize the experimental process. By combining forecasting of monitoring
data with performance prediction, a cascade of ML models is used to generate actionable in situ Al recommen-
dations for improved process control. By forecasting different quenching scenarios and predicting their impact on
solar cell performance, the model provides a basis for improved control over thin-film quality through data-driven
decision-making during solar cell fabrication.

Finally, the AI recommendation system is applied to large-area substrates generating predictions and recommenda-
tions for multiple solar cells. By combining time-resolved imaging data with advanced DL techniques, the system
provides spatially resolved feedback for optimizing thin-film quality and device performance across the substrate.
This approach demonstrates the versatility of DL in transforming experimental data into actionable recommenda-
tions, improving process control, and paving the way for high-throughput production in industrial settings.

In conclusion, deep learning enhances the capabilities of in situ characterization of the perovskite thin-film forma-
tion, transforming complex experimental data into early in-line quality assessments. The demonstrated ability to
detect variations in material composition, predict device performance, and provide recommendations represents
a substantial advance in process monitoring required for improved reproducibility and quality control in both
research and industrial settings. The superior scaling behavior of neural networks with increasing dataset size
suggests particular promise for industrial applications where large-scale data collection is possible. Ultimately,
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6.6 Summary

DL-enhanced monitoring capabilities are critical to the successful commercialization of perovskite PV technology,
enabling scalable, high-throughput fabrication with consistently high quality.
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7 Enhanced Understanding of the Perovskite
Thin-Film Formation through Explainable Al

This chapter demonstrates how explainable artificial intelligence enhances the understanding of perovskite thin-film

Jformation and investigates its impact on solar cell performance. Deep learning models learn the complex relation-
ship between in situ photoluminescence and diffuse reflection data and target variables such as power conversion
efficiency and perovskite thin film thickness. XAl is used to render the black-box predictions of these models
humanly understandable (research objective V). By comparing different data representations, the importance of
temporal versus spatial information is explored, revealing that temporal progression contains crucial information
Jor predicting target variables. Complementary XAl methods are used to not only identify which data features are
important but also to explain why they are important. Feature attribution identifies distinct time intervals that
are critical for prediction, highlighting nucleation onset as a key factor for accurately predicting PCE and thin
film thickness. Counterfactual explanations further elucidate these findings by demonstrating how specific changes
in PL intensity during critical phases affect predictions. Insights gained from XAl analysis are translated into
actionable recommendations, such as increasing chamber evacuation rates to maximize PL intensity at the onset
of nucleation, leading to higher device performance. The iterative feedback loop connecting experimental research
with XAl refines the understanding of thin-film formation and accelerates process optimization. In addition to
advancing perovskite photovoltaic technology, this framework underscores the broader value of XAl in translating
complex model predictions into scientific insights that guide improvements in materials processing.

Parts of this chapter were published in the research article "Discovering Process Dynamics for Scalable Per-
ovskite Solar Cell Manufacturing with Explainable AI", Advanced Materials 36.7 (2024), by Lukas Klein (L.K.),
Sebastian Ziegler (S.Z.), Felix Laufer (F.L.), Charlotte Debus, Markus Gotz, Klaus Maier-Hein, Ulrich W. Paetzold
(UW.P.), Fabian Isensee (F.I.), and Paul F. Jdger (P.F.J.). L.K. and S.Z. as well as UW.P., F.I., and P.F.J.
contributed equally to this work. This work is the result of collaborative research between Karlsruhe Institute of
Technology, Helmholtz AI, Helmholtz Imaging and the German Cancer Research Center (DKFZ).[347, 449] Some
figures in this chapter were adapted with permission from [347].

F.L. contributed to this project by leading the experimental materials science investigations, generating and curating
the dataset, analyzing the applicability and transfer of explainable Al methods to experimental tasks, and revising
visualizations. Additionally, F.L. led the writing of the materials science sections of the original draft and the
review of the machine learning sections of the manuscript. The contributions of all authors according to the CRediT
system are listed in Table A.5.

The computational work published in the research article was conducted by L.K. and S.Z., while validation and
experimental interpretation were carried out by F.L. in collaboration with L.K. and S.Z.. Building on the published
article[347], the evaluations shown in this thesis were performed by F.L. using the model weights from the original
publication[450].
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7.1 Motivation

Interest in machine learning is growing rapidly in the perovskite solar cell research community, as it is considered
a powerful tool to accelerate progress toward commercialization of the technology.[153—-158, 163—167] However,
while ML methods, especially DL models, are capable of making highly accurate predictions, the reasoning behind
these predictions is embedded in complex model parameters, obscuring the decision-making process. As a result,
these Al methods are often viewed as black boxes, since it is not explained how outputs are generated and which
inputs are critical in determining the outputs.[107, 108] However, since scientific understanding is one of the main
goals of science, researchers want to understand how the models make their predictions.[269] The black-box nature
of the models not only reduces user confidence in scientific applications but also limits their applicability in many
real-world use cases where model results must be understood before implementation.

The use of explainable Al enables understanding of the decision-making process of complex models, thereby
increasing trust and confidence in Al systems and their outputs.[451] In addition to increased confidence in predic-
tions, understanding the reasoning behind those predictions is essential to validate whether the model is learning
meaningful patterns or exploiting spurious correlations due to artifacts in the data.[110] XAl is also used to identify
potential biases, errors, or limitations in the model, improving the reliability and robustness of Al models.[452]
For human-in-the-loop applications where decisions are not fully delegated to Al systems, XAl supports human
decision-making by providing insight into the model’s reasoning.[453]

By revealing new insights from complex data patterns, XAl can enhance knowledge discovery, aid hypothesis
generation, and advance understanding in scientific research areas.[269, 454] Explainability of Al models is also
critical in research to ensure that the models not only provide accurate predictions, but also meaningful insights that
can accelerate scientific progress. By presenting Al predictions in an interpretable way, XAl methods can lead to
new ideas and concepts.[269]

The benefits of XAI also make it an invaluable additional tool in perovskite solar cell research, as it can eluci-
date complex relationships between material properties, process parameters, and target variables such as device
performance or stability. By enabling researchers to understand which features are most influential to the model’s
predictions, XAI provides insight into how specific process parameters or material properties affect the target
variable. Accordingly, by improving the understanding of the fundamental factors that drive perovskite solar cell
performance or stability, XAl can guide efforts to improve fabrication techniques and optimize material composi-
tion. However, the application of XAl in perovskite solar cell research has only recently begun to emerge. Current
implementations predominantly rely on Shapley additive explanations (SHAP)[112] for feature attribution, which
quantifies the contributions of individual features to model predictions.[114—117] While SHAP provides valuable
insight into model behavior, its effectiveness is limited when used as the sole interpretability method, particularly
due to its underlying assumption of feature independence[112, 118], which can be contradictory to use cases that
show complex interdependencies, such as material properties and processing parameters in perovskite research.
Therefore, this chapter uses a comprehensive approach using multiple complementary XAl techniques, which is
favorable because it provides deeper insights into model behavior and more reliable interpretations of the complex
relationships in perovskite systems.[347, 449] After training DL models to find patterns in complex experimental
data, multiple XAI methods are used to render the identified patterns into human-understandable concepts. Trans-
lating these concepts into actionable recommendations based on the interpretations made by the human researcher
enables data-driven knowledge discovery, capable of finding evidence for or against existing hypotheses but also
capable of uncovering insights that lead to new hypotheses.

Using multiple XAl methods, this chapter examines the first of the two generated datasets containing time-resolved
multi-channel imaging data, i.e., videos, capturing in situ photoluminescence and diffuse reflection during the per-
ovskite thin-film formation using vacuum quenching (see section 5.2).[422] Since all solar cells were fabricated
under constant conditions using the same materials, the process parameters are nominally identical. Although
variations in solar cell performance are unintended, they result in a dataset that captures real-world process condi-
tions that reflect fluctuations in the fabrication process as it unfolds in reality. By including all potential real-world
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Figure 7.1: Schematic representation of applying explainable AI (XAI) to render model predictions humanly under-
standable. The imaging setup captures time-resolved multi-channel data, including photoluminescence
(PL) and diffuse reflection (Rg; s ), which is used as input to deep neural network models to predict
power conversion efficiency (PCE) and perovskite thin film thickness. XAI methods are then applied
to analyze the trained model, elucidating the complex correlations between the in sifu monitoring data
and the target variables, providing insight into the underlying process.

parameters that affect the process, without relying on prior assumptions about high- and low-impact process param-
eters, this approach allows broad, unbiased discovery of optimization pathways. By enabling the identification of
distinct process parameters that yield similar results, this methodology supports flexible process optimization, as the
thin-film formation process can be influenced by different actions, each suited to specific experimental setups.[347]
While there was sparse literature using single X Al methods on tabular perovskite solar cell data[116, 117,270, 455],
at the time of publication, there were no publications using a comprehensive approach of multiple XAI methods in
perovskite PV research and no application of XAl addressing complex, non-tabular, high-dimensional data.[347]
In the following sections, DL and X Al are used to investigate which factors drive solar cell performance by rendering
the complex relationships between perovskite thin-film formation and target variables, such as PCE and thin film
thickness, humanly understandable (research objective V).[347] By revealing the relative importance of different
input features, XAl provides insight into how specific parameters affect final device performance and enables tar-
geted optimization of critical parameters accelerating traditional, incremental scientific progress. First, deep neural
networks are trained on different representations of the high-dimensional data, revealing that the temporal progres-
sion of in situ monitoring data contains more information about final device performance and perovskite thin film
thickness than individual images. Next, to elucidate the complex correlations, the trained models are investigated
using multiple XAI methods to understand the mappings between the monitoring data and the target variables (see
Figure 7.1). To understand which data features are important for the models to predict device performance and thin
film thickness, attribution methods[109, 119] are used to compute importance scores for each input feature. After
identifying which parts of the input are important using feature attribution, counterfactual explanations[121-123]
are used to provide a data-driven explanation of why they are important. Finally, these insights, which are generated
only by analyzing the dataset without performing additional laborious experiments, are translated into actionable
recommendations for optimizing perovskite thin-film fabrication. In summary, based on neural networks that have
learned the mapping between in sifu monitoring data and target variables, multiple XAl methods render these rela-
tionships humanly understandable. The findings are distilled into actionable recommendations that enable targeted
optimization and accelerate traditional, incremental scientific progress.

7.2 Importance of Capturing Temporal /n Situ Data

To systematically investigate which aspects of the video data contain the most relevant information for predicting
PCE and perovskite thin film thickness, different approaches to representing the input data are compared. Each data
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Figure 7.2: Mean absolute error (MAE) for power conversion efficiency (PCE) and thin film thickness predictions
using different data representations as model input. Models trained on the video representation, which
preserves both temporal and spatial information, outperform models using reduced representations.
Models trained on data representations that preserve temporal information (video and time series)
show superior performance to those based only on spatial information (image), regardless of whether
the image captures the maximum PL intensity or the final state after quenching (see Figure A.21 for
standardized MAE). Adapted with permission from [347].

representation not only affects the performance of the model but also provides different possibilities for interpretation
through its unique way of capturing the information of the video data. Using the different data representations,
it becomes possible to isolate the specific temporal and spatial features that influence model predictions, as each
representation captures different aspects of the original time-resolved multi-channel imaging data (see section
5.2 for more details on the dataset).[422] The video representation captures all spatial and temporal information,
while the image representations focus on specific moments of interest and contain only spatial information. The
image,,q.. pr, representation shows the single most prominent in sifu image, which shows the highest mean PL
and the image., sit,, contains the last image, which emphasizes the final state of the thin film after quenching. In
contrast, the time series representations preserve the temporal behavior while reducing spatial complexity. The
time series meqn Shows the general temporal dynamics during the thin-film formation because it contains only the
temporal information by aggregating each image frame via its spatial mean. The time series .10 aggregates each
frame only in the dimension of the width of the image, resulting in a representation that contains both temporal and
some spatial information. Investigating which of these representations performs best is a first step in understanding
the complex relationship between the perovskite thin-film formation and solar cell device performance, as it reveals
which aspects of the video data are most informative.[347]

For the different data representations, several neural network architectures are explored and the best-performing
models are selected based on fivefold cross-validation on the training set. The ResNet[94] architectures perform
best for low-dimensional data, using ResNet-152 with 1D convolutions for time series representations and ResNet-
18 with 2D convolutions for image-based representations. For the more complex video data, the SlowFast[456]
architecture is used, which uses two specialized branches to efficiently process static (slow) and dynamic (fast)
information (see [347, 449] for more details on data representations and neural network training).

Evaluation of model performance on the test set shows that models trained using the video representation, which
combines temporal and spatial information, outperform those using reduced representations (see Figure 7.2). This
superior performance suggests that the temporal evolution of spatial features contains important information that is
lost in reduced representations, demonstrating the value of preserving both spatial and temporal information. For
most data representations, thin film thickness predictions are more accurate than PCE predictions, as only PCE is
negatively affected by additional processing steps not captured in the input data (see Figure A.21). Interestingly,
models trained on representations that preserve temporal information (video and time series) outperform those
trained on spatial information only (image), regardless of whether the image captures the moment of maximum
PL or the final state after quenching. This observation suggests that the temporal evolution of features contains
critical information about the underlying physical processes that cannot be captured in the single-image analysis. It
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suggests that this temporal evolution of features contains the most relevant information for prediction, rather than
individual spatial patterns at specific time steps.[347] When the temporal dimension is removed by limiting the
input data to a single frame in the image representations, the prediction performance is substantially affected by the
chosen time step. Consistent with the investigation of the predictive capabilities of in situ and ex situ features (see
section 5.3), thin film thickness prediction is more accurate using the image., i1, representation, while the in situ
representation image ... pr, is better for PCE prediction.

However, the choice of representation also introduces a trade-off between model performance and other practical
considerations. While using all available data in the video representation yields the best prediction accuracy,
this approach leads to increased computational cost due to the larger training dataset size. Along with the
number of model parameters, large training dataset sizes are one of the major contributors to the computational
and environmental cost of deep learning.[457, 458] These results demonstrate that while the unreduced video
representation provides superior performance, rather than defaulting to using all available data, thoughtful reduction
of data complexity preserves much of the predictive power while substantially improving computational efficiency,
reducing AI’s carbon footprint[459—462] and consumption of water[463—465] and electricity[466, 467].

Overall, the trained models show good performance in predicting the general trends, highlighting the successful
learning of non-trivial relationships, which is a prerequisite for reliable XAl analysis. In summary, by reducing
the high-dimensional data into different data representations that emphasize specific temporal or spatial aspects,
this analysis underlines the value of selective data inclusion for model interpretability. It is emphasized that the
temporal dimension provides critical information for understanding the perovskite thin-film formation, as the timing
of different formation phases is not represented in individual images. Accordingly, the acquisition of single, static
in situ images is not sufficient, as capturing the temporal dimension is critical for representing the quality of the
perovskite thin-film formation when predicting PCE and thin film thickness. Investigating the information content of
the different data representations allows distinguishing between temporal and spatial dynamics within the perovskite
thin-film formation process and lays the foundation for the subsequent in-depth application of XAl techniques in
the following sections.

7.3 Insights into the Thin-Film Formation From Explainable Al

With the various data representations established, several XAl methods are applied to provide robust and reliable
insights that elucidate the perovskite thin-film formation process. First, feature attribution[109, 119] is used to
compute importance scores for the input features, revealing which data features are most important for the models
to predict device performance and thin film thickness. Second, counterfactual explanations[121-123] are generated
to understand why these specific input features are considered important by the models.

While the following sections focus on the findings derived from the time series,,cq., data representation, the
published research article[347, 449] provides a comprehensive overview of the deep learning and XAI results
across the different data representations, labels, and XAI methods. By showcasing the key insights, this chapter
demonstrates the ability of XAl to improve the data-driven understanding of complex experimental processes.

7.3.1 Feature Attribution

Building on the trained models, XAl is used to render the mapping learned by the ML model between the input data
and the target variables humanly understandable. To understand which aspects of the in situ monitoring data are
most important for the deep learning models to predict PCE and thin film thickness, feature attribution techniques
are applied. These methods compute importance scores for the input features, revealing which parts of the input
data the model considers most important for its prediction (see section 2.3.7 for more details on XAl methods).

The visualization of the attribution scores for the time series,,cqn data representation computed using the expected
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Figure 7.3: Feature attribution for prediction of (a) power conversion efficiency (PCE) and (b) thin film thickness
based on the time series,cqrn, data representation using the expected gradients method. The attribution
scores (here: local explanations) indicate time intervals of high importance within the perovskite thin-
film formation process rather than isolated time steps. Both models show a peak in attribution around
30 seconds, corresponding to the onset of nucleation. For thickness predictions, the model shows
additional importance of data features capturing subsequent process phases. Adapted with permission
from [347].

gradients method[120] highlights the importance of different input features for the prediction of PCE and thin film
thickness (see Figure 7.3). The analysis of local explanations, i.e., the explanation of the model prediction on a
single observation, shows that the models do not identify individual dominant time steps, nor do they consider each
time step as equally important. Rather, the analysis highlights distinct time intervals of high importance for the
PCE and thickness prediction models. Interestingly, the same time intervals are also highlighted when analyzing
the video representation, while no noticeable patterns are detected in the spatial attribution in the frames.[347]
The models focus on time periods that coincide with specific phases of the perovskite thin-film formation. Both
models show the strongest attribution to the time interval around 30 seconds (see Figure 7.3a and Figure 7.3b),
which corresponds to the onset of nucleation and crystallization of the perovskite material, indicated by the onset
of PL emission as the first crystals form (see phase II in Figure 7.4; see section 3.1.1.3 for more details on the
thin-film formation). For PCE prediction, the model mainly leverages information from this phase to successfully
distinguish between nucleation and crystallization monitoring data resulting in high- or low-performing solar cell
devices.

For thin film thickness prediction, the model shows great importance of the nucleation onset as well as attribution to
other phases of the perovskite thin-film formation (see Figure 7.3b). In addition to considering features containing
crystallization information as relevant for thickness prediction (see phase III in Figure 7.4), a substantial attribution
is assigned to the final surface morphology formation after quenching is completed at 170s (see phase IV in
Figure 7.4). This suggests that the crystallization and the dynamics after 170 s during the venting phase are
important for accurately predicting the thin film thickness. In contrast, the PCE prediction model shows only a
small attribution peak at the end of the quenching process at 170 s, indicating that the details of the venting phase
are less informative for predicting the device performance compared to the nucleation and crystallization dynamics.
Global explanations, i.e., explanations of general patterns obtained by averaging over 100 observations, confirm the
findings of the local explanations and emphasize the increased importance of phase IV for thickness prediction.[347]
Further analysis of the feature importance of the individual IPDRI channels reveals that the photoluminescence data
is more important than the reflection signal for predicting PCE and thin film thickness. To avoid confirmation bias
and unfaithful explanations, several other attribution methods are used to confirm the attribution results to ensure
the trustworthiness and robustness of the findings, as diverse techniques may capture complementary perspectives
(see [347, 449] for a comprehensive overview of all feature attribution results).

In summary, the models focus on distinct time intervals that contain the most relevant information for the deep
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Figure 7.4: Phases of perovskite thin-film formation visualized by characteristic photoluminescence (PL) and
diffuse reflection (Ry; ;) transients in the time seriesy,c., data representation. Vacuum quenching
initiates the thin-film formation process, which includes four phases[28]: (I) accelerated drying due to
decreasing chamber pressure, (I) onset of nucleation characterized by an initial PL signal as perovskite
crystallites form, (III) crystallization characterized by grain coalescence leading to a reduction in PL
intensity, and (IV) formation of final surface morphology during venting of the vacuum chamber
after vacuum quenching is complete (see section 3.1.1.3 for more details on the thin-film formation).
Adapted with permission from [347].

learning models to accurately predict PCE and thin film thickness. The time intervals of high importance coincide
with specific phases of the perovskite thin-film formation, with the nucleation onset being the most important for
the models. The attribution methods provide guidance on which aspects of the in situ monitoring data are most
informative for the prediction tasks, informing future experimental design and data collection efforts.

7.3.2 Counterfactual Explanations

By indicating the importance of individual input features, feature attribution highlights which aspects of the per-
ovskite thin-film formation process are most relevant to the models for predicting PCE and film thickness. However,
the attributions alone cannot reveal the underlying causal mechanisms leading to the importance scores. To ex-
plain the underlying model behavior attributing importance to certain input features, counterfactual explanations
(CEs)[121-123] are used (see section 2.3.7 for more details on XAl methods).

CEs generate what-if scenarios by altering input observations to achieve specific counterfactual outcomes. Gener-
ating these alternative, hypothetical scenarios provides insight into how the input features would need to change to
increase or decrease the model’s predictions significantly. By showing the changes required to produce a specific
shift in prediction, CEs provide an understanding of the relationship between feature values and target variables.
The genetic counterfactuals (GeCo) algorithm[468] is used to generate plausible and feasible CEs.

The counterfactuals are leveraged to visualize how the input would need to change for the model to predict sub-
stantially higher or lower values for PCE and thin film thickness compared to the ground truth (see Figure 7.5).
The CEs reveal that an increase in the height of the PL [, p 725, peak coinciding with the onset of nucleation (see
phase II in Figure 7.4) leads to higher PCE predictions, confirming that early nucleation dynamics are critical for
predicting device performance (see Figure 7.5a). For lower PCE predictions, the height of the nucleation onset peak
is reduced and the PL onset time is substantially delayed (see Figure 7.5b).

In contrast, when predicting thin film thickness, the reduced PL intensity at the onset of nucleation and the delayed
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Figure 7.5: Counterfactual explanations for model predictions of power conversion efficiency (PCE) and thin film
thickness based on the PLy, p 725, intensity channel highlight specific input adjustments required to
shift model predictions. (a) Higher PCE counterfactual shows increased PL peak intensity at the onset of
nucleation, suggesting that early nucleation dynamics are critical for improved device performance. (b)
Lower PCE counterfactual with reduced nucleation peak height and delayed PL onset, indicating lower
predicted efficiency. (c) Thicker film counterfactual with reduced PL intensity at nucleation and delayed
onset time, and increased PL intensity after quenching is complete. (d) Thinner film counterfactual, with
earlier PL onset and increased intensity during nucleation, but reduced PL intensity after quenching.
Adapted with permission from [347].

PL onset time result in a higher predicted thin film thickness (see Figure 7.5c). Since feature attribution for thickness
prediction considers not only the nucleation onset as important (see Figure 7.3b), the increased PL intensity of the
CE at the end of quenching is also relevant for predicting high thickness values. Low-thickness predictions require
an earlier PL onset and a substantial increase in PL intensity during nucleation, while the PL intensity at the end
of quenching is reduced for the thinner counterfactual (see Figure 7.5d). The analysis is further substantiated by
generating counterfactuals for the other IPDRI channels and all other data representations (see [347, 449] for a
comprehensive overview of all counterfactual results).

To further support the conclusions drawn from the CEs, testing with concept activation vectors (TCAV)[124] can be
used. TCAV provides a more nuanced understanding of model behavior by testing the influence of specific concepts
included in the data on model layers responsible for PCE and thickness predictions. Based on the CE analysis,
the concepts of high and low nucleation peaks are introduced and their importance is tested for high and low PCE
observations. The TCAYV results are consistent with the CE-based analysis, showing that the high peak concept is
more important for predicting high PCE values, while the concept of low peak is more important for predicting
low PCE observations. The published research article[347, 449] provides a comprehensive analysis of all results
obtained using TCAYV, highlighting the synergies between CE and TCAV investigations.

In summary, counterfactual explanations reveal why the models focus on distinct time intervals for predicting PCE
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and thin film thickness. The analysis shows that increasing the early nucleation peak is critical for achieving higher
PCE, while variations in PL intensity during the final phase of thin-film formation have a greater impact on thick-
ness predictions. By exploring the importance of identified concepts, TCAV confirms the CE-based findings. By
revealing why certain input features are important for predicting PCE and thin film thickness, these XAl methods
render the black-box predictions of the neural networks humanly understandable, resulting in increased confidence
in the model predictions.

7.4 From XAl Findings to Data-Driven Recommendations for
Experimental Research

Applying XAl methods provides deeper insight into the perovskite thin-film formation. It allows these data-driven
insights to be translated into actionable recommendations, offering new ways to optimize the fabrication process and
improve device performance.[347] An iterative feedback loop facilitates a structured approach to experimentation in
which each phase, from experimental research to data collection, model training, XAl analysis, scientific interpre-
tation, and generation of actionable recommendations, complements and informs the next, promoting continuous
learning and data-driven refinement of experimental strategies (see Figure 7.6). After elucidating the thin-film
formation, the specific insights revealed by XAI are translated into targeted recommendations for optimizing the
fabrication process to improve perovskite thin film properties. As several XAl methods are used to avoid con-
firmation bias, multiple findings are revealed. These insights are interpreted by domain scientists concerning the
underlying experimental phenomena and used to generate recommendations for improving the fabrication process.
The first finding, that temporal data significantly improves predictive performance, suggests that temporal dynamics
are essential for understanding the sequence of different phases during thin-film formation. Consequently, the
importance of temporal information underscores the need for comprehensive, insitu temporal data acquisition
during experiments to ensure that no critical phase of the thin-film formation process is missed. By capturing the
full temporal data, researchers gain a more nuanced view of the process dynamics that static measurements cannot
provide, underscoring the advantage of time-resolved in sifu monitoring setups.

The second finding highlights the importance of a pronounced PL peak observed during phase II (see Figure 7.4),

experimental

/ research

data
collection

machine learning
model training

explainable Al /

findings

Figure 7.6: Iterative feedback loop connecting experimental research with explainable Al (XAI) for data-driven
optimization of the experimental process. Findings revealed by the XAI analysis are scientifically
interpreted and translated into actionable recommendations to optimize the experimental process.
The structured, cyclical approach enables continuous, data-driven improvement of perovskite thin-
film properties, with each cycle informing the next, accelerating scientific progress. Adapted with
permission from [347].
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as it correlates with high-performing solar cells, suggesting that this phase is critical for device efficiency. This
peak is indicative of the nucleation and initial crystallization phases, where the quality of the thin films is largely
determined. Since higher peaks lead to improved solar cell performance, the objective is to maximize the PL peak
height during nucleation by optimizing process parameters. The scientific interpretation links this observation to
the evacuation rate of the vacuum chamber, which affects the PL onset and peak intensity during vacuum quenching,
and ultimately also the thin film morphology.[304] Based on this insight, an actionable recommendation to improve
nucleation is to increase the chamber evacuation rate during phase II to maximize the PL peak and thereby improve
the overall quality of the perovskite thin film.

The third finding emphasizes that the thin film thickness is not only correlated with the nucleation step but also
with the crystallization and post-quenching dynamics, which are important to accurately predict the thickness. The
scientific interpretation links the measured thickness to the surface roughness of the perovskite thin film, which is
affected by the timing of the venting step (see Figure A.17). After quenching, high PL signals during venting are
correlated with rougher thin films, which is attributed to residual solvents within the thin film leading to increased
surface roughness, resulting in increased PL outcoupling.[304] In contrast, for fully dried perovskite thin films,
the morphology does not change during venting, resulting in no substantial change in PL. Since lower PL intensity
correlates with smoother thin films, the objective is to minimize the PL intensity during vacuum chamber venting
by optimizing process parameters. Therefore, one recommendation is to increase the quenching time, which allows
for complete solvent extraction, to prevent high PL signals during venting, resulting in smoother surfaces and
mitigating thin film roughness and thickness variation. However, subsequent experiments revealed a detrimental
effect of prolonged quenching time on PCE (see Figure A.18a), highlighting the need to optimize the process by
implementing a trade-off between a smooth perovskite thin film and the ability to build high-performance solar
cells from these thin films (see section 6.5.2).

While this section provides recommendations for improving the experimental process, it also highlights the limita-
tions of XAI methods. The XAl insights are limited by the dataset as there may be process parameters that are not
captured in the dataset but still affect the target variables. However, as the dataset contains the monitoring data of
the actual thin-film formation itself, it captures the resulting interplay of all parameters affecting the process, thereby
minimizing the likelihood of significant unobserved factors. In addition, XAl primarily reveals correlations rather
than causal mechanisms, leaving final causal explanations to domain scientists. However, because the interpretation
of XAl results is performed by human experts, the reliability of recommendations derived from XAl is increased by
the collaborative approach. Furthermore, the approach used here should be considered as a generalizable framework
for experimental materials research, as the X Al methods are not limited to perovskite solar cells, but can be adapted
to other fabrication processes within materials science. As research progresses, XAl-based approaches are likely
to become invaluable tools for the data-driven generation of process understanding needed to further optimize
experimental protocols and accelerate scientific discovery across materials science.

In summary, XATI highlights the importance of input features around the PL onset when perovskite nucleation begins.
It underscores the impact of nucleation dynamics early during the thin-film formation on overall device performance
and suggests that a focus on optimizing this phase could lead to superior device performance. The integration of
XAl findings into experimental practice completes a feedback loop in which each cycle of experimentation and
analysis informs subsequent experiments. This iterative process enables actionable, data-driven insights that not
only improve current fabrication methods, but also provide a transferable framework for advances in other areas of
perovskite research and materials science.

7.5 Summary

This chapter investigates the application of explainable Al techniques to improve the understanding of the perovskite
thin-film formation process and its impact on solar cell performance. After training deep learning models using
photoluminescence and diffuse reflection data, XAl is used to render the complex relationships between in situ
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monitoring data and target variables humanly understandable (research objective V, see section 1.2). Multiple XAl
techniques are used to reveal the critical phases during thin-film formation that most influence device performance
and perovskite thin film thickness.

First, the importance of capturing the temporal evolution of perovskite thin-film formation is highlighted by
comparing the predictive accuracy of different representations of the high-dimensional data. Models trained on
data representations that include temporal information outperform those trained on spatial information alone. The
analysis highlights the importance of capturing the full temporal progression of the thin-film formation, rather than
relying solely on spatial information from single images, as the temporal data provides essential information for
predicting device performance.

Next, multiple XAI methods are used to elucidate the insights hidden in the trained deep learning models by
interpreting the predictions by the models. Feature attribution is used to identify the specific time intervals that are
most important for the predictions. The analysis shows that the onset of perovskite nucleation and crystallization
is the most critical phase for the models to predict solar cell performance and thin film thickness accurately. For
the prediction of perovskite thin film thickness, the input features that include information on crystallization and
post-quenching dynamics also have significant predictive power. To further understand why the input features
of these specific phases are important, counterfactual explanations are generated. The counterfactuals show that
maximizing PL intensity during nucleation onset is critical for achieving higher device performance. Variations in
PL intensity after quenching have a large impact on thickness predictions. By combining multiple XAI methods,
this chapter not only explains which data features are important for predicting the target variable but also provides
data-driven insights into why these features are important.

Finally, the findings revealed by the XAl analysis are interpreted by human experts and translated into actionable
recommendations to optimize the experimental thin-film formation process. These include suggestions to increase
the chamber evacuation rate to maximize the nucleation PL peak for higher solar cell performance, as well as using
longer quenching times to minimize post-quenching PL intensity, thereby reducing surface roughness and variations
in thin film thickness.

In conclusion, the application of XAl techniques renders the complex relationship between in situ monitoring data
and target variables humanly understandable. By transforming black-box predictions of DL models into interpretable
predictions, critical factors in the perovskite thin-film formation process are identified. The insights revealed from
XAl enable a deeper understanding of how the perovskite thin-film formation affects solar cell performance and are
translated into actionable recommendations for optimizing perovskite thin-film formation. The iterative feedback
loop between experimental research, data collection, machine learning, XAl analysis, and the generation of data-
driven recommendations enables data-driven optimization of the perovskite thin-film fabrication process, ultimately
accelerating scientific progress in perovskite photovoltaics research.
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8 Conclusion

8.1 Summary

The commercialization of perovskite photovoltaics requires scaling the technology from laboratory settings to
industrial-scale production. However, transitioning from fabrication of small-scale devices to large-area modules
introduces critical challenges, including spatial inhomogeneities in absorber quality, increased probability of defects
and reduced reproducibility, requiring advanced characterization methods for process monitoring. To address these
challenges, this work develops a methodology that combines in sifu imaging and machine learning to monitor,
analyze, predict, and optimize the perovskite thin-film fabrication process.

A large-area imaging technique is introduced, which enables detection of morphological inhomogeneities and
defects, such as pinholes and absorber quality variations. Leveraging the temporal resolution, the imaging system is
used to monitor the dynamic processes during the thin-film formation consisting of the entangled phases of drying,
nucleation, and crystal growth. As the data complexity exceeds the limits of human analysis, the monitoring setup
is used to generate two extensive experimental datasets needed for data-driven analysis with ML. The datasets serve
as a foundation for analyzing relationships between the thin-film formation and the solar cell performance. To
enhance the monitoring of the thin-film formation, machine learning models are applied to detect material com-
position inconsistencies and predict holistic device performance of individual solar cells. By providing Al-driven
recommendations, the methodology enables process optimization while explainable Al is used to elucidate the
complex relationship between in situ monitoring data and device performance.

As the thesis is structured around five research objectives, the results addressing each of them are discussed (see
section 1.2):

I: Novel imaging technique for large-area characterization. To address the need for advanced large-area
characterization in perovskite photovoltaics, the in sifu photoluminescence and diffuse reflection imaging technique
is developed in this work. This multi-channel imaging approach combines photoluminescence and diffuse reflection
measurements, enabling a comprehensive assessment of thin-film quality and homogeneity by capturing different
types of defects and properties in each channel. The system allows the detection of morphological inhomogeneities
and defects such as pinholes and variations in absorber quality, which can significantly affect device performance
metrics like PCE, before the annealing step. While PL imaging probes optical properties related to crystal quality
and non-radiative recombination, the complementary use of electroluminescence imaging provides additional in-
sight into electrical defects in fully fabricated devices.

With a temporal resolution of three frames per second, the IPDRI system enables real-time monitoring, capturing
the dynamic processes of drying, nucleation, and crystal growth that occur during perovskite thin-film formation
from solution. Identification of these critical phases enables tracking of process dynamics, which is essential
for fabricating high-quality perovskite thin films. The integration of large-area imaging capabilities with high
temporal resolution makes IPDRI an ideal tool for detecting and correcting process variations, facilitating in-line
quality assessment and feedback essential for industrial production. The versatility and utility of [PDRI have been
demonstrated in numerous research investigations at KIT.[304, 314, 326, 341, 343-352]

II: Laboratory-scale experimental datasets. To enable data-driven machine learning analysis of perovskite
thin-film formation, this work introduces two laboratory-scale experimental datasets from in sifu monitoring. The
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complexity of the perovskite thin-film formation process, with its entangled phases that are influenced by multiple
parameters, makes it unsuitable for traditional quantitative or qualitative human analysis. Data-driven ML methods
are therefore essential to uncover hidden relationships between the formation process, material properties, and
device performance, which requires the generation of suitable comprehensive datasets. To address this need, two
extensive datasets are generated using the [PDRI setup.

The first dataset consists of in sifu PL and reflection data from 1129 blade-coated solar cells fabricated under constant
experimental conditions. In addition to PV performance metrics measured experimentally on the finalized solar
cell devices, this dataset includes thin film thickness labels for all samples, which are obtained through additional
experimental characterization. By limiting variations in solar cell performance to unintended fluctuations during
fabrication, this dataset enables the investigation of unwanted process-induced variations in thin-film quality, both
across large-area substrates and between different fabrication batches. Building on this, a second, more diverse
dataset is generated, including in sifu monitoring data from 2215 solar cells fabricated with systematically varied
vacuum quenching times, as well as 4448 thin films with diverse material properties, such as variations in precursor
molarity and molar ratios.

In contrast to datasets that allow general or theoretical PCE predictions based on tabular data of different material
properties and device stacks extracted from literature or simulations, the introduced experimental datasets enable
PCE prediction of individual solar cells using characterization data. This capability enables real-time feedback and
optimization during fabrication. It is demonstrated that in sifu monitoring is essential, as the correlation between
in situ data and target variables, such as PCE, is stronger than the correlation achieved using only ex situ data acquired
after thin-film formation. Unsupervised k-means clustering of in situ PL transients reveals distinct data patterns
that correlate with device performance, linking earlier PL onsets and higher PL. maxima to better PV performance,
while spatial analysis of the clusters uncovers process-induced thin film inhomogeneities. To accelerate progress in
the field and to enable other researchers to investigate research questions related to the complex perovskite thin-film
formation process, both datasets have been published as open-access resources and are publicly available.

III: Material and device property prediction. This work demonstrates the ability of ML to predict precur-
sor material properties, thin film characteristics, and solar cell performance from insitu PL and reflection data,
enabling early evaluation prior to device completion. At the material level, the methodology predicts precursor
molarity and molar ratios, ensuring material consistency by detecting subtle variations. At the thin film level, it
accurately predicts thickness, identifying spatial inhomogeneities caused by the blade coating process as well as
batch-to-batch variations. Extended to the device level, the models predict key device performance metrics such as
PCE, enabling a holistic assessment of thin-film quality prior to subsequent processing steps.

The first dataset is used to compare the performance of various classical supervised ML models for both PV
performance metric and thickness predictions, highlighting the importance of model selection and the choice of
monitoring channels as model input. The analysis demonstrates the superiority of PL intensity channels, which
provide the best accuracy for predicting both thin film thickness and PCE, while underscoring the value of multi-
channel data acquisition. With the second dataset, the predictive capabilities are further enhanced by incorporating
neural networks in addition to classical models. The neural networks demonstrate scalability advantages, achieving
predictive accuracies that match or exceed the best-performing classical methods and show superior improvement
with increasing dataset size. This trend underscores their promise for industrial applications, where large-scale
data collection enables superior performance. Across all tasks, the ML models substantially outperform baselines
representing human predictive capabilities. Compared to the literature, the neural network outperforms most
reported use cases, even though PCE prediction in the literature is primarily based on tabular data from cross-study
databases rather than experimental characterization data of individual samples.

The ability to predict device performance prior to fabrication completion represents a substantial advance in process
monitoring for perovskite PV fabrication. However, challenges remain in predicting holistic PV parameters due to
the complexity of device performance, which is influenced by other processing steps that are not captured in the
model input data. Despite these limitations, ML substantially enhances in situ characterization by transforming
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complex experimental data into early in-line quality assessments. This capability allows the detection of material
inconsistencies, identification of thin film variations, and prediction of device performance, enabling monitoring
for improved quality and reproducibility in both research and industrial applications.

IV: Enhanced experimental data analysis. In addition to improving experimental data analysis, this work
demonstrates the essential role of ML in providing actionable in situ recommendations to improve control over
experimental processes. By moving from predictive to prescriptive analysis, models are used to actively inform
and optimize the fabrication process. An Al-driven recommendation system is developed to optimize experimental
vacuum quenching parameters. This system uses a cascade of ML models that first forecasts IPDRI monitoring
signals as a function of quenching time and then predicts the corresponding expected device performance.

This approach allows for data-driven decision-making during fabrication, enabling process control through dy-
namic adjustments to optimize thin-film quality and device performance. Applied to large-area substrates, the
recommendation system generates spatially resolved predictions and recommendations for multiple solar cells,
addressing spatial variations inherent in scalable fabrication. By transforming complex experimental data into
actionable recommendations, the system uses ML to provide comprehensive feedback that enhances process control
and optimization beyond traditional predictive analytics.

V: Insights into thin-film formation. Explainable AI techniques are applied to make the complex correla-
tions between in sifu monitoring data and the target variable PCE and thin film thickness relationships humanly
understandable. The analysis highlights the importance of capturing the temporal evolution of thin-film formation,
as opposed to relying solely on spatial information from single images. Multiple XAI methods are used to reveal
the insights hidden in the trained black-box neural networks. Feature attribution analysis identifies critical phases
during the formation process, with the onset of perovskite nucleation emerging as particularly important for pre-
dicting device performance, while post-quenching dynamics in the monitoring data show a substantial impact on
thin film thickness. To gain a deeper understanding of the formation dynamics, counterfactual explanations are
generated that provide insights into why the input features of these specific phases are important and how they
influence the prediction results. These data-driven insights are translated into actionable recommendations for
optimizing the fabrication process, including increasing the chamber evacuation rate to enhance the nucleation PL
peak and adjusting the quenching time to minimize post-quenching PL intensity to reduce surface roughness and
thickness variations. The iterative feedback loop between experimental research and data-driven insights uses XAl
findings to guide process modifications, resulting in improved thin-film formation. More broadly, explainable Al
has great potential to uncover hidden relationships learned by models from complex datasets, providing deeper un-
derstanding and enabling targeted optimizations that further advance perovskite PV research and commercialization.

In summary, the results presented in this work represent significant progress toward achieving the scalable,
reproducible perovskite thin-film fabrication required for industrial production. By integrating advanced in situ
imaging techniques, comprehensive experimental datasets, machine learning, and explainable Al, this work demon-
strates novel approaches for process monitoring, material and device property prediction, and actionable process
optimization. These advances address critical challenges in thin-film quality, defect detection, and reproducibility.
Long-term stability remains the primary barrier to the widespread adoption of perovskite PV technology. Advanced
in situ monitoring and machine learning techniques are powerful tools to address this challenge by enabling early
detection of degradation processes and supporting data-driven strategies to improve material and device durability.
The following section provides an outlook on the next steps needed to overcome these challenges and further
advance the scaling of perovskite PV technology.
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8.2 Outlook

Provided that the challenge of long-term stability can be overcome, perovskite PV technology is poised to play a key
role in meeting the planet’s growing demand for sustainable electrical energy. This immense potential underscores
the need for continued innovation in scalable manufacturing processes, advanced monitoring techniques, and ML-
based optimization. Building on the progress made in this work, this outlook explores the critical next steps and
examines how ML can help address remaining challenges and drive further advances in perovskite PV research.

In situ monitoring limitations. While in situ monitoring provides insight into the perovskite thin-film forma-
tion process, a fundamental limitation of the current approach is its inability to capture information about previous
or subsequent processing steps in the device stack that also affect device performance metrics. For example,
irregularities that occur during substrate handling or during the deposition of subsequent layers, such as transport
layers or electrodes, can significantly affect the final device performance but are not accounted for in the current
input data. As a result, predictions that are accurate for the perovskite thin film may not capture the holistic behavior
of the entire device.

To address these limitations, future efforts could combine in situ monitoring with ex situ characterization after
key process steps. For example, additional PL and reflection imaging ex situ after the device has undergone all
fabrication steps would provide a dataset that includes the effects of all processes. This complementary approach
could provide a more complete understanding of device performance and improve the accuracy of predictions for
metrics that are influenced by interactions within the entire layer stack.

In addition, extending the imaging capabilities of IPDRI to monitor the fabrication of other layers in the stack could
be a transformative step. This could involve using UV excitation to achieve photon energies above the bandgap
of these layers, thereby enabling the capture of photoluminescence signals. In cases of insufficient luminescence,
alternative data sources such as reflection or absorption measurements could provide valuable insights. Combined,
these improvements would broaden the applicability of in sifu monitoring and contribute to a more integrated
understanding of perovskite photovoltaic device fabrication.

Temporal and spatial data aggregation. This work focuses on the analysis of the transient evolution of PL
intensity during perovskite formation, leaving the detailed study of spatial inhomogeneities, such as pinholes and
other material defects, to future investigations. To fully exploit the rich data provided by IPDRI monitoring,
future research should aim to unify temporal and spatial analysis in a predictive framework. Spatial information
on defects and inhomogeneities could complement temporal evolution data, providing valuable insights into the
interplay between local material properties and overall device performance. Integrating both temporal and spatial
dimensions could improve prediction accuracy and provide a deeper understanding of the relationship between
thin-film formation and device quality.

Dimensionality reduction techniques like autoencoders could play a key role by compressing spatial data into
low-dimensional latent representations that preserve essential features, such as spatial homogeneity and defect
patterns. These latent representations balance the need to maintain critical information contained in the video
data with the computational efficiency required for high-dimensional data. Tracking the temporal change of these
compressed spatial features could enable powerful predictive modeling, providing new insight into the relationship
between local material properties and overall device performance. In addition, not all time steps during thin-film
formation are equally informative for prediction. Methods such as feature attribution help identify the most critical
phases for prediction, reducing data complexity while improving model accuracy.

Defect detection through segmentation and classification. As perovskite PV transitions to industrial-scale
production, advanced defect detection is essential to maintain consistent device quality and high production yields.
The combination of segmentation and classification techniques enables comprehensive defect analysis, enabling
early detection of pinholes, cracks, and inhomogeneities.

140



8.2 Outlook

Semantic segmentation creates pixel maps of thin-film irregularities, capturing the spatial distribution of defects
such as pinholes and thickness variations. These maps provide valuable insight for process monitoring and opti-
mization. Classification complements segmentation by categorizing defects based on type, severity, and potential
impact on device performance, distinguishing minor inhomogeneities from critical defects like pinholes that signifi-
cantly reduce device performance. ML improves defect detection by identifying subtle patterns and early indicators
of defect formation that may not be visually apparent to human inspection, enabling proactive intervention during
fabrication. Explainable Al techniques further provide insight into why specific features are flagged as defects and
how they contribute to performance losses, helping to investigate the underlying causes of defect formation.
Advanced, automated defect detection is particularly relevant for large-scale production and high-throughput exper-
imentation, where traditional human inspection is not feasible. Integrating these methods into real-time monitoring
systems could enable immediate detection and classification of defects during high-throughput production, support-
ing rapid process adjustments to maintain quality standards. Linking defects to device performance establishes a
feedback loop that optimizes fabrication processes to minimize defects, reduce waste, and increase yield.

Multimodal ML-based monitoring. While the IPDRI system has demonstrated the value of in situ monitoring,
advancing perovskite PV manufacturing will require the integration of multiple complementary characterization
techniques. Multimodal datasets combining imaging, spectroscopy, and environmental parameters provide a holistic
view of how fabrication conditions affect material properties and device performance. By providing deeper insight
into process-parameter relationships, these datasets can support effective optimization strategies.

Integrating such diverse data streams requires ML frameworks capable of processing and correlating information
from multiple sources. Combining data from IPDRI with environmental sensor readings (e.g., temperature, hu-
midity), deposition rate measurements, and additional in situ techniques could enable more robust process control.
These multimodal ML-based approaches increase predictive power and interpretability, making them essential for
industrial-scale production.

A comprehensive monitoring framework could incorporate high-resolution ex situ methods alongside production-
friendly insitu techniques. While high-resolution methods such as scanning electron microscopy, atomic force
microscopy, and whitelight interferometry provide detailed insights into surface morphology and layer thickness,
they are limited in their applicability in production settings because they are time-consuming and often destructive.
Instead, non-destructive and fast techniques that are well-suited for real-time characterization in production lines
are likely to complement imaging systems such as IPDRI. These include in situ point probe measurements such as
X-ray diffraction for crystal structure analysis, spectroscopic ellipsometry for thickness monitoring, and spectral
measurements that combine photoluminescence, reflection, absorption, and transmission data for comprehensive
optical characterization.

The development of ML models capable of handling diverse data types, temporal resolutions, and spatial scales
is key to processing and interpreting these multimodal streams. Such systems would enable sophisticated quality
control by exploiting the complementary strengths of different characterization techniques, ultimately supporting
industrial-scale monitoring and optimization.

Broadening ML capabilities in thin film analysis. While this work has demonstrated the potential of ML
for predicting PCE based on in situ monitoring data, future developments can extend these capabilities to a broader
range of thin-film properties critical to perovskite solar cells. Multi-task learning frameworks could improve
accuracy by simultaneously predicting related properties. Efforts could focus on target properties such as pho-
toluminescence quantum yield (PLQY) and absorption, for which labeled datasets can be generated with limited
effort due to simple measurement techniques. In particular, PLQY offers a valuable alternative for evaluating
thin-film quality because, unlike PCE, it does require complete device fabrication. More complex but important
targets, such as grain size and long-term stability metrics, also hold promise for ML-based prediction. Although
generating training labels for these properties requires more extensive characterization efforts, their successful
prediction during fabrication using early in situ data would be highly valuable for accelerating material and process
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optimization.

To ensure robustness, ML models need to generalize across different perovskite compositions and processing meth-
ods. Transfer learning could enable models to adapt between fabrication methods such as blade coating, slot-die
coating, and inkjet printing, or extend pre-trained models to new material systems. Incorporating uncertainty quan-
tification into ML frameworks would add confidence metrics to predictions and help identify areas for improvement.
Integrating these ML-based monitoring capabilities with high-throughput manufacturing systems is particularly
promising. Robotic automation can generate large datasets that can be used to train more sophisticated models
to drive process optimization. Extending the explainable Al approaches demonstrated in this work to interpret
material composition predictions could further uncover relationships between processing and material properties.

The advances presented in this work are part of the rapidly growing field of machine learning applications for
perovskite photovoltaics. With its versatility and ability to tackle complex tasks, ML is becoming an indispens-
able tool for materials researchers and is driving extensive efforts to address diverse challenges in perovskite PV
research (see section 2.4). Looking ahead, the synergy of global experimental research on long-term stability and
large-area upscaling, accelerated by the predictive power and optimization capabilities of ML, holds great promise
for overcoming barriers to perovskite PV commercialization.
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A.1 Resources, Funding, and Tools

All experimental work was performed within the laboratory infrastructure of the Light Technology Institute
(LTD) at the Karlsruhe Institute of Technology (KIT), primarily provided by Prof. Dr. Ulrich W. Paetzold and
Prof. Dr. Uli Lemmer. A detailed description of the experimental tools used for this work can be found in Chapter 3.

This PhD thesis and the associated research were only made possible by funding secured by Prof. Dr. Ul-
rich W. Paetzold from various funding agencies, including the Helmholtz Association (program-oriented funding
phase IV, MTET Topic 1, Code: 38.01.05 / project AI-INSU-PERO, ZT-I-PF-5-106 / project AutoPeroSol, ZT-PF-
3-020/ Solar Technology Acceleration Platform (Solar TAP) / HYIG of U.W.P., VH-NG-1148), the German Federal
Ministry for Economic Affairs and Climate Action (BMWK) (project CAPITANO, 3EE1038B / project SHAPE,
03EE1123A), the German Federal Ministry of Education and Research (BMBF) (PRINTPERO, 03SF0557A), and
the Karlsruhe School of Optics & Photonics (KSOP).

This work relied heavily on free and open-source software libraries, as well as access to high-performance com-
puting (HPC) resources. Machine learning applications were implemented using Python and several key libraries,
including scikit-learn, PyTorch, and pandas. A complete list of all Python packages and their respective versions
is provided in section 2.3.9. Computational experiments were performed on the HPC clusters bwUniCluster 2.0
and Helmholtz AI computing resources (HAICORE)@KIT, supported by the state of Baden-Wiirttemberg through
bwHPC and the Helmholtz Association Initiative and Networking Fund on the HAICORE@KIT partition. Version
control and collaborative development were managed using Git and GitHub, while Zenodo was used for open access
sharing of the generated datasets.

Additional software tools were used to facilitate various aspects of data processing and documentation. ImageJ was
used for quick inspection of raw images, while all graphs were generated using Python. Figures with sketches were
created with Inkscape. References were managed using Mendeley and JabRef. The thesis was written in LaTeX
with the editor TeXstudio.

Al-assisted technologies were used as writing aids to check spelling and suggest grammatical improvements. These
tools were strictly used to improve readability and grammar and did not contribute to the creation of the scientific
content. The author reviewed and edited all Al-based suggestions and takes full responsibility for the content of
the work. The Al-based tools used include ChatGPT 4/40, Grammarly, DeepL, and Claude 3.5 Sonnet.
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A.2 Author Contributions According to CRediT System

When publishing within collaborative research projects, CRediT (Contributor Roles Taxonomy) is a taxonomy
that allows for a high-level description of 14 roles played by contributors in the research process. It informs
about individual author contributions to the research project and reduces disagreements between collaboration
partners.[469]

Table A.1: Overview of the categories used in this work to identify the contributions of different authors according
to the contributor role taxonomy (CRediT) by Brand et al.[469]

Category Definition

Conceptualization Ideas; formulation or evolution of overarching research goals and aims
Methodology Development or design of methodology; creation of models

Investigation Conducting a research and investigation process, specifically performing the

experiments, or data/evidence collection
Data Curation Management activities to annotate (produce metadata), scrub data and maintain
research data (including software code, where it is necessary for interpreting the
data itself) for initial use and later reuse

Software Programming, software development; designing computer programs; implemen-
tation of the computer code and supporting algorithms; testing of existing code
components

Formal Analysis Application of statistical, mathematical, computational, or other formal tech-

niques to analyze or synthesize study data

Validation Verification, whether as a part of the activity or separate, of the overall replica-
tion/reproducibility of results/experiments and other research outputs

Writing — Original Draft Preparation, creation and/or presentation of the published work, specifically
writing the initial draft (including substantive translation)

Writing — Review & Editing | Preparation, creation and/or presentation of the published work by those from
the original research group, specifically critical review, commentary or revision
— including pre- or post-publication stages

Visualization Preparation, creation and/or presentation of the published work, specifically
visualization/data presentation

Project Administration Management and coordination responsibility for the research activity planning
and execution

Funding Acquisition Acquisition of the financial support for the project leading to this publication

Resources Provision of study materials, reagents, materials, patients, laboratory samples,

animals, instrumentation, computing resources, or other analysis tools

Supervision Oversight and leadership responsibility for the research activity planning and
execution, including mentorship external to the core team
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A.2.1 Correlative In Situ Multichannel Imaging for Large-Area Monitoring of
Morphology Formation in Solution-Processed Perovskite Layers

The research article "Correlative In Situ Multichannel Imaging for Large-Area Monitoring of Morphology Formation

in Solution-Processed Perovskite Layers" was published in Solar RRL by Simon Ternes (S.T.), Felix Laufer (F.L.),
Philip Scharfer (P.S.), Wilhelm Schabel (W.S.), Bryce S. Richards (B.S.R.), lan A. Howard (I.A.H.) and Ulrich W.
Paetzold (UW.P.). S.T. and F.L. contributed equally to this work.[341]

Table A.2: Author CRediT — Correlative In Situ Multichannel Imaging for Large-Area Monitoring of Morphology
Formation in Solution-Processed Perovskite Layers

Category Authors Details
Conceptualization S.T. & ILA.H. Conceptualization of imaging setup
Methodology F.L., S.T., I.LA.H & |Application of system on the drying channel at different
U W.P. drying parameters
Investigation F.L.&S.T. Conducting of experiments by F.L and S.T., chemical en-
gineering of devices by S.T.
Data Curation F.L. &S.T. Creating of ’database’ and detection of trends by F.L.,
defect analysis by S.T.
Software FL. &S.T. Camera operation, filter wheel control via micro-
controller, data post-processing
Formal Analysis FL &S.T. Data evaluation and interpretation
Validation S.T. & F.L. Comparison with spectral one-point probe PL setup by
F.L., comparison with literature by S.T.
Writing — Original Draft S.T. -
Writing — Review & Editing | F.L., B.S.R., [A.H. & |-
U W.P.
Visualization F.L., ST, B.S.R.,|Original figures by F.L. & S.T., revised by B.S.R., [.A.H.
LA.H & UW.P. & UW.P.
Project Administration LA H & UWP. -

Funding Acquisition
Resources

Supervision

W.S, B.S.R. & UW.P.
IA.H,PS. & W.S

PS.,

W.S,

B.S.R.,

LA H & UW.P.
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A.2.2 Process Insights into Perovskite Thin-Film Photovoltaics from Machine
Learning with In Situ Luminescence Data

The research article "Process Insights into Perovskite Thin-Film Photovoltaics from Machine Learning with In Situ
Luminescence Data" was published in Solar RRL by Felix Laufer (F.L.), Sebastian Ziegler (S.Z.), Fabian Schackmar
(F.S.), Edwin Andres Moreno Viteri (E.A.M.V.), Markus Gotz (M.G.), Charlotte Debus (C.D.), Fabian Isensee (F.1.)
and Ulrich W. Paetzold (U.W.P.).[346]

Table A.3: Author CRediT — Process Insights into Perovskite Thin-Film Photovoltaics from Machine Learning with
In Situ Luminescence Data

Category Authors Details

Conceptualization F.L. & UWP. -

Methodology ES. Application of in situ monitoring during vacuum quench-
ing

Investigation F.L., F.S. & EA.M.V. |Performing experimental lab work to generate the dataset

Data Curation FL &S.Z. Dataset generation, maintenance, and publication

Software FL &S.Z. Writing code for machine learning evaluation by F.L.,

review and validation by S.Z.

Formal Analysis FL &S.Z. Data evaluation and interpretation by F.L., review and
validation by S.Z.

Validation SZ.,M.G.,CD.&F.I
Writing — Original Draft F.L. -
Writing — Review & Editing | S.Z., F.S., M.G., C.D.,

F.I & UW.P.
Visualization F.L. -
Project Administration M.G., CD., FI &]|-
UW.P.
Funding Acquisition M.G., CD., FI &]|-
UW.P.
Resources M.G., Fl & UW.P. -
Supervision C.D.,FI & UW.P. -
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A.2.3 Deep learning for augmented process monitoring of scalable perovskite
thin-film fabrication

The research article "Deep learning for augmented process monitoring of scalable perovskite thin-film fabrication"
was published in Energy & Environmental Science by Felix Laufer (F.L.), Markus Gotz (M.G.), and Ulrich W.

Paetzold (U.W.P.).[352]

Table A.4: Author CRediT — Deep learning for augmented process monitoring of scalable perovskite thin-film

fabrication
Category Authors Details
Conceptualization F.L. & UW.P. -
Methodology F.L. -
Investigation F.L. -
Data Curation F.L. -
Software F.L. -
Formal Analysis F.L. -
Validation M.G. & F.L. -
Writing — Original Draft F.L. -
Writing — Review & Editing | M.G. & U.W.P. -
Visualization F.L. -
Project Administration UW.P. -
Funding Acquisition M.G. & UWP. -
Resources M.G. & UWP. -
Supervision U.W.P. -
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A.2.4 Discovering Process Dynamics for Scalable Perovskite Solar Cell
Manufacturing with Explainable Al

The research article "Discovering Process Dynamics for Scalable Perovskite Solar Cell Manufacturing with Ex-
plainable AI" was published in Advanced Materials by Lukas Klein (L.K.), Sebastian Ziegler (S.Z.), Felix Laufer
(F.L.), Charlotte Debus (C.D.), Markus Gotz (M.G.), Klaus Maier-Hein (K.M.H.), Ulrich W. Paetzold (U.W.P.),
Fabian Isensee (F.1.) and Paul F. Jager (P.F.J.). L.K. and S.Z. as well as U.W.P,, F.I., and P.F.J. contributed equally

to this work.[347]

Table A.5: Author CRediT — Discovering Process Dynamics for Scalable Perovskite Solar Cell Manufacturing with

Explainable Al

Category Authors Details

Conceptualization LK,SZ.,Fl &PFJ.|-

Methodology LK & S.Z. Training neural networks by S.Z. and applying various
explainable Al methods by L.K.

Investigation LK,SZ & F.L. Machine learning focused investigation by L.K. and S.Z.,
experimental material science focused investigation by
F.L.

Data Curation FL &S.Z. Work based on dataset generated and maintained by F.L.

Software LK &S.Z. Training neural networks by S.Z. and applying various
explainable Al methods by L.K.

Formal Analysis LK.,S.Z. & F.L. Analysis of investigated neural networks and XAI results
by L.K. and S.Z., analysis of applicability and transfer to
experimental materials science task by F.L.

Validation FL., C.D. MG.,|-

Writing — Original Draft
Writing — Review & Editing
Visualization

Project Administration
Funding Acquisition

Resources

Supervision
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LK,SZ & F.L.

FL. , CD., MG,
KMH., UWP,Fl &
P.F.J.

LK,SZ &F.L.
UW.P,FIl & PF.J.

MG., CD., Fl &
UW.P.

M.G., KMH., PFJ.,
Fl & UWP.

UW.P,FI,&PFJ.

Focus on machine learning parts by L.K. and S.Z., focus
on experimental material science parts by F.L.

Original figures by L.K. & S.Z., revised by F.L.
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Figure A.1: PL and EL imaging of all-perovskite tandem solar mini-modules. The PL response (left column)
is captured using a 760 nm longpass filter to image the bottom subcell (Eg~1.26eV) and a 775 nm
shortpass filter (combined with a 665 nm longpass) to image the top subcell (Eg~1.78 eV). PL images
show high uniformity of the layer stack. However, the EL response (right column) of both subcells
displays large-area diffuse homogeneities. Solar mini-modules provided by [314].
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A.4 In Situ Imaging Setup — Applications
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Figure A.2: Photograph of IPDRI integrated into experimental setups. (a) Photograph of IPDRI integrated into
the vacuum quenching setup. IPDRI is placed on top of the transparent lid of the vacuum quenching
chamber, which is evacuated, causing the wet film to dry and the perovskite thin film to form. During
the formation, the samples are excited with blue LED bars, and the signals (emitted PL and diffuse
reflection) are detected with a camera. By synchronizing the camera trigger with the rotation of
the wheel carrying different spectral filters, insifu multi-channel videos of the perovskite thin-film
formation are obtained. Adapted with permission from [346]. (b) Photograph of IPDRI integrated
into the laminar airflow channel. IPDRI is placed on top of the drying channel above the sample
which is exposed to a laminar airflow, causing the wet film to dry and the perovskite thin film to form.
During the formation, the samples are excited with a blue LED ring, and the signals (emitted PL and
diffuse reflection) are detected with a camera. By synchronizing the camera trigger with the rotation
of the wheel carrying different spectral filters, in situ multi-channel videos of the perovskite thin-film
formation are obtained.[341, 342, 418]
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Figure A.3: Insitu time-series of multi-channel images capturing the MAPI thin-film formation during laminar
airflow quenching. The diffuse reflection images show an increase in the absorption of the thin
film followed by increasing surface roughness, which is indicated by increasing diffuse reflection
intensity. The ring-shaped artifacts are caused by the reflection of the LED ring (HPR2-100BL, CCS
Inc.), which was replaced by two tilted LED bars for more homogeneous illumination for subsequent
measurements. The onset of PL intensity (shown here: 725nm longpass channel) indicates the
formation of light absorbing and emitting material, and a redshift of the PL spectrum is revealed in the

PL peak wavelength channel during the formation of the perovskite thin film.[341, 418] 151
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A5

A5.1

Exploration of /n Situ Imaging Data
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Figure A.4: Additional examples of clustering two human-selected features. Photoluminescence (PL) onset time
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and initial maximum PL 7, p795,,, (left column), or local minimum PL, p795,,, after vacaum chamber
venting and initial maximum PL7 p7o5,.,, (right column), are used as input features for k-means
clustering. Power conversion efficiency distributions of the solar cells assigned to the corresponding
cluster confirm that meaningful patterns are extracted from the data. However, the clustering result is
sensitive and strongly affected by feature selection. Reproduced with permission from [346].
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Figure A.5: Additional examples of clustering three human-selected features. Photoluminescence (PL) onset time,
initial maximum PL}, p725,m, and time of local maximum PL, p7o5,,, after vacuum chamber venting
(left column), or initial maximum PL [, p725,.,, time and magnitude of local maximum PL p7o5,m
after vacuum chamber venting (right column), are used as different input features for k-means clustering.
Power conversion efficiency distributions of the solar cells assigned to the corresponding cluster confirm
that meaningful patterns are extracted from the PL data. However, the clustering result is sensitive and
strongly affected by feature selection. Reproduced with permission from [346].
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A.5.2 Clustering Transients of Diffuse Reflection and Photoluminescence Peak
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Figure A.6: Clustering of diffuse reflection (Rg; ) transients without human feature selection. Rg; s transients
assigned to the four clusters, with the mean transient curve of each cluster highlighted as the dashed
red line, show differences in the evolution of the Ry, ;¢ signal. Different relative temporal patterns
are evident from the normalized Ry; s transients assigned to the different clusters (the mean transient
curve of each cluster is the dashed red line). The distributions of power conversion efficiency (PCE),
open-circuit voltage (Vo¢), short-circuit current density (Js¢), fill factor (FF), and perovskite thin
film thickness for each cluster reveal no significant relationship between the Rg; ¢y transients and
photovoltaic parameters. However, a clear correlation is found between the evolution of R; ¢ ¢ transients
and the thin film thickness. Mean and median values are indicated by white diamonds and black lines,
respectively. Reproduced with permission from [346].
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Figure A.7: Clustering of photoluminescence (PL) peak wavelength transients without human feature selection.
The PL peak wavelength transients assigned to the four clusters, with the mean transient curve of
each cluster highlighted as the dashed red line, show differences in the evolution of the PL peak
wavelength signal. Different relative temporal patterns are evident from the normalized PL peak
wavelength transients assigned to the different clusters (the mean transient curve of each cluster is the
dashed red line). The distributions of power conversion efficiency (PCE), open-circuit voltage (Voc),
short-circuit current density (Jg¢), fill factor (FF), and perovskite thin film thickness for each cluster
suggest a correlation between the observed data patterns and PCE as well as FF. However, as with the
PL transients, no clear trend is found for Vo and Jgo. Mean and median values are indicated by
white diamonds and black lines, respectively. Reproduced with permission from [346].
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A.5.3 Spatial Distribution of Clusters and Subclusters
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Figure A.8: Heat maps showing the spatial distribution of solar cells assigned to all clusters and subclusters
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generated by clustering the in sifu photoluminescence (PL) transients.

In addition to the original

clusters, cluster #0 to cluster #3, the subclusters are obtained by further dividing #0 into subclusters
(0_a, 0_b, 0_c). While the solar cells assigned to the poor-performing clusters are concentrated along
the right edge of the substrate area affected by solution backflow, most of the solar cells assigned to
better-performing clusters are located in the center of the leftmost quarter of the substrate. The blade
coating applicator is moved from left to right. Reproduced with permission from [346].



A.5 Exploration of In Situ Imaging Data

A.5.4 Solar Cell Performance Dependent on Substrate Location

Location-dependent performance

1 2 3 4 5 6 7 8
Location on large substrate
Figure A.9: Analysis of location-dependent power conversion efficiency (PCE) on large-area substrates. (Left)
Boxplot showing the variation in PCE for cells located in different regions (1-8) on the substrate. Solar
cells positioned in areas affected by solution backflow (i.e., regions 7 and 8) exhibit significantly lower
PCE values, indicating reduced performance. (Right) Heatmap of the substrate with colored regions
corresponding to the boxplots covering the 32 possible solar cell locations, highlighting the spatial
distribution of solar cell performance. Poorer-performing cells are concentrated along the right edge

of the substrate, which is affected by solution backflow during the blade coating process.
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A.5.5 Solar Cell Performance Dependent on Date for Both Datasets
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Figure A.10:
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Solar cell performance over time for the two different experimental datasets. Boxplots showing
the evolution of solar cell performance over time for the two generated datasets. The experiments
performed to generate the first dataset are indicated by red boxplots, while the experiments performed
to generate the second dataset are shown as blue boxplots. Due to experimental problems caused
by processing layers other than the perovskite thin films, a significant number of batches were not
included in the datasets, as process fluctuations in unmonitored process steps make it impossible to
predict device performance based only on data acquired during the perovskite formation. Accordingly,
the device data included in the first dataset spans from 2021-10-12 to 2021-10-26, and the device data
included in the second dataset spans from 2023-08-08 to 2023-09-12. While all solar cells for the
first dataset were fabricated under constant conditions, the experimental parameters for the second
dataset were varied (see Figure A.18 for quenching-time-dependent performance).
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Figure A.11: Effect of the number of ensemble members (n_estimators) on the classification accuracy for
molar ratio (left) and molarity (right). The accuracy and top-2 scores of the random forest model
are evaluated for different numbers of ensemble members using fivefold cross-validation. Despite
optimizing the number of ensemble members, the performance improvement remains minimal,
with the optimal number of members determined to be 120 for molar ratio classification and 130
for molarity classification. The performance of the models shows limited improvement despite
hyperparameter tuning, but they substantially outperform the baseline, which predicts each class with
equal probability. Adapted with permission from [352].
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Figure A.12: Top-2 score performance of models for molar ratio (left) and molarity (right) classification as a

function of training dataset size. The random forest (RF), histogram-based gradient boosting (HGB),
and neural network (NN) models are trained on progressively larger subsets of the training data, and
their performance is evaluated on the test set. For molar ratio classification, the NN initially shows
the fastest improvement, but plateaus at medium dataset sizes, allowing the RF and HGB to minimize
the difference in top-2 scores. For molarity prediction, the NN initially performs worse than the two
best classical models but improves rapidly as the training dataset size increases and almost matches
RF and HGB when trained on the full-size training set. The shaded areas indicate extrapolated
performance trends, highlighting the potential for further improvement with larger datasets. Adapted
with permission from [352].
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Table A.6: Rate of improvement per 100 additional training samples for random forest (RF), histogram-based
gradient boosting (HGB), and neural network (NN) models over various data intervals and metrics.
For different data intervals, model performance changes as more training data is added and the rate
of improvement is normalized to show the change per 100 additional training samples. In particular,
when the entire data interval (10%-100%) is examined and when the dataset size is expanded beyond
90%, the NN shows a stronger increase in performance for all target variables and metrics. The color
coding indicates the magnitude of the improvement, with fully saturated colors representing the highest
improvement rates. Adapted with permission from [352]. (MAE: mean absolute error, R?: coefficient
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Figure A.13: Hyperparameter optimization for random forest (RF) and histogram-based gradient boosting (HGB)
models for power conversion efficiency (PCE) regression. The impact of varying the number of
ensemble members (n_estimators) for RF, with the optimal parameter determined to be 90 for
minimizing the mean absolute error (MAE), is shown to be small. The effect of the parameter
learning_rate on HGB performance is stronger, with an optimal learning rate of 0.05 identified
using fivefold cross-validation. However, despite hyperparameter tuning, improvements in MAE and
coefficient of determination (R?) remain modest, suggesting limited gains from further optimization.
Adapted with permission from [352].
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Figure A.14: Performance of random forest (RF), histogram-based gradient boosting (HGB), and neural network

(NN) models for power conversion efficiency (PCE) regression as a function of training dataset size.
RF and HGB show a steady improvement in coefficient of determination (R?) and mean squared
error (MSE) as more training data is used. In contrast, the NN performs poorly with small datasets,
initially showing negative R? values and plateauing between 30% and 70% of the data. However, the
NN demonstrates substantial improvement when trained on more than 70% of the dataset, eventually
outperforming the RF and closely rivaling the HGB model. Extrapolation suggests that performance,
especially for the NN, may continue to improve with even larger datasets. Adapted with permission
from [352].
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Figure A.15: Performance comparison of neural network (NN), random forest (RF), and histogram-based gradient

boosting (HGB) models for molarity, molar ratio, and power conversion efficiency (PCE) prediction
as a function of training dataset size. Both RF and HGB show steady improvement with increasing
training dataset size. The NNs perform poorly with smaller datasets and plateau with medium-sized
datasets but show rapid improvement when the dataset exceeds 70% of its total size, suggesting
that additional data could further improve NN performance. The shaded areas indicate extrapolated
performance trends, highlighting potential improvement with further dataset scaling. Adapted with
permission from [352].
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A.7 Generating In Situ Al Recommendations

A.7.1 Function Approximation by Interpolation with Gaussian Processes

Figure A.16: Gaussian process (GP) approximation of continuous functions for power conversion efficiency (PCE)
and diffuse reflection (Ry; s s) intensity forecasts. The GPs infer a continuous function from the set of
discrete data points and allow the plotting of the mean function & 1.96 standard deviations. The GPs
capture the underlying relationships in the data and help overcome the limitation of model predictions

162

Prediction PCE [%] Prediction PCE [%] Prediction PCE [%]

Prediction PCE [%]

14

12

10

14

14

13

12

11

10

15

14

13

12

11

10

[ ]
[ ]
- @ ‘
. ¥
n
]
x
B , predicted after .
é e ..20s ... 180s
- 3 x ..30s ex situ prediction !
H ..60s + (real data/no forecast) @
¢ ..120s ® ground truth
1 1 L L | i

® predicted after 20s

B =GP prediction mean
I 95% confidence interval
1 i i i 1 1
.. predicted after ...
(] ® ..20s ... 180s
r x ..30s ... 240s
m ..60s ex situ prediction
i i DS ¢ ..120s +  (real data/no forecast)
= ® ground truth
4]
A ;
]
r (]
1 1 1 1 1 1
® predicted after 20s e o ’
= GP prediction mean —
[ B 95% confidence interval
i i 1 1 1 1
0 100 200 300 400 500 600

Quenching Time [s]

Prediction Ryifr, max. [a.u.]

Prediction Ryifr, max. [a.u.] Prediction Rgif, max. [a.u.]

Prediction Rgifr, max. [a.u.]

60000

50000

< 40000

30000

20000

10000

60000

50000

< 40000

30000

20000

10000

60000

50000

40000

30000

20000

10000

60000

50000

< 40000

30000

20000

10000

% predicted after ...
| x @ ® ..20s ¢ ..120s
% x .. 30s ... 180s
m  ..60s @® ground truth
- n
L
A4
B *
o
° L
| Y
v °
1 1 1 1 1 1
® predicted after 20s
m— GP prediction mean
B I 95% confidence interval
1 1 1 1 1 1
| predicted after ...
| ® ..20s ... 180s
x ...30s ... 240s
] W ..60s @® ground truth
o ¢ .120s
]
X
® n
: g
r
- m
¢
1 1 1 1 1 1
® predicted after 20s
| =GP prediction mean
I 95% confidence interval
1 1 1 1 1 1
100 200 300 400 500 600

Quenching Time [s]

being valid only for discrete times. Adapted with permission from [352].
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A.7.2 Quenching-Time-Dependent Thin Film Morphology
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Figure A.17: Ex situ images of perovskite thin films quenched for different time intervals showing variations in
reflection intensity. The images capture the surface morphology of thin films quenched from 20
seconds to 600 seconds. Due to the relationship between the diffuse reflection intensity (Rg; ¢ ) and
the surface roughness of the thin film, the Ry; s intensity is a qualitative indicator of the surface
roughness of the perovskite thin film. The intensity of Ry;r; decreases with increasing quenching
time, indicating a reduction in surface roughness, resulting in smoother thin films at longer quenching
times.[304] Adapted with permission from [352].
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A.7.3 Quenching-Time-Dependent Power Conversion Efficiency
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Figure A.18: Quenching time-dependent power conversion efficiency (PCE) of perovskite solar cells. (a) The
distribution of PCE values for different quenching times highlights the general trend of decreasing
PCE with longer quenching times. (b) Detailed PCE distributions over different regions of the
substrate are shown by 32 subplots representing the 32 solar cell locations on the large-area substrate
(see Figure 2.8a for substrate layout). During blade coating, the applicator moves from left to right,
creating spatial variations in wet film thickness with increased wet film thickness at the substrate
edges, especially at the right substrate edge (see Figure 5.12 for the spatial distribution of thin film
thickness). The spatial variation in wet film thickness leads to variations in PCE behavior, particularly
at the substrate edges, where thicker wet films result in either stable or increasing PCE with longer
quenching. This spatial dependence highlights the influence of wet film thickness on quenching.
Adapted with permission from [352].
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A.7.4 Spatially-Resolved Forecasting and Predictions
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Figure A.19: Forecasting and predicting PCE for different substrate locations. The figure shows spatially resolved

PCE forecasts for each of the 32 solar cell locations on the large-area substrate, with each subplot
corresponding to a specific substrate location. The local insitu imaging data is used as input to
the model cascade to forecast PCE values under different quenching scenarios. During the blade
coating process, the applicator moves from left to right, resulting in spatial variations in wet film
thickness, with thicker films at the substrate edges, especially on the right (see Figure 5.12 for the
spatial distribution of thin film thickness). This spatial distribution influences the measured PCEs
(see Figure A.18) and is therefore also noticeable in the PCE forecasts. For locations with thin wet
films (e.g., middle left), the PCE is forecasted to decrease rapidly as the quenching occurs much
faster than for thicker wet films (e.g., top right and bottom right). This spatially resolved forecasting
is only possible using imaging techniques that provide spatial information in contrast to single-spot
measurements.
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Figure A.20: Forecasting diffuse reflection (Rg; ) as an indicator for thin film morphology for different substrate
locations. The figure presents spatially resolved forecasts of diffuse reflection (Rg; ) intensity for
each of the 32 solar cell locations on the large-area substrate, with each subplot corresponding to a
specific substrate location. The local in sifu imaging data is used as input to the random forest models
to forecast Rg; ¢ values under different quenching scenarios. As the blade coating applicator moves
from left to right, spatial variations in wet film thickness appear, with thicker films forming at the
substrate edges, especially on the right side (see Figure 5.12 for the spatial distribution of thin film
thickness). These thickness variations affect the forecasted Rg; ¢ 7, as quenching occurs faster in areas
with thinner films (e.g., middle left) compared to areas with thicker films (e.g., top right and bottom
right). This spatially resolved forecasting capability highlights the advantage of imaging techniques,
which provide spatial information that cannot be captured by single-spot measurements.

166



A.8 Enhanced Understanding of Thin-Film Formation through Machine Learning
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Figure A.21: Standardized mean absolute error (MAE) for power conversion efficiency (PCE) and thin film thick-
ness predictions using different data representations as model input. Standardized MAE is calculated
by dividing the common MAE by the standard deviation of the respective ground truth label so that
results are comparable between labels with different value ranges. Models trained on the video repre-
sentation achieve the lowest standardized MAE for both PCE and thickness, benefiting from preserved
temporal and spatial information. Thickness predictions consistently outperform PCE predictions for
most representations, likely due to additional processing steps that negatively affect PCE that are not
captured in the input data. The image., s;1,, representation shows improved accuracy for thickness
prediction, while image,, ... pr, provides better results for PCE prediction. Adapted with permission

from [347].
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