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ABSTRACT

Nanoparticles play a pivotal role in various applications, including electronics and photovoltaics. Among the diverse synthesis
techniques, the sol-gel process is widely utilized for producing transparent conductive nanostructures, such as aluminum-doped
zinc oxides (AZO), which serve as cost-effective alternatives to indium tin oxide (ITO) for transparent electrodes. However,
achieving precise control over critical particle properties, e.g., particle size distribution (PSD) remains a major challenge due to the
inherent complexity of online monitoring during synthesis. This study develops a moving horizon estimator (MHE) to dynamically
predict AZO nanoparticle properties during sol-gel synthesis. The proposed approach combines online UV-vis spectroscopy with
a population balance equation (PBE) model to estimate the PSD and related parameters. To reduce computational complexity,
the high-dimensional PBE model is simplified using dynamic mode decomposition with control (DMDc), retaining essential
dynamics while enabling real-time state estimation. The MHE-based observer optimizes the consistency between measured
and estimated AZO concentrations, demonstrating accurate real-time prediction of PSD. Experimental validation shows strong
agreement between the predicted PSD and offline measurements, confirming the observer’s effectiveness. This approach paves
the way for model predictive control, enhancing reproducibility and product quality in the synthesis of functional semiconductor
nanoparticles.

that not only enable the efficient fabrication of functional semi-
conductor nanomaterials but also facilitate precise control over

1 | Introduction

Nanoparticles are extensively employed in a wide range of
applications, including pharmaceuticals, optical and electronic
materials, cosmetics, photovoltaic cells, batteries, and catalysts
[1-7]. The increasing demand for high-performance nanomateri-
als necessitates the development of advanced synthesis processes

critical properties, such as particle size distribution (PSD). Ensur-
ing well-defined particle and material characteristics is essential
in various domains, particularly in the context of enhancing the
quality and efficiency of derived products, such as solar cells
and sustainable electronics [8, 9]. This requirement becomes
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FIGURE 1 | Overview of the complete methodology, illustrating the process from online UV-vis measurements to particle size distribution

reconstruction.

increasingly important in light of the global energy transition,
where the rising demand for semiconductors is constrained by the
limited availability of rare-earth-based materials.

Among various synthesis techniques, the sol-gel process remains
the dominant approach for producing transparent conductive
nanostructures via liquid-phase processes [10-14]. In the present
study, the synthesis and online monitoring of aluminum-doped
zinc oxide (AZO) is addressed, where zinc oxide (ZnO), a well-
known wide-bandgap semiconductor, becomes a transparent
conductive oxide (TCO) upon doping with trivalent ions such
as AI**. As a result, AZO emerges as a cost-effective alternative
to indium tin oxide (ITO) for transparent electrode applications.
Gas-phase deposition techniques are known to produce high-
quality crystalline thin films with resistivities comparable to
ITO. However, liquid-phase synthesis offers a more economical
and versatile approach, enabling various coating and printing
methods, such as dip-coating, spin-coating, inkjet printing, and
screen printing. Furthermore, printing-based methods eliminate
the need for lithographic etching, thereby reducing material
waste and enhancing process efficiency [15-17]. An additional
advantage of the sol-gel synthesis route is the formation of highly
crystalline AZO nanoparticles at relatively low temperatures.
The inherently slow crystallization process in sol-gel synthesis
facilitates time-resolved characterization, making it suitable for
integrating real-time measurement technologies to monitor and
control the synthesis process.

Despite the advantages of sol-gel synthesis, most studies have
focused primarily on the properties of deposited sol-gel films
rather than on the characteristics of the sol and colloidal par-
ticles themselves. Consequently, critical factors such as PSD
and agglomeration of TCO nanoparticles have not been thor-
oughly investigated. Moreover, online monitoring and precise
manipulation of particle properties, including PSD, number
concentration (NC), and fractal dimension, remain formidable
challenges due to the inherent difficulties associated with directly
and rapidly measuring nanoparticle properties during synthesis.
This challenge arises from the nanoscale nature of the particles
and the complexity of the reaction mixture.

To address these challenges, a soft sensor approach based on
a moving horizon estimator, also referred to as an observer
(see, e.g., [18-20]), is developed. As depicted in Figure 1, this
approach combines real-time UV-vis spectroscopy with a pop-
ulation balance equation (PBE) model to dynamically estimate
particle properties, including PSD, during the synthesis process.
The developed UV-vis spectroscopy technique introduced in
Section 2 enables real-time measurement of AZO concentration
in the reactor, while the PBE model is parameterized using offline
measured, time-resolved particle growth data from previous
studies [21-23].

A model of the synthesis process in form of a set of partial
and ordinary differential equations (PDE-ODE), accounting for
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subprocesses like the reaction kinetics of precursors, nucle-
ation, growth, and aggregation of nanocrystals, is introduced to
accurately track the intrinsic system states related to particle
properties such as PSD, see, e.g., [24]. Due to the inherent
nonlinear nature of the system, solving the PBE analytically poses
significant computational challenges. Various methods have
been developed to address the computational issue, including
analytical solutions of PBEs [25] and discrete population balance
methods [26]. To reduce computational complexity, a model order
reduction technique known as dynamic mode decomposition
with control (DMDc) [27] is employed, transforming the complex
high-dimensional system into a simplified linear time-discrete
approximation while retaining essential dynamic characteristics.
The reduced-order model enables the development of a MHE,
see, e.g., [28, 29] that applies to a PDE-ODE system with sensor
dynamics, as demonstrated in [20]. Other observer systems apply-
ing to cell population balance models are analyzed in [30-32].
The MHE is formulated as a constrained optimization problem,
minimizing the discrepancy between measured and estimated
AZO concentrations to enhance real-time prediction accuracy.
Similar approaches have been investigated in the context of large-
scale nonlinear processes without first-principles process models
[33].

By employing online UV-vis spectroscopy to measure AZO
concentrations during synthesis, the soft sensor approach enables
accurate PSD prediction, showing strong agreement with the
offline measured PSD of the validation sample. This consistency
validates the effectiveness of the proposed method in dynamically
estimating PSD, facilitating real-time monitoring and control.
The successful implementation of the observer facilitates the
integration of modern model-based control concepts to regulate
PSD, thereby enhancing reproducibility and product quality in
AZO nanoparticle synthesis.

The paper is organized as follows. In Section 2, the integrated
online UV-vis measurement to the closed batch reactor (CBR) is
illustrated, along with calibrations to enable online determina-
tion of the AZO concentration inside the reactor. Section 3 deals
with the process modeling utilizing a PBE and its parameteriza-
tion through offline PSD measurements. Section 4 investigates
the DMDc-based MHE technique, presenting a linear system
that approximates the inherently nonlinear behavior of the PDE-
ODE system. Simulation and validation results are presented
in Section 5, providing empirical insights into the practical
application of the proposed approach. Finally, conclusions and
future outlooks are summarized in Section 6.

2 | Online UV-Vis Spectroscopy for Nanoparticle
Concentration Analysis in a Closed Batch Reactor
(CBR) During Sol-Gel Synthesis

Figure 2 depicts a schematic diagram of the CBR (Figure 2a)
with the dilution setup (Figure 2b) and UV-vis spectroscopy
(Figure 2c), allowing for the online determination of nanoparticle
mass concentration. In Figure 2a, the sol-gel synthesis of AZO
nanocrystals via the benzylamine (BnNH,) route was conducted
in a CBR and built upon the prior research [21-23]. The feedstock
containing 25 g L! crystalline reagents (97.5 mol% zinc acetylace-
tonate (Zn(acac),), 2.5 mol% aluminum isopropoxide (Al(OiPr),),

and 250 mL aromatic solvent BnNH, was introduced into the CBR
to synthesize AZO particles. When the reactor temperature was
raised to the synthesis temperature at 110 °C, nucleation was initi-
ated. At the end of the synthesis, the AZO concentration increased
up to approximately 7 gL~!, by continuously consuming the
precursor Zn(acac), starting from 25 g L™,

After reaching the synthesis temperature of 110 °C, the sample
from reactor was semi-continuously transported using a mag-
netic valve (Biirkert). Due to reactor overpressure (~ 0.8 bar),
samples were rapidly transported enabling a semi-continuous
gel flow. The extracted sample, containing highly concentrated
precursors ([Zn(acac),] .« ~ 25 g L™') and AZO nanoparticles
([AZO] pax = 7 g L), required dilution for UV-vis measurement.
A dynamic mixer integrated with an internal stirrer combined
the reactor sample (~0.5 mL min™') with an ethanol stream
(55 mL min™) ensuring uniform dispersion. The ethanol was
supplied by a peristaltic pump from the diluent reservoir. Its
flowrate was measured via the flow sensor 1 in Figure 2b and
maintained at 55 mL min~! by controlling the rotational speed of
the peristaltic pump. The diluted sample was split before entering
the flow cell, allowing a small portion to undergo measurement
every 3 s while the rest was collected as waste.

The sample from the reactor mainly consisted of AZO and
Zn(acac),, in BnNH,. The UV-vis spectrum reflected the super-
position of AZO, Zn(acac), and BnNH, signals, requiring calibra-
tion curves to correlate absorbance with individual component
concentrations. The utilized spectrometer, featuring high res-
olution (0.7 nm, slit width: 10 um) and high precision (fine
wavelength increment: approximately 0.35 nm), enabled accurate
peak positioning and clear differentiation of closely spaced
spectral features. This combination enhanced sensitivity, data
quality, and reproducibility, making it well-suited for real-time
monitoring of dynamic processes and the analysis of complex
mixtures. Section 2.1 details the selection of two wavelengths,
321.175 nm and 322.207 nm, chosen to minimize BnNH, signal
and facilitate AZO concentration determination across a wide
range of sizes (10-130 nm) and Al compositions (1.6-2.4 at%).
For presentation simplicity in figures, the wavelength values
in figure axis titles and legends are depicted in a reduced
numerical format, rounded to three digits, while the precise raw
wavelength values from spectrometer with six digits are provided
in the corresponding captions. These calibrations (Section 2.1.2)
were validated via gravimetric analysis and subsequently applied
for online concentration monitoring. Furthermore, Section 2.2
establishes the relationship between reactor flow rates and the
differences measured between flow sensors, enabling quan-
tification of the dilution factor (DF) and calculation of AZO
concentrations within the reactor (Figure 2a).

2.1 | Offline Calibration and Validation

2.1.1 | Offline Measurement and Selection of
Calibration Wavelengths

The calibration experiments were conducted via offline UV-
vis measurements using a series of concentration samples. To
generate the concentration series, Zn(acac), (BLDpharm) was
diluted in ethanol to achieve concentrations up to 0.7 g L.

3 0f15

25U60 17 SUOWIWOD @A1IEBID 3[R0 dde B Aq PaLLACG 312 Sao1LE O 88N J0 S3INI o AIRIGIT BUIIUO AB|IA UO (SUOIIPUOD-PUE-SULLBI L0 AB |1 AReAc]1[BUI|UO//STU) SUONIPUOD PUE SULB | aU) 95 *[5202/80/.0] Uo AeiqiTau1IuO 48] ‘91B010UY08 L Ind IMINSU| JeUnIS| e Ad 7700, 0UBU/Z00T OT/10p/LI0D A3 | ARG IPUI(UO//'SANY WOJ POpEo|umMoq ‘0 ‘TTOVB89Z



Sample from reactor
~ 0.5 ml min-

Y

AZO & Zn(acac), in BnNH, \.

Feedstock = 25 g L

Mixer
Flow sensor 1

EtOH = 55 ml min-"! @

Flow sensor 2

-

Peristaltic pump @

Diluent reservoir

Diluted o
Zn(acac), sample /\ UV-Vis @
in BnNH, [ \__/ light source —
Splitter g Flow
cell
¢ /T
Waste
[AZO] diluted & [Azo]reactor
| =0 UV-Vis = %
Waste tank

Reactor
[FZO|me= s

AZO & Zn(acac),
in EtOH & BnNH,

a

UV-Vis sensor Indication

FIGURE 2 | Schematicdiagram of the CBR with dilution setup and online UV-vis spectroscopy: (a) CBR with feedstock and sample stream to mixer.

(b) Dilution setup necessitates a mixer (Knauer) that dilutes sample stream from reactor using ethanol transported via a peristaltic pump. (c) Online
UV-vis part, constructed by a UV-vis light source (Ocean Optics, DH2000), flow cell made of Teflon (FIAlab, SMA-Z cell, 10 mm optical path) and a
sensor (Ocean Optics, HR6). The absorbance of the diluted sample is continuously measured inside the flow cell.

Similarly, synthesized AZO particles, following purification, were
used to prepare AZO concentration series ranging from 0.01
to 0.6 g L. Additionally, benzylamine series were prepared
with volume ratios of benzylamine to ethanol varying from
0.0005 to 0.1. For each measurement, pure ethanol was used as
the background. Consequently, the obtained spectra, with the
background signal subtracted, represented the absorbance of the
measured solutes: AZO, Zn(acac),, and BnNH,, respectively.

Absorbance spectra were recorded over the wavelength range of
250 to 800 nm. It was observed that BnNH, exhibited significant
absorbance only at wavelengths up to 300 nm, while beyond
300 nm, its absorbance became negligible compared to that
of AZO and Zn(acac),. This characteristic, as illustrated in
Figure 5, simplifies the analysis of reactor samples after dilution
by reducing the signal interpretation from a ternary to a binary
system, considering only AZO and Zn(acac), contributions at
wavelengths above 300 nm.

To select suitable calibration wavelengths for AZO samples with
varying doping levels, the spectral differences between AZO and
pure ZnO were investigated. AZO exhibits a blue-shifted absorp-
tion edge (350-370 nm) compared to ZnO (375-390 nm), resulting
in lower absorbance in the visible range (400-700 nm) and,
consequently, enhanced transparency. However, in the UV region

(<400 nm), both ZnO and AZO display a pronounced absorption
edge, functioning as effective UV absorbers, particularly in the
UV-B region (280-315 nm), where their absorption characteristics
are highly comparable.

Figure 3 illustrates the impact of the blue-shifted absorption
edge. As shown in Figure 3a, at the wavelength of 322.207
nm (near the UV-B region), a consistent correlation between
AZO absorbance and concentration was observed, regardless of
variations in aluminum composition (1.6-2.4 at% as determined
by EDX mapping) and particle size (10-130 nm). In contrast,
at the wavelength 400.119 nm (Figure 3b), near the visible
range, the absorbance correlation differed significantly due to
varying levels of Al doping. Specifically, AZO samples with
2.4 at% aluminum exhibit lower absorbance compared to those
with 1.6 at% aluminum, demonstrating that higher aluminum
doping increased transparency in the visible range. Furthermore,
similar doping- and size-independent correlations between AZO
absorbance and concentration were consistently observed for
other wavelengths between 300 and 322 nm. It confirmed the
feasibility of selecting the wavelengths from 300 to 322 nm to
construct AZO’s calibration curves.

Figure 4 presents the correlation between AZO and Zn(acac),
concentrations at wavelengths exceeding 300 nm, specifically
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308.088, 318.078, 321.175, and 322.207 nm. As shown in Figure 4a,
the absorbance trend of AZO among these wavelengths exhibited
a high degree of similarity within the linear range, up to an
absorbance of approximately 1.2, in accordance with the Beer-
Lambert law. Beyond this threshold, the exponential increase
observed in three of the correlations demonstrated comparable
behavior, with stabilization occurring at a concentration of
approximately 0.3 g L™'. The correlation at 308.088 nm, however,
deviated from this pattern. At concentrations exceeding 0.2 g L™,
it exhibited noticeably lower absorbance compared to the other
wavelengths. In contrast, the remaining three wavelengths above
308.088 nm demonstrated advantageous characteristics, as their
absorbance stabilized slightly later, providing an extended and
more precise correlation.

Figure 4b illustrates the differences in the absorbance of
Zn(acac), at various wavelengths within the concentration range
up to 0.7 g L% Significant differences were observed in the
correlation of Zn(acac), across the investigated wavelengths.
At 321.175 and 322.207 nm, the absorbance fully obeyed the
Beer-Lambert law, demonstrating a clear linear relationship
throughout the entire concentration range. In contrast, at lower
wavelengths (308.088 and 318.078 nm), the absorbance was
markedly higher and exhibited a combined linear and expo-

nential rise. This deviation from the Beer-Lambert law was
particularly pronounced at 308.088 nm, where the linear rela-
tionship was restricted to concentrations below 0.1 g L™!. Beyond
this concentration, the absorbance stabilized, indicating that
accurate concentration determination without sample dilution
is feasible only up to 0.1 g L' at 308.088 nm. Consequently,
for higher concentrations (> 0.1 g L), the precision of con-
centration calculation is considerably limited. In contrast, the
higher wavelengths (321.175 and 322.207 nm) maintained a linear
correlation up to 0.7 g L7%, fully conforming to the Beer-
Lambert law. This extended linear range significantly improves
the accuracy of AZO concentration determination, especially in
more concentrated samples.

The key criteria for selecting and optimizing the calibration
wavelengths (321.175 and 322.207 nm) for accurate determination
of AZO and Zn(acac), concentrations in the reaction mixture are
summarized below.

1. Select wavelengths beyond 300 nm to eliminate the
absorbance of BnNH,, reducing the complexity from a
tertiary system (AZO, Zn(acac),, BnNH,) to a binary system
(AZO and Zn(acac),).
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2. Prioritize wavelengths in the UV range, particularly near UV-
B region (280-315 nm), due to the blue-shifted absorption
edge of AZO.

3. Choose wavelengths that ensure an extended linear correla-
tion for accurate concentration determination. In the UV-B
region, for instance, the wavelength of 308.088 nm fails to
determine Zn(acac), concentrations beyond 0.1 g L™! without
dilution. In contrast, wavelengths of 321.175 and 322.207 nm
maintain a linear correlation up to 0.7 g L™}, enabling precise
measurements even for concentrated samples.

2.1.2 | Construction and Validation of Calibration
Curves

As described in Section 2.1.1, two calibration wavelengths were
selected beyond 300 nm and near the UV-B range: 321.175 and
322.207 nm. Figure 5a depicts the absorbance for the tertiary
system at the wavelength 321.175 nm. As previously explained,
the absorbance of BnNH, was negligible at both wavelengths.
The absorbance of AZO remained consistent at both wavelengths,
enabling precise determination of AZO concentration up to
0.3 g L™ without the need for sample dilution. Additionally,
the absorbance of Zn(acac), increased almost linearly with
concentration up to 0.7 g L7}, maintaining accuracy without
requiring dilution.

The offline measurements for varying AZO and Zn(acac),
concentrations were fitted using the following piecewise equa-
tion (Equation 1) to establish calibration equations for the
simplified binary system.

_ ) ax,
YT b(1 - e,

The upper linear correlation ax in Equation (1) has been uti-
lized to parametrize the low concentration range in Figure 5a.
This correlation quantifies the linear increase in absorbance
concerning the rising concentration up to a critical concentration
X., where absorbance reached approximately 1.2. In this range,
the data followed the Beer-Lambert law. However, when the

for x < x,
)

for x > x,

TABLE 1 | Calibrated parameters for piecewise calibration equa-
tions, including a, b, ¢, and d in Equations (2.1) and (2.2) for AZO and
Zn(acac), at the selected calibration wavelengths 321.175 and 322.207 nm.

Calibrated
wavelengths

Binary
system a b c d

A, =321.175 nm AZO 11.56 232 1746 0.07
Zn(acac), 1.593 NA NA NA
A, =322.207 nm AZO 11.56 232 1746 0.07
Zn(acac), 1236 NA NA NA

concentration exceeded x, and the absorbance surpassed 1.2, the
increase in absorbance became relatively slower, exhibiting an
exponential trend. Consequently, the lower equation part b(1 —
e~<=) has been applied to describe the exponential growth at
higher concentrations. The calibrated parameters a, b, ¢, and d
are listed in Table 1, and exemplary parameterized correlation
curves are shown in Figure 5a, demonstrating consistent fits with
the measured data points.

At wavelengths 321.175 and 322.207 nm, the AZO calibration
equations contain both linear and exponential components. The
correlations of absorbance to concentration are identical, sharing
the same calibrated parameters a, b, ¢, and d, as presented in
Table 1. In contrast, the Zn(acac), calibration curves consist solely
of the linear part, with the slope at 321.175 nm being higher
than that at 322.207 nm. The observed difference in absorbance
between wavelengths 321.175 nm and 322.207 nm for Zn(acac),
is reasonable, given the high-resolution spectrometer (0.7 nm
resolution and 0.35 nm increment) and the characteristics of the
absorption spectra. For Zn(acac),, both wavelengths lay on the
right slope of a narrow absorption peak, where the absorbance
decreased sharply. Consequently, even a minor wavelength shift
resulted in variations in absorbance. Notably, a concentration
increment of 0.1 g L™! led to an absorbance variation of approxi-
mately 0.036 at both wavelengths. In contrast, AZO nanoparticles
exhibited broader and more gradual absorption features, resulting
in nearly identical absorbance at 321.175 and 322.207 nm. This
difference between Zn(acac), and AZO is attributed to the
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distinct spectral characteristics of each compound. The narrow,
steep peak of Zn(acac), rendered it highly sensitive to small
wavelength changes, whereas the broader peak of AZO ensured
more consistent absorbance across similar wavelengths.

The calibration functions at wavelength 321.175 and 322.207 nm,
quantify the total absorbance of samples consisting AZO and
Zn(acac), in BnNH,. The absorbance of BnNH, is negligible and
thereby the total absorbance is attributed to addition of AZO and
Zn(acac),. The Abss,; 175 and Abss,, 5y, in both Equation (2.1) and
Equation (2.2) refer to the measured absorbance via UV-vis for
samples containing AZO, Zn(acac), and BnNH,. The unknown
concentrations for AZO and Zn(acac), are denoted as [AZO] and
[Zn(acac),], which are obtained by solving following equations by
measuring Abs;,, 175 and Abs;,, 50; such that

Abs;;, 175 = 1.593[Zn(acac), ]

+{ 11.56[AZO], 0 < [AZO] < 0.12

2.32(1 — e 17401AZOI00D) 0,12 < [AZO] < 0.6

2.1)
and

Abssy, 597 = 1.236[Zn(acac), ]

N 11.56[AZO], 0 < [AZO] < 0.12
2.32(1 — e71746AZOI=007) = 0,12 < [AZO] < 0.6,

(2.2)
where [Zn(acac),] € (0,0.7).

Multiple samples containing AZO and Zn(acac), at varying
concentrations were prepared using the gravimetric method and
analyzed using the developed UV-vis correlation. The AZO
concentrations calculated using the calibrated equations (Equa-
tions 2.1 and 2.2) were consistent with the gravimetric results
(Figure 5b) and these correlations were subsequently employed
for real-time concentration monitoring.

2.2 | CBR With Dilution Setup and Online UV-Vis
Spectroscopy

2.2.1 | Determination of Dilution Factor

For online UV-vis spectroscopy, directly measuring reactor
samples was impractical due to their high concentrations
([Zn(acac),|max = 25 g L7, [AZO]pax & 7 g LY. Therefore, as
previously mentioned, it is necessary to dilute the reactor samples
prior to measurements. Consequently, the sample measured in
the flow cell (see Figure 2c) corresponded to the diluted one,
and the calculated concentrations were based on these diluted
samples. To obtain real-time AZO concentrations inside the
reactor (for undiluted samples), the concentration correlation
between the undiluted samples ([AZO],) in the reactor and the
diluted samples ([AZO],) in the flow sensor 2 after mixing was
established via the mass balance equation for AZOs (71, = ).

Additionally, a dilution factor is introduced to account for the
dilution effect.

[AZO),V, = [AZO]desz (2.3a)

Vsz

[AZO), = [AZO], (2.3b)

r

with a defined dilution factor

V.
DF = 12 (2.3¢)
v,
2.2.2 | Correlation Between Reactor Flowrates and

Flowmeter Signals

As depicted by Equation (2.3b) and Equation (2.3c), the dilution
factor is required to calculate the AZO concentration inside
the reactor ([AZO],) based on the measured diluted AZO con-
centration ([AZO],) in the flow cell. The numerator, stz, in
Equation (2.3c) was continuously recorded by the flow sensor
2. However, the denominator, V,, represents the reactor sample
flow rate and was influenced by flow rate difference measured by
both flow sensors. A simple subtraction of the flow rates recorded
by flow sensor 2 and flow sensor 1 did not yield an accurate
V, due to the effects of excess volume when mixing liquids. To
address this, a calibration was performed to correlate the reactor
sample flow rates with the difference in flow sensor signals.
This relationship is illustrated in Figure 6b, with the detailed
calibration equation provided in Figure S2.

Since the online samples consisted of AZO and residual pre-
cursors in BnNH,, it is reasonable to assume that they exhibit
identical excess volume behavior to their solvent, BaNH,. There-
fore, pure BnNH, (Sigma-Aldrich) was used to construct the
correlation. The needle valve along the sampling line in Figure 2a
was adjusted to generate varying BnNH, flow rates from the reac-
tor. Ethanol was supplied at a constant flow rate of 55 mL min™.
After dilution, the BnNH, samples were measured online in the

flow cell to record UV-vis spectra of diluted BnNH,.

As described in Section 2.1.1, UV-vis calibration was performed
for BnNH,. At a wavelength of 287.022 nm, the correlation
between absorbance and the volume ratio of BnNH, to ethanol
was established, as depicted in Figure 6a. Using this calibration
(refer to the calibration equation in Figure S1), the recorded
spectra were analyzed to determine the benzylamine-to-ethanol
volume ratio and the BnNH, flow rates from the reactor. Reactor
flow rates of up to 1.6 mL min~' were calibrated against flow
rate differences measured by the flow sensors, which ranged up
to 1.2 mL min~'. Dilution of BnNH, with ethanol resulted in
a total volume reduction. As a result, during the synthesis, the
flowrates from reactor (V,) were calculated according to the linear
relationship based on the signal difference of flow sensors. This
further enabled quantification of dilution factor, to calculate the
AZO concentration ([AZO],) inside reactor.
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FIGURE 6 | Determination of sample flowrates from reactor according to the differences between flow sensors: (a) UV-vis correlation curve of

BnNH, at the wavelength of 287.022 nm, illustrating an exponential elevate of absorbance with increasing the volume ratio of BnNH, to ethanol. (b)

Established correlation to quantify the reactor sample flow rates based on the differences between flow sensors 2 and 1 in Figure 2b.

2.2.3 | Online Calculation of Nanoparticle
Concentration in CBR

The developed online UV-vis technique was applied to the sol-
gel synthesis to monitor the AZO nanocrystal concentration in
reactor using the implemented calibrations, including

1. Calibration equations for AZO and Zn(acac), at wavelengths
321.175 and 322.207 nm. These UV-vis correlations enable the
determination of AZO concentration in the diluted reactor
samples ([AZO],) measured in the flow cell.

2. Calibrated correlations between reactor flow rates and flow
rate differences measured by the flow sensors. These corre-
lations facilitated the accurate quantification of the dilution
factor.

By continuously determining the diluted AZO concentration
([AZ0],) through online UV-vis measurements and calculating
the dilution factor based on the difference between flow sensors
2 and 1, the real-time AZO concentration ([AZO],) was contin-
uously quantified (Figure 9a). These data were simultaneously
used to reconstruct real-time particle states (details in Section 5).

2.3 | Validation of PSD via Transmission Electron
Microscopy (TEM)

To further assess the performance and accuracy of the imple-
mented MHE-based observer, diluted samples were extracted
online for validation purposes. The extracted samples primarily
consisted of AZO, Zn(acac), and BnNH, in ethanol. AZO crystals
were purified by centrifugation to remove impurities. During
purification, BnNH, and residual Zn(acac), were dissolved
in ethanol and subsequently eliminated through centrifuga-
tion, leaving the undissolved AZO particles. The purified AZO
nanoparticles were then dispersed in ethanol and air-dried on
a TEM grid at 25°C. TEM imaging was performed to visualize
the particles on the grid. Using ImageJ, 300 nanoparticles were
counted to obtain the PSD of the AZO particles. This approach
enabled a direct comparison between the real-time PSD obtained

from TEM analysis and the reconstructed PSD generated by the
soft sensor (see Section 5).

3 | Process Modeling and Parameter
Identification

A synthesis process model is presented using a combination
of partial and ordinary differential equations, capturing key
subprocesses such as reaction kinetics, nucleation, growth, and
nanocrystal aggregation, in order to precisely monitor intrinsic
system states linked to particle characteristics like PSD. Using
offline measurements of crystal mass concentration and particle
NC, the first principle model is parameterized. It enables the
PSD reconstruction based on the AZO mass concentration.
The objective is to develop a model-based approach for online
estimating the AZO mass concentration and reconstructing the
PSD using online UV-vis measurements (refer to Section 2).

3.1 | Mathematical Model

A widely accepted approach for modeling particle synthesis
processes using PDEs involves the application of a PBE. The
PBE describes the evolution of the PSD and particle number
density. To capture the complete system behavior, it is coupled
with the reaction kinetics of the precursor, zinc acetylacetonate
(Zn(acac),). For simplicity, the concentration of Zn(acac), is
denoted as [Zn] throughout this section. Together, these elements
govern the overall system dynamics.

8,[Zn](t) = —k(T)[Zn](t), t>0
o,n(x,t) = —G([Zn])d,n(x,t) + B([Zn], x) (3.1a)

— Py([Zn], x)n(x, 1), X € (0, Xpax), £ > 0
with boundary conditions

n(0,£)=0, t>0, (3.1b)
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and initial conditions

n(x,0) = ny(x), [Zn](0) = [Zn],, x €[0,X,,]. (B.Ic)
Herein, [Zn](t) denotes the zinc precursor concentration and
n(x,t) the particle number density of monocrystals with diam-
eter x. The PBE is composed of three main parts: the growth
term G([Zn])d,n(x,t), the nucleation term B([Zn],x) and the
aggregation term P,,,([Zn], x)n(x, t) defined as

B([Zn], x) = knuck(T)[Zn]b¢(x’ :umono)
G([Zn]) = kok(T)[Zn]* (.2)

Pagg([zn]a x) = kaggk(T)[Zn]aP(xa ﬂagg)a

where (X, Unono) denotes a normal distribution function with
mean fyon, and P(X, i) is the probability that particles with
size x aggregate at w,,,. The birth and aggregation terms are
assumed continuous in x, continuously differentiable in ¢ and
locally Lipschitz continuous in n(x, t) uniformly in ¢ on bounded
intervals. This implies the existence and the uniqueness of a mild
solution of (3.1), see, e.g., [34, Thm. 6.1.4].

The model parameters are summarized in the vector p =
[Umonos Maggs D5 & @5 Knyes Kgs k&gg]T and will be determined by
making use of the offline measurement data. The quantity k(T)
represents the rate constant and it is modeled using the Arrhenius
law, see also [23]. The output of the system is defined as

0, v(x,,, t) = Pooe([Zn], x)n(x, t), (3.3)

agg

where v(x,,,t) is the number density of mesocrystals with size
X € [0,%,4¢]. The estimation process of [AZO] utilizing a
moving horizon estimation (MHE) approach is conducted as
elaborated in ref. [35]. To determine [AZO](t), the third moment
of (3.3) is exploited, which is given by

M;(t) =/ - x3v(x, t)dx. (3.4)
0

The total particle number is obtained by exploiting the zeroth
moment of (3.3), which is given by

M,(t) = N(t) = / - »(x, )dx. (3.5)

The [AZO](¢) of mesocrystals follows as

see, e.g., [36]. The temperature T(t) in the reactor is assumed
homogeneous and is introduced into the model using

70,T(t) = =T(1) + Q(t), 0 =< Q1) < Qpax> (3.8)

where 7 represents a time constant, Q(t) is the control input
and refers to the energy generated by heating cartridges. A
subordinate PI control is implemented to guide the process so
that a quick temperature response T(t) is achieved, considering
the bounded control Q(t). The particle synthesis occurs in two
distinct steps: the preheating phase of the process is conducted at
50 °C, while the synthesis phase is carried out at a temperature of
110 °C.

3.2 | Semi-Discrete Model

To numerically solve the PDE-ODE system (3.1), a discretization
approach using backward finite differences is employed on the
PDE part of the system. This results in a finite dimensional
approximation consisting of a set of ODEs. Here, the spatial
coordinate x is discretized using a uniform grid of g nodes

x; = iAx, i €{1,...,q} for Ax = x'"“l". Let n,(t) = n(x;, ) so that
.

n(t) = [ny (1), ..., nq(t)]T and consider backward finite differences
to approximate the first order derivative

n(t) — i (t)

a,.n(x;,t) = Ax

The system Equation (3.1) then evaluates to

n(t) — n_ (t
om@=-c"0 0O Ly p o ny
G G
=— (E + Pagg,i> n(t) + Eni,l(t) +b; (3.9)

G
=Rn(t) + A_xni—l(t) +b;,

where bi = b([ZIl],Xi), G= G([Zn]), Pagg,i = Pagg([zn]axi)9 Ri =
—(G/Ax + P,y,;) and n, = 0, whereby the ODE for [Zn](¢) is left
aside for sake of clarity.

Equation (3.9) results in a set of linear ODEs with respect to n(t)
and reads

_ _ Mayz0
[AZO](1) = y(1) = NovoUnzo M;(1) (3.6) a,n(t) = An(t) + b, (3.10)
with N,,, the Avogadro number, M, the molecular mass, M;(t)
. . where
as well as v, the third moment of the PBE and unit volume of
an AZO monocrystal, respectively. The [AZO] is assumed to be _ .
measured and employed for reconstructing the PSD, enabling the R0 0 0
estimation of the optimal initial state of (3.1), which will be used < R, 0 0
. . . A
to calculate the particle size defined as A= .
o 1 1 0o o0 R,y O
6 Ms(1) \* 6 Nuvolazo : G
d,) == = =—————y(t , t>0, (3.7 =
“© <7r Mo(t)> (” MAzoMo(t)y( ) @7 | o 0 Ax Rq_
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and b = [b, ..., bq]T. The resulting system can thus be defined as

4 [[2n] —k(T)[Zn]
X(t):E n(t)|=| An®)+b | t>0 (3.11a)
T(| |-=2+Q®)
X(0) = X,, (3.11b)

where X(t) = [[Zn](¢), n(t), T(t)]T € R9*2, The number density of
mesocrystals is obtained as

¥(t) = P, ([Zn]) © n(t), t>0, (3.12)

where P, ([Zn]) = [Pygy1, ... , Poge g7, v(t) represents the spatially
discretized number density of the mesocrystals and ® introduces
the element-wise vector multiplication. The model parameters
are identified by solving a static optimization problem that
minimizes the error between the offline measured data and the
first-principles model. This optimization yields the parameter set
D S fmono = 23 NM, f4,,, = 58 nm, b = 5.29, g =9.19, a = 0.85,
k... = 10484 k, =1 and k,, =1, see ref. [35]. Depending on
the CPU, the simulation requires at least 30 s of computation
time, even with a relatively coarse spatial discretization. Refining
the discretization for smoother state representations significantly
increases the simulation time, rendering (3.11) unsuitable for
real-time applications.

nuc

In the following section, the parameterized model is utilized
to design a linear time-discrete model, which facilitates online
particle mass concentration estimation. The implementation of
the MHE (see Section 4) relies on a well-calibrated measurement
unit, as discussed in Section 2. The determined AZO concen-
tration measured by online UV-vis is utilized by the MHE in
estimating the optimal particle states, e.g., PSD, ensuring accurate
particle concentration predictions at each iteration.

4 | DMDc and Moving Horizon Estimation

The objective of this section is to develop a moving horizon
estimator (MHE) based on the DMDc model derived from
the introduced PDE-ODE system. This approach enables the
real-time state estimation and reconstruction during the synthe-
sis process (Algorithms 1 and 2).

41 | DMDc

A time-discrete linear approximation of (3.11) is achieved using
the Koopman operator based approach, specially DMDc. For this,
the full DMDc algorithm is introduced, see, e.g., [27, 35, 37].
To achieve this, snapshots X, X, and Y of (3.11) are gathered
at regular time intervals At = = that capture state and input

m

ALGORITHM 1 | Dynamic mode decomposition with control

1: Input: State snapshots X, future states X,, inputs Y
2: Output: System matrix A and input vector b such that
Xj.1 ~ Ax; +bQ;
. . X
3: Concatenate state X; and input Y data matrices: Q = [Yl]
4: Compute least-squares fit: [A b] = X, - QF
QF represents the Moor-Penrose pseudo-inverse of Q
5: Low-rank approximation:
¢ Perform SVD: Q = UnZ,V ]
* Truncate to rank r: keep first r singular values

* Use truncated Q to improve robustness: Q, = U, X,V
6: Output: [A b| =X,V,%,'U; = X,V, % '[U;, U;,]

rl

ALGORITHM 2 | Moving horizon estimation pseudo-code

1: Input: Initial state estimate X, horizon length 8, model
estimation y;, measurements y,, control inputs Q,

for each time step k do
Collect measurements y;_g.,_; and inputs Q_g_;.x_»
Solve (4.7) to obtain estimated states X;_g.,_;
Set X as the current state estimate

end for

N o R RN

Output: Estimated state X

such that

X, = AX, + bY =[A b] [)1{/1] , X,~GQ, (4.2)

where the optimal G = [A b] is calculated by minimizing the
residual in terms of Frobenius norm |[|X, — GQ||; and T,
represents the simulation time. This leads to the time discrete
model

X = Ax; + bQ;, (4.3)

where A € R1#4*2 peRI™?, x; = [[Zn]j,nj,Tj]T € RI*+2,
[Zn]; €R, n; €RY, T; €R, Q; €R, for j€{0,1,...,m} with
m representing the number of snapshots needed to compute
the DMDc-based model. In this context, x; = x(¢;), where ¢;
represents evenly spaced sampling points. The objective of this
method is to efficiently determine the matrix A and the input
vector b, effectively capturing the dominant system dynamics by
utilizing snapshots of the parameterized nonlinear model derived
from offline measurement data. This process is completed by
performing a singular value decomposition (SVD) on the input
subspace Q. The reduced left singular matrix U, obtained is then
utilized to project the state into its original space. A truncation
of the system to rank r =10 is performed to retain the first
dominant singular values of the SVD, which contain the majority
of the system’s information, see [35] for a detailed introduction of
the simulation-based MHE for the underlying system. Initially,
these offline data are utilized to parameterize (3.11), which is
then employed to extract necessary snapshots at regular time

behavior
X, = [X(t) X(t1) - X (£y-1)]
X, = [X(t) X (&) - X(1,)] 4.1)
Y = [Q(to) Q(tl) Q(tm—l)]
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FIGURE 7 | DMDc validation: (a) represents the input power used to train (red curve) and to validate (blue curve) the DMDc Model. In (b)-(d), the
black curve describes the temperature profile, [AZO], and particle size of the nonlinear model during the nominal reaction scenario, while the red and
the blue curve represent their profiles obtained by the DMDc model based on training and validation data, respectively. (e) depicts the error between

the full model and the trained DMDc for both input datasets.

intervals t;. A pseudo-code to implement DMDc is introduced
below (see more details in ref. [27, Sec. 3.4]).

Subsequently, the number density of the aggregates is expressed
as

. =Cx.

J j 4.4

with the output matrix C € R?¥9*2 and v ; € R9. The discrete time
AZO concentration can be rewritten as

[AZO]; = y; = é'v;, (4.5)
where €T € R™ is a row vector composed of (3.6) and the integral

in (3.4). Note that this integral is evaluated using the trapezoidal
rule. This leads to the following definition of the particle size

d,; =#%", (4.6)

where %7 € R4 represents a row vector comprised of the
discretized integrals as well as parameters of (3.7).

The validation of the designed DMDc-based model is illustrated
in Figure 7, showcasing the relationship between input, [AZO],

NC, and particle size. The DMDc is determined for m = 200
snapshots and the spatial discretization of (3.9) set to g = 400.
The input signals utilized to generate (red) and validate (blue) the
time-discrete model are depicted in Figure 7a, while the corre-
sponding resulting temperature profiles are shown in Figure 7b.
Here, the black temperature curve is obtained from the param-
eterized model. It is evident that temperature variations directly
influence concentration, size and number of particles. Moreover,
particle size growth occurs rapidly, leading to a relatively uniform
particle size being achieved within the initial heating minutes, as
demonstrated in Figure 7d. Depending on the applied input, an
acceptable approximation of the parameterized model (blue line)
by the DMDc-based model is achieved, as shown in Figure 7c.
The differences observed between the DMDc-based signals can be
attributed to the temperature variations resulting from the input
energy. The particle size error is calculated by assessing the per-
centage of the absolute difference between the identified model
and the DMDc-based model, relative to the maximum value
between d,, yoae (£) @and dy, pype () and dy, poqer(8) and d,, pyinc,, (),
respectively, such that, e.g.,

val

|dv,Model(t) - dU,DMDC(t)I
max(max(dv,Model(t))a maX(dU,DMDC(t)))

X 100.

Adu,Model/DMDC(t) =
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During time intervals when the red input exceeds the blue
input in Figure 7a, corresponding changes are observed in the
temperature profile (Figure 7b), AZO concentration (Figure 7c),
and particle size (Figure 7d), and the reverse is true when the blue
input is larger. This demonstrates the sensitivity of the DMDc-
based model to various inputs, which influence both the AZO
concentration and the particle size.

4.2 | Moving Horizon Estimation

The primary objective of MHE is to minimize the error between
measured and estimated AZO concentration values over a finite
receding horizon 6, see, e.g., [18, 28, 38]. In this context, the
focus is on reconstructing the PSD based on the parameterized
system (3.11) under disturbances. To achieve this, the reduced-
order model (4.3) is used to represent the system dynamics.
Thus, only the measured AZO concentration y; is used for the
estimation process. Hence, the state estimation problem can be
formulated as

minJ = at Y [y +(ay)] (4.72)
=k

R =A% +bQ;, j=k—-6,..,k-1keN, (4.7b)
(4.7¢)

with 6 € N, denoting the horizon length and y; the estimation
of the AZO concentration. The initial value X,_, represents the
decision variable and Q; corresponds to the input at discrete
time j, respectively. The function J is approximated by making
use of the trapezoidal rule. The optimization problem (4.7) is
solved repeatedly on the receding finite time horizon 6 to find
the optimal initial state X,_g minimizing J. The MHE employs
an SQP algorithm to capitalize on the linear characteristics of
the DMDc model. This approach efficiently addresses a quadratic
and nonlinear subproblem, ensuring smooth and locally optimal
solutions through gradient-based updates. The reader is kindly
referred to [20] for a detailed description of the MHE algorithm
implementation, specifically tailored for a PDE-based system
incorporating sensor dynamics. A pseudo-code for implementing
the MHE for the underlying system is provided below (see more
details in ref. [29]).

5 | Simulation and Experimental Results

The particle synthesis process lasted over a total duration of 3 h
with the initial precursor concentration of 25 g L™!. The initial 45
min of this time frame were dedicated to the preheating phase.
During this phase, the reactor temperature was raised to 50°C
for 30 min and was subsequently maintained at this level for
additional 15 min. This temperature adjustment was made to
optimize dispersion of the precursor species into benzylamine. It
is assumed that no particles were formed during this preheating
phase due to the relatively low temperature. After preheating, the

synthesis phase began. During this phase, the reactor temperature
was rapidly increased to the target reaction temperature of 110°C,
controlled by a subordinate PI controller. The first sample was
extracted after the synthesis temperature reached 110°C, which
occurred 1 h after the start of the process. Subsequent samples
were taken at regular intervals of 5 min to monitor the progress
of the synthesis over time. Offline measurements, including PSD
and NC, on the samples with increasing synthesis time were
employed for parameterizing the mathematical model, which is
used to generate snapshots in the context of the DMDc, forming
the foundation upon which the MHE design is based [35].

The assumption of a uniform temperature directly impacts the
robustness of the nonlinear model (3.11), as nucleation and
growth kinetics in particle synthesis are highly temperature-
dependent. Key kinetic parameters such as reaction rate con-
stants, solubility, and diffusivity exhibit Arrhenius-type behavior,
making temperature control critical for model accuracy and
predictive power. Similarly, the assumption of negligible mixing
gradients is introduced to support the validity of the DMDc-
based model. Incomplete mixing or the presence of concentration
gradients can create localized regions with elevated precursor
concentrations, promoting inhomogeneous nucleation and devi-
ation from the well-mixed dynamics the model is built upon. This
may lead to model-plant mismatch and reduce the observability
of internal states such as PSD from external measurements like
AZO concentration obtained via UV-vis spectroscopy. Such a mis-
match can degrade estimator performance, especially under real-
time state estimation frameworks using MHE. These challenges
are most pronounced in large-volume systems with poor thermal
coupling, high viscosity, inadequate stirrer design, or insufficient
mixing intensity. In contrast, the assumptions are well-justified
in the present experimental setup. The synthesis is performed
in a small-scale, well-controlled batch reactor equipped with
enhanced temperature regulation and mixing, achieved via
an embedded PI controller and efficient stirrer configuration.
The low reaction volume and high thermal coupling further
minimize the spatial gradients. Therefore, the assumptions of
uniform temperature and negligible concentration gradients are
reasonable within this setup and provide a solid foundation
for using lumped-parameter models and implementing efficient
real-time estimators.

5.1 | Simulation Results for DMDc-Based MHE

The estimation time window spanned five discretization steps
corresponding to 6 = 4.5 min. The MHE approach demonstrated
the ability to accurately track measurements, and it exhibited
rapid convergence of the estimation error, even in the presence
of additive noise on [AZO]. The initial state, represented as X, =

. T

[[Zn],, Aiy(x), T ] , was deliberately set to differ from the initially
measured states. Figure 8 refers to the visual representation and
validation of these results. The reconstructed PSD (continuous
colored lines) at sampling times is shown in Figure 8c, showcas-
ing the ability of the MHE to track nonmeasurable states. The
reader is referred to ref. [35] for more detailed results of the MHE
design for the underlying system. The sensitivity analysis of the
MHE is evaluated using the root mean square error (RMSE),
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shows the qualitative comparison of the PSD reconstructed from the by the MHE and the TEM results. Here, TEM indicates the mean AZO particle size

of 69.4 nm, while the mean size of the reconstructed PSD is 74.2 nm. (c) depicts the RMSE between the measure and the estimated AZO concentration.

providing a quantitative measure of the estimation accuracy
under varying conditions. It is defined as

RMSE =

where y; denotes the measured or actual value, y; the predicted
or model value and n the number of samples. The low RMSE in
Figure 8b signifies a magnitude difference between the true value
(blue) and the estimation (red) in Figure 8a. A MHE-iteration step
has an average computational time of 0.08s considering an Intel
Core i5-8265U CPU.

5.2 | Online Experimental Results

LabVIEW was used to interface with the plant’s devices, while
Python handled the calibration equations, and MATLAB was
employed for state estimation and reconstruction. The experi-
ment lasted for 100 min after reaching the synthesis temperature
at 110°C, during which data were recorded for subsequent
processing. Every 3 s, the spectrum of the diluted reactor
sample captured by the UV-vis sensor was processed using a
Python-based calibration algorithm (Section 2.1.2) to determine
the AZO concentration online. Throughout the experiment, the

reactor pressure was manually regulated using an needle valve
to maintain the pressure in range between 0.5 and 0.8 bar, and
the suspension outflow into the dilution cycle was controlled
by a magnetically actuated valve with periodic openings. These
measures aimed to facilitate solution extraction while minimizing
abrupt volume fluctuations. However, the manual actuation
of the pressure valve made it challenging to fully eliminate
these fluctuations, see, e.g., Figure 9a at ¢t € {1.1,1.3,1.5}h.
Consequently, variations in reactor pressure led to increased
suspension inflow into the dilution cycle, causing a rapid decrease
in the dilution factor. These fluctuations directly impacted the
measured AZO concentration, as shown in Figure 9a. Despite the
pressure fluctuations affecting the AZO concentration profile, the
DMDc-based model effectively computes the PSD for moment-
based AZO concentration estimation. The red curve in Figure 9a
illustrates the AZO concentration estimated using MHE. MHE
successfully tracks the actual measured particle concentration
in the reactor and accurately reconstructs the PSD, as shown
in Figure 9b. Additionally, a polynomial fit was applied to the
experimental measurements ([AZO]g;, in Figure 9a) to charac-
terize the average concentration behavior over the course of
the process. Figure 9a illustrates the capability of the MHE to
track the AZO concentration, a conclusion further validated in
Figure 9b, where the PSD of a sample (blue curve) taken during
synthesis was highly comparable to the PSD reconstructed (red
curve) using MHE.
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The modal diameter of AZO particles, measured offline via TEM,
was 64.9 nm, while the MHE-predicted modal diameter was
63.8 nm. For the mean particle size, TEM indicated 69.4 nm,
whereas the MHE-reconstructed PSD yielded 74.2 nm, reflecting
a modest deviation of 4.8 nm. The results highlight the high
approximation accuracy of the MHE, affirming its effectiveness
in reconstructing PSD. To quantify the discrepancy between
measured and estimated AZO concentrations throughout the
experiment, the root mean square error was employed. RMSE
captured the average magnitude of the deviation between sen-
sor measurements and DMDc-based estimates. A lower RMSE
reflected better alignment and thus higher estimation accuracy
(see Figure 9c).

6 | Conclusions

In this study, an early-lumping MHE approach is introduced
for the real-time estimation of particle concentration in view of
reconstructing the PSD.

For this, a nonlinear mathematical model of the synthesis process
is determined and parameterized based on offline measurement
data. To obtain a real-time capable model, DMDc is conducted
to achieve a linear time-discrete approximation of the nonlinear
model based on snapshots of the parameterized model. To realize
real-time measurements of the AZO concentration during the
experiment, an online UV-vis measurement technique is devel-
oped. Here, the absorbance correlation of the major components
in reaction mixture to their concentration is calibrated for online
determining the AZO nanocrystal concentration within the reac-
tor. Based on these measurements, a MHE-based soft sensor is
designed and implemented to firstly estimate the nanoparticle
concentration and secondly to reconstruct the PSD. The exper-
imental results showcase the effectiveness and applicability of
the approach of the UV-vis-based MHE in providing precise and
real-time estimation of the AZO concentration and the related
PSD. This methodology and the obtained results will serve as
basis for future research aimed at actively controlling PSD as well
as related product properties such as bandgap, transparency and
electrical and thermal conductivity.
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