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Abstract

Decision support tools are essential for planning end-of-life pathways of electric vehicle
(EV) batteries, including recycling, repurposing, and reconditioning. As large volumes of
EV batteries reach end-of-life in the coming decades, estimating material flows under differ-
ent scenarios becomes increasingly important. Detailed simulation models, such as those
based on discrete event and agent-based modeling, can capture the complex dynamics
of battery life cycles. However, their high computational cost limits their applicability in
decision-making contexts that require extensive scenario analysis. To overcome this chal-
lenge, machine learning-based surrogate models are evaluated for approximating the outputs
of a simulation model that estimates future end-of-life quantities of EV batteries. The simu-
lation model uses static input configurations and produces time-dependent outputs, for which
no historical time series exist. Two surrogate modeling strategies are compared: an all-at-once
approach that predicts all time steps simultaneously, and a recursive approach that predicts
them sequentially. Several machine learning algorithms are evaluated, including neural net-
works, Gaussian process regression, random forests, and XGBoost. Results show that neither
approach consistently outperforms the other, and model performance varies strongly across
key performance indicators. While surrogate models can substantially accelerate analysis,
predictive accuracy is limited for outputs with sparse or highly variable data. The results
underline the importance of selecting surrogate modeling approaches based on the specific
characteristics of the output indicators and the analytical needs of the decision context.
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Abbreviations

aao All-at-once estimation

ABM Agent-based modeling

ALAMO Automated Learning of Algebraic Models
ANN Artificial Neural Network

ARIMA Autoregressive Integrated Moving Average
DT Decision Tree

EoL End-of-Life

EV Electric vehicle

EVB Electric vehicle battery

GBT Gradient-Boosted Trees

GPR Gaussian Process Regression

gpr_stand Gaussian Process Regression with a Constant Kernel combined with a Radial

Basis Function Kernel

gpr_matern  Gaussian Process Regression with a Matern Kernel

gpr_ratQuad Gaussian Process Regression with a Rational Quadratic Kernel

gpr_comb Gaussian Process Regression with a composite Kernel integrating Constant,
RBF, and Matern kernels

KPI Key performance indicator

LHS Latin Hypercube Sampling

LSTM Long Short-Term Memory

MARS Multivariate Adaptive Regression Splines
ML Machine Learning; M&S: Modeling and Simulation
MSE Mean Square Error

NCO Nickel-Cobalt-Oxide

NCx NCO or NMC battery

NMC Nickel-Manganese-Cobalt

OEM Original Equipment Manufacturer

RBF Radial Basis Function

rec Recursive estimation

RF Random Forest

RMSE Root Mean Square Error

SVM Support Vector Machine

XGB XGBoost

1 Introduction

The number of end-of-life (EoL) electric vehicle batteries (EVBs) that will become avail-
able for recycling, repurposing, or reconditioning in the coming years depends on numerous
factors, such as the development of electric vehicle (EV) sales, technological advances in
EoL pathways, and decisions by stakeholders along the value chain (Kadner et al., 2021).
Recycling refers to recovering material; repurposing denotes reusing the battery in an appli-
cation other than the original one, i.e., an application outside the vehicle; and reconditioning
means that the battery is restored to a state suitable for usage in an EV as a spare battery
(DeRousseau et al., 2017; European Commission, 2008; Potting et al., 2017). While recycling
and repurposing are already practiced to some extent (Faessler, 2021; Slattery et al., 2024),
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reconditioning is currently only carried out on a pilot scale (e.g., Stellantis, 2023). To pre-
dict EoL quantities, material flow analyses are commonly used. These estimate EVB returns
based on EV sales data and assume that a certain share of batteries is suitable for repurposing
or reconditioning (Sanclemente Crespo et al., 2022; L. Yang et al., 2024). More advanced
simulation models include effects of legislative measures or market dynamics such as supply-
driven price effects (Pratap et al., 2024; Seika & Kubli, 2024). These models allow for more
realistic and detailed representations of the EVB value chain but come with longer runtimes.
One such model is a discrete event and agent-based simulation model by Huster et al. (2025),
which uses 49 input parameters, including expected EV and EVB lifetimes, future EV sales,
and assumptions on the profitability of EoL pathways. Based on these inputs, the model
estimates quantities of returned, recycled, repurposed, reconditioned, and demanded EVBs
for the period from 2025 to 2050 in five-year intervals, resulting in 30 output variables. With
the large number of input factors and a runtime of about ten minutes per simulation run,
extensive sensitivity studies are hardly feasible. For instance, testing only three levels per
input factor would require around 817 days of computation time, not including replications
to account for stochasticity.

To address such limitations, it has been proposed to approximate the input—output behav-
ior of simulation models using simplified models, often referred to as surrogate models,
response surfaces, metamodels, or emulators (McBride & Sundmacher, 2019; Pietzsch et al.,
2020). These terms originate from different research communities, such as response surface
methodology in statistics (Box & Wilson, 1951, as cited by Khuri & Cornell, 1987) and
simulation metamodeling in operations research (Barton, 1992; Kleijnen, 1982), but they
generally describe models that approximate the behavior of experiments or simulations. In
this study, the term surrogate model is used as a generic term for such approximations. The
basic idea of those models is that, first, sample points are generated with the original simula-
tion model as training data, then a surrogate model is fitted, and finally, the surrogate model
is evaluated (Thombre et al., 2015). Those surrogates can be created with various techniques,
for example, artificial neural networks (ANNSs), Gaussian process regression (GPR) or ran-
dom forests (RFs) (Angione et al., 2022). The model selection depends on many factors,
including the sampling size for training and the number of input factors (Williams & Cre-
maschi, 2021). Furthermore, the type of input and output data is crucial. While some methods
are primarily used for static outputs, others, like long short-term memory (LSTM), are more
suitable for time series output (Zhao et al., 2023). Surrogate modeling has been applied to
different domains, from chemical process engineering to social studies (Angione et al., 2022;
McBride & Sundmacher, 2019), for agent-based simulations, finite element simulations and
techno-economic analyses (Hiirkamp et al., 2021; ten Broeke et al., 2021; Wiesberg et al.,
2021).

Typically, it is evident whether data is of a time series nature or not. Cerqueira et al. (2020)
define time series as “a temporal sequence of valuesY = {yi, y2, ..., y;}, where y; is the
value of Y atatime i and ¢ is the length of Y, and time series forecasting as “the task of predict-
ing the next value of the time series, y;1, given the previous observations of Y. Consequently,
time series prediction always relies on previous time series values, potentially augmented
by additional data. In emerging markets, however, predicting product sales or product return
quantities must be conducted without historical precedents. Predictions must rely on static
input data, such as product lifetimes and estimated consumer preferences, while the predic-
tions are of a time series nature in that they are sequential and time-dependent. Therefore,
approximating a simulation that predicts EVB recycling, repurposing, and reconditioning
quantities comes with particularities:
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e The input data, such as EVB lifetimes and consumer preferences, are static, but the outputs
are time-related.

e The time-related outputs have no historical predecessors due to the novelty of the EV
market.

e The data originate from a simulation model, allowing for repeated sampling.

It remains a gap in research which type of surrogate model and modeling technique is the
most appropriate for this type of problem. While the characteristics of EoL EVB forecasting
seem quite particular, the general issue of time-dependent outputs without predecessors is
likely to appear in other circular economy domains. For instance, currently only 1% of used
textiles in the EU are recycled, but the share is expected to rise with mandatory separate
collection starting in January 2025 (EEA, 2022). Therefore, methods for approximating sim-
ulation models with time-dependent outputs but no historical time series may gain relevance
beyond the EV sector.

More generally, this type of approach can be understood as part of a broader research trend
that combines modeling and simulation (M&S) with data-driven techniques. In recent years,
growing attention has been given to hybrid modeling approaches that integrate simulation
models with machine learning methods in order to improve computational efficiency, enable
faster scenario exploration, or support decision-making (Schweidtmann et al., 2024; Von
Rueden et al., 2020). Such approaches combine the strengths of both paradigms: simulation
models represent structural relationships and system behavior (Law, 2015), while data-driven
models can approximate complex input—output relationships based on generated or observed
data (Goodfellow et al., 2016).

The aim of this study is to reduce order of the EoL EVB simulation model by Huster
et al. (2025), making it more agile and practically applicable. As the methodology, different
machine learning techniques are evaluated for their suitability to predict the time-dependent
EoL EVB output. One strategy treats the output as static and predicts all values at once.
Presumably, that might lead to inaccurate results because it might omit trends in the output
time series. Alternatively, a recursive approach is applied that accounts for the temporal
structure by training one model per time step, using previously predicted values as additional
inputs. The performance of the approaches is compared by common metrics like R? and
(root) mean square error ((R)MSE), and the training time.

By combining a discrete event and agent-based simulation model of EV battery end-of-life
flows with machine-learning-based surrogate models, the study contributes to research at the
intersection of modeling and simulation and data science. In particular, it provides insights
into how surrogate modeling strategies can be used to approximate simulation models that
produce time-dependent outputs but lack historical time series observations.

The remainder of the study is structured as follows: First, a literature overview of methods
for approximating simulation models is given in Sect. 2. Subsequently, in Sect. 3, the EoL
EVB simulation model that shall be approximated is introduced, and the selection of the
surrogate models is outlined. In Sect. 4, the metrics of the selected surrogate models are
presented and compared, followed by a discussion of the results in Sect. 5. Finally, conclusions
are drawn in Sect. 6.

2 Literature review

Computer simulation has long been used to represent simplified abstractions of real-world
or conceptual systems in order to study their behavior under different conditions (Banks,
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1998; Shannon, 1975). As systems become more complex and involve stochastic behavior,
nonlinear interactions, or large numbers of components, simulation provides a means of
exploring system dynamics and interactions (Banks, 1998). With the development of digital
computing in the second half of the twentieth century, simulation methods became increas-
ingly powerful and widely applied (Goldsman et al., 2009). Today, simulations are used to
represent phenomena ranging from natural and physical processes, e.g., climate systems, to
socio-technical systems such as manufacturing, logistics, and energy networks (Law, 2015;
Obaidat & Papadimitriou, 2003).

Over time, a variety of modeling paradigms have emerged, including discrete-event simu-
lation, system dynamics, agent-based modeling, Monte Carlo simulation, and physics-based
simulation approaches such as finite element models (Cheong & Butscher, 2019; Law, 2015).
The increasing availability of computational resources has enabled simulation models to rep-
resent systems in greater detail and across larger spatial and temporal scales (Pan et al., 2025).
However, this increased realism has also led to growing computational demands, particularly
when large parameter spaces must be explored for sensitivity analysis, scenario evaluation,
or optimization (X.-S. Yang et al., 2014).

Within the simulation literature, considerable research has focused on techniques for
analyzing and approximating simulation models. In particular, the concept of simulation
metamodels has been developed to describe statistical or machine learning models that
approximate the input—output behavior of computer experiments (Sacks et al., 1989). Such
surrogates have been applied to various simulation types, including agent-based models
(ABMs), discrete event simulations, finite element models, and process chains (Hiirkamp
et al., 2021; ten Broeke et al., 2021). For instance, Angione et al. (2022) compared eight
machine learning (ML) methods, including ANN, GPR, support vector machine (SVM), and
gradient-boosted trees (GBTs), to approximate the outputs of an ABM simulating social care
provision. They found that ANNs performed best in terms of predictive accuracy, especially
for larger datasets, while GBTs were more efficient to train. Hiirkamp et al. (2021) developed
surrogates for a high-dimensional finite element method and a discrete process chain sim-
ulation using RFs and decision trees (DTs). In both cases, RFs performed slightly better in
terms of prediction accuracy, while maintaining relatively low training times. In groundwa-
ter management, Christelis et al. (2019) compared single and multiple surrogate models for
optimization of pumping strategies. They found that while ensembles slightly outperformed
single surrogates, simple models like cubic radial basis functions (RBFs) and Gaussian Krig-
ing also delivered good solutions with minimal computational overhead. Stevanovic¢ et al.
(2024) contrasted XGBoost (XGB) and AANs in the context of building energy simulations.
While AANSs had slightly better predictive accuracy, XGB was more efficient and required
less tuning. Mukhtar et al. (2023) explored seven surrogate methods for aerospace design
and found that k-nearest neighbors and RF offered high accuracy with low training costs,
while GPR provided good uncertainty estimates but longer runtimes.

In the context of simulation-based optimization, Williams and Cremaschi (2021) evalu-
ated eight surrogate modeling techniques on benchmark functions with different shapes and
input dimensions. Automated learning of algebraic models (ALAMO), multivariate adaptive
regression splines (MARS), and GPRs were most accurate for surface approximation, while
RFs and SVMs were more reliable for identifying optimal values. The results depended on
the shape of the functions, the sample size and the input dimensionality. Wang et al. (2014)
similarly demonstrated that model performance depended on both sample size and problem
structure, with GPR and SVMs generally outperforming ANNSs on their benchmark problems.
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Also, Bashiri et al.’s (2022) study on surrogate model and sampling combinations on a multi-
objective car front crash scenario supports that no single method consistently outperforms
others.

These examples illustrate that there is no universally best surrogate modeling technique.
Instead, performance depends on factors such as input and output dimensionality, the size and
structure of the training data, the nature of the simulated system, and the modeling goal (e.g.,
prediction or optimization) (McBride & Sundmacher, 2019; Pietzsch et al., 2020; Williams &
Cremaschi, 2021). This observation is reinforced by several overview studies. McBride and
Sundmacher (2019) summarized surrogate modeling in chemical engineering and empha-
sized the importance of selecting models based on the application context. Pietzsch et al.
(2020) reviewed surrogate modeling for ABMs and identified model selection, uncertainty
handling, and implementation effort as key trade-offs. They concluded that GPR models per-
form well for prediction tasks but may require more effort than simpler ML models like RFs.
Trinchero and Canavero (2021) further found that model performance varied with noise levels
and output structure, with SVM and GPR showing strong performance across applications.
The nature of the data, whether static or time-related, also influences model choice. While
most surrogate models are trained on static input and output values, recent work has explored
time series-based modeling (e.g., Dearing, 2024; Zhao et al., 2023), particularly using deep
learning methods like LSTM and convolutional neural network-LSTM architectures.

The present study is related to several strands of the surrogate modeling literature. Like
Hiirkamp et al. (2021), it approximates an agent-based and discrete event simulation model
using static inputs, and like Angione et al. (2022), it focuses on predictive performance.
The present study builds on the insights from those studies but addresses two underexplored
challenges in combination. First, the output of the EoL EVB simulation model consists of
sequences of future quantities predicted for multiple time points. However, unlike classical
time series forecasting, there are no historical values of the output variables to use as inputs.
As a result, no time series-specific methods such as recurrent neural networks or autore-
gressive integrated moving average (ARIMA) models can sensibly be applied (Hyndman
& Athanasopoulos, 2021). Instead, standard machine learning techniques are used to either
predict all time steps at once or recursively: first predicting the outputs for the initial period,
then feeding those predictions into the model to predict subsequent periods. To the authors’
knowledge, it remains unclear how well such recursive strategies perform when no actual
predecessors exist, and all temporal structure must be inferred from static input features. Sec-
ond, this study addresses a multi-output prediction problem. Rather than focusing on a single
key performance indicator (KPI) or using aggregated outcomes over time, multiple KPIs
are predicted simultaneously, each disaggregated over five future time points. This increases
the modeling complexity substantially. Angione et al. (2022) have identified multi-output
prediction as a research gap in the context of surrogate modeling for ABMs. By exploring
both an all-at-once and a recursive approach in this setting, this study contributes to closing
this gap and offers guidance for applications where simulation outputs are time-related but
not based on sequential observations.

3 Material and methods
This section begins with a description of the simulation model that serves as the basis for

surrogate modeling. The overall methodological procedure is then outlined (cf. Figure 1).
1First, the experimental design is defined, and simulation runs are carried out accordingly.
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h . . . ML modeling K
Experiments and simulations preprocessing and analysis

Fig. 1 Outline of the procedure

The resulting data is then preprocessed to prepare it for machine learning modeling. The
final step, which is analyzing and comparing the performance of the surrogate models, is
addressed in the subsequent results section.

3.1 Simulation model for approximation

The simulation model to be approximated is introduced in Huster et al. (2025) and
briefly summarized in the following. It is a mixed-methods model consisting of dis-
crete event and agent-based elements (cf. Figure 2). The model takes a vector of

149 parameters as an input. This vector contains assumptions on EV sales numbers from
2015 to 2050, on the lifespan of EVs and EVBs, on recycling, repurposing and recondition-
ing costs, recycled content requirements and other aspects. As EV adoption is beyond the
scope of the simulation study, external projections of EV sales are used as input parameters.
Starting the simulation in the past (2015) acts as a warm-up period and ensures that the model
is populated with a realistic stock of EVs at the beginning of the analyzed period. The time
horizon until 2050 was chosen because EVs and their batteries have long lifetimes and circu-
lar activities such as repurposing and recycling occur with considerable delays. In addition,
many policy targets and regulatory frameworks in the energy and mobility sector, including
EU climate targets, are defined with a horizon up to 2050 (European Commission, n.d.). A
complete table of the inputs is included in the Supplementary Material. The discrete event
logic depicts the material flow of EVs and EVBs through the lifecycle stages of production,
usage, rebuilding, repurposing and finally recycling. The agent-based elements account for
the behavior of consumers, business entities and legislative bodies. Consumer behavior is

Input vector Basic simulation logic D Time series output
parameter 1 Dlst‘:rete event»slmulatlon ] ) ; ®
Vehicle production : Vehicle recycling g
— — ’Q
I @
parameter 49 Usage %
= Battery recyclin 5

General assumptions, e.g., EV || Battery PTOdUC“C‘”’V A~ v eeyeing é’

sales 2015-2050 hd °

Assumptions about E‘!} 2

« vehicles, e.g., expected 2 - E
lifespan, minimum rest-of- Battery rebuilding Z) i | |
life for battery replacement !

« Dbatteries, e.g., cathode ff’ S P PP
development, quality of Repurposed battery DD D
reconditioned batteries M Battery

« customers, e.g., decision q 5 . .
rules for or aggainst Vehicle without " Demand for replacement batteries (with B Battery retumns total
reconditioned batteries battery additional rules, e.g., concerning vehicle age ) Reconditioned battery

+ costs and revenues, e.g., Il Vehicle with battery 2Supply of reconditioned batteries supply
recycling margins for T . . Reconditioned battery
different cathodes Entities in the model for agent-based simulation elements demand

« law, e.g., magnitude of - :
minimum recycled content Battery n Vehicle m Cuslomerm Busmess Workshop ¥ Repurposed batteries
shares entit Recycled batteries

.

Fig. 2 General simulation logic (reprinted from Huster et al. (2025) with minor adjustments to the arrow labels,
License: CC BY 4.0)
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represented through decisions regarding battery replacement in case of battery failure. Based
on a survey with 837 complete responses (Huster et al., 2024b), utility functions were derived
for the options of replacing the battery with a new battery, replacing it with a reconditioned
battery, or replacing the entire vehicle. These utility functions depend on the vehicle and bat-
tery price, as well as the expected lifespan and environmental impact of the respective battery
option. Business entities, mainly OEMs and car workshops, are modeled as decision-makers
primarily driven by economic considerations, which were derived from 19 interviews and a
survey with 58 participants. These considerations include, for instance, reconditioning costs
and warranty periods. The legislative actor considered in the model is the EU through the
EU Battery Regulation, thereby setting the regional focus to the EU. The regulation requires
minimum recycled content quotas in new batteries from 2031 onwards (European Parliament
and European Council, 2023), and the simulation model allows these percentages to be var-
ied. Hence, the stakeholder behavior and key model parameters are grounded in empirical
data collected through surveys and interviews, as well as in European legislation, thereby
supporting the face validity and realism of the model. More detailed information about the
stakeholders and their modeling can be found in Huster et al. (2025). The outputs of the model
are the numbers of returning batteries, reconditioned battery supply, reconditioned battery
demand, repurposed and recycled batteries, each of the KPIs for the years 2025, 2030, 2050.
The intermediate years can be interpolated. To further validate the model, the assumptions
and simulation results were presented and discussed in an expert workshop involving 12
participants from industry, industry associations, and academia. The experts confirmed the
overall plausibility of the modeled mechanisms and identified no major conceptual gaps. In
addition, key trends observed in the simulation results are consistent with findings reported in
related studies (e.g., Kastanaki and Giannis (2023) on the supply of reconditioned batteries;
Engel et al. (2019) on the supply of repurposed batteries).

The model is implemented using the simulation software AnyLogic 8.9.3 University. The
duration of each simulation run depends on the input parameters, particularly concerning
the projected EV sales from 2015 to 2050. On average, a simulation run is expected to
take approximately ten minutes on a workstation equipped with an Intel Core 19-14900 K
processor (24 cores, 32 threads, 3.2 GHz) and 192 GB of RAM. Due to the stochastic nature
of the model, multiple replications are required to reduce stochastic variation in the output
KPIs. In this study, three replications were conducted for each input vector, resulting in an
evaluation time average of 30 min per vector. This choice represents a compromise between
reducing stochastic variability and maintaining computational feasibility. Furthermore, each
simulation run represents the lifecycle of thousands of EVs and EV batteries, meaning that
stochastic elements such as battery lifetimes are sampled many times within a single run,
which contributes to stabilizing the aggregated KPIs.

3.2 Design-of-experiments

To generate a dataset for training and testing surrogate models, various experimental design
approaches can be considered, such as (fractional) factorial designs or space-filling designs.
The choice of design should take into account the specific problem, the number of input
factors, and the expected structure of the data (Montgomery, 2012). For example, the objec-
tive may be to screen influential factors or to optimize inputs toward a predefined target,
and factor effects may be assumed to be linear or nonlinear depending on the modeling con-
text (Montgomery, 2012). In the case of generating training data for surrogate models based
on the discrete event and agent-based simulation described in Sect. 3.1, the relationships
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between the 49 input factors and the multiple output indicators are not known in advance,
and linearity, as assumed in 2 ¥-factorial designs, cannot be assumed a priori. Following
the recommendation by Santner et al. (2018) that “[bJecause one does not know the true
relationship between the response and inputs, designs should allow one to fit a variety of
models and should provide information about all portions of the experimental region”, a
space-filling design is chosen. This aligns with findings by Choi et al. (2021), who identify
Latin Hypercube Sampling (LHS), a space-filling design, as more effective than factorial
designs for metamodel construction. Among space-filling strategies such as LHS, Sobol,
and Halton sampling, Williams and Cremaschi (2021) report minimal approximation perfor-
mance differences across designs. Therefore, LHS was selected for this study. LHS allows
comprehensive coverage of the input space and is well-suited for high-dimensional problems
(Huntington & Lyrintzis, 1998; Santner et al., 2018). Specifically, a maximin LHS design
was selected to maximize the minimum distance between points (Sheikholeslami & Razavi,
2017). This design was created using Matlab’s “lhsdesign” function (The MathWorks, Inc.,
n.d.-a). For each simulation run, one value is randomly sampled from a predefined range of
each input parameter. The resulting set of sampled values forms a parameter vector that is
used for one simulation run. Thus, the parameter ranges are not varied within a simulation
run but define the domain from which the input values are sampled across runs. The ranges
of the values for the 49 parameters are detailed in the Supplementary Information. Following
the guideline by Loeppky et al. (2009), which recommends using at least ten times as many
experiment runs n as input dimensions d (n = 10d), 490 design points were generated for
49 input parameters. To account for stochasticity in the simulation model, each configura-
tion was repeated three times, resulting in a total of 1,470 simulation runs. The computing
time was approximately eleven days. KPIs of the replicated simulation runs were averaged,
resulting in a dataset with 490 observations for training and testing.

3.3 ML modeling and algorithm

As delineated in Sect. 1, various methodologies for approximating the input—output relation-
ship of the EVB EoL simulation model are evaluated. These methodologies include:

1. Treating both input and output features as static, whereby all output features are predicted
simultaneously using machine learning techniques (case name: all-at-once (aao)).

2. Conducting multiple one-step-ahead forecasts, in which several static models are trained,
each predicting one timestep ahead, thereby incorporating the temporal component (case
name: recursive (rec)).

In all methodologies, the data is preprocessed by splitting it into training and testing sets,
and by scaling the input features. Splitting is done using an 80:20 ratio, with 80% of the
490 instances allocated for training and 20% for testing. This approach is widely adopted
(e.g., Hirkamp et al., 2021; Nakano & Liu, 2025; Pietukhov et al., 2023). To enhance the
reliability of the metrics derived from the model testing, the procedure of data splitting, model
training on the 80% training subset, testing on the 20% testing subset, and metric acquisition
is conducted thrice. Subsequently, the metrics from each independent train-test iteration are
averaged. This approach is similar to Wang et al. (2019), who trained three models on the same
train-test split to evaluate the reliability of predictions made with the approximated models.
For one of the three 80:20 splits, the histograms of the training and testing data for each output
parameter are depicted in the Supplementary Information. The metrics monitored include the
R? value, MSE, RMSE, and computational time. These metrics are then averaged across the
three model replications. For each split, the input and output features are scaled based on the
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training data to facilitate accurate model estimation. Given that no single scaling method is
universally optimal (De Amorim et al., 2023; Mueller et al., 2023), various methods including
the StandardScaler, the QuantileTransformer and a log transformation were evaluated. The
StandardScaler produced the most favorable results concerning R2.

3.3.1 All-at-once estimations (aao)

When considering the output features as static and estimating them simultaneously (cf.
Figure 3), a variety of machine learning methods can be employed, such as ANNs, GPR
or RFs (Angione et al., 2022). To obtain a preliminary assessment of the suitability of differ-
ent models for the given dataset, a pre-screening was conducted using MATLAB'’s built-in
Regression Learner (The MathWorks, Inc., n.d.-b). 28 models were estimated for each of the
KPIs for a single timestep (e.g., “Battery returns total” for 2025, “Recycled batteries” for
2030, “Reconditioned batteries” for 2035, etc.). In terms of both R? and RMSE, various types
of ANNSs consistently demonstrated the best fit, followed by GPRs with different kernels and
tree-based models. SVMs were found to be the least suitable models.

Following the preliminary screenings, ANNs, GPR, RFs and XGB were selected as the
models under investigation. For comparative purposes with a simpler model, a DT model was
also evaluated. Except for XGB, all estimations utilized the scikit-learn libraries (Pedregosa
etal., 2011). Specifically, the MLPRegressor was employed for ANNSs, the GaussianProcess-
Regressor for GPRs, the RandomForestRegressor for RFs, and the DecisionTreeRegressor
for DTs. The XGBRegressor was used for XGBs (xgboost developers, 2022). Regarding
other model parameters, the following configurations were examined:

ANN : The size of the dataset is comparably small with 490 input—output combinations. On
small datasets, overly complex models can degrade model performance (Goodfellow et al.,
2016). Consequently, this study evaluates simple architectures featuring two, three, and four
hidden layers, initially configured with 128, 64, and 32 neurons, respectively, with the number
of neurons per layer being halved in subsequent configurations. For example, in the case of a
two-layer ANN, the architectures (128, 64), (64,32) and (32, 16) are examined. The activation
functions tested include all those available in the MLPRegressor library, specifically identity,
logistic, tanh and relu. Similarly, all implemented solvers (Ibfgs, sgd and adam) are used.

GPR: The primary parameter of GPR is the selection of the kernel, which defines
the covariance function of the Gaussian Process (scikit-learn, n.d.). The kernels evaluated
include: (1) a constant kernel combined with an RBF kernel, serving as a straightforward
default configuration (abbreviation: gpr_stand); (2) a Matern kernel, suitable for high-
dimensional input spaces (abbreviation: gpr_matern); (3) a rational quadratic kernel, offering
flexibility in length scales (abbreviation: gpr_ratQuad); and (4) a composite kernel integrat-
ing constant, RBF, and Matern kernels to capture more complex data patterns (abbreviation:
gpr_comb) (Eric P. Natsume, 2022; Xing et al., 2015).

RF and DT: For both RF and DT estimation, the squared error is employed as the criterion
for assessing quality. In the case of RF, it is also necessary to specify the number of trees
within the forest. Scikit-learn’s default value 100 is tested as well as the doubled quantity,
i.e., 200.

mmmmy Mooy mmmy momey momey
20301 20351 | 20401 | 20451 | 2050

aao e
| 49 static inputs —» 2025

Fig. 3 Schematic representation of the aao logic
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XGB: Given that multi-output regression remains in an experimental phase in XGBoost
3.0 (xgboost developers, n.d.), a separate model is constructed for each KPI and period
using Scikit-learn’s MultiOutputRegressor. This approach remains consistent with the other
models, as only the 49 input features are utilized for fitting each model.

3.3.2 Recursive estimations (rec)

The recursive estimations are designed to identify patterns in the output data by training six
models (rec 1 to rec 6), each tasked with predicting the KPIs for specific timesteps: 2025,
2030, 2035, 2040, 2045 and 2050. Each model for a given timestep ¢ utilizes the 49 static
input features and the simulated time-dependent features up to ¢ — 1 for training. For testing,
the 49 static input features are used and the predicted time-dependent features up to r — 1.
The architecture is schematically illustrated in Fig. 4. Note that the same 80:20 split is used
for fitting all models rec 1 to rec 6, ensuring no data leakage occurs between models for each
timestep. The same ML methodologies as those used in the aao approach are evaluated.
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Fig. 4 Schematic representation of the rec logic
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4 Results

This section presents a comparative analysis of the results obtained from the aao and rec
approaches, evaluated at an aggregated level across all KPIs and time periods, as well as at
the level of individual KPIs or periods. Subsequently, the feature importance for each KPI
within each period is assessed using an XGB model. These results are then employed to
estimate new surrogate models, utilizing only the ten most significant features for each KPI.

4.1 Comparisons and analysis of the aao and rec approaches

A total of 232 models were fitted, with 116 utilizing the aao approach and 116 employing the
rec approach. In 50% of the instances, the aao models demonstrated higher R? values, while
in the remaining 50%, the rec model exhibited better outcomes. On average, the aao models
required 11.6 s to fit and achieved an R? of 0.34 (minimum R?: -0.18 (DT); maximum R*:
0.69 (XGB)). The rec models took an average of 54.9 s to develop, and showed an average R?
of 0.41 (minimum R2: -0.30 (DT); maximum R2: 0.68 (GPR with composite kernel)). The
low R? values indicate that among the 232 models, some produced exceedingly poor results.
This is exemplified by the DT models, which even resulted in negative R? values, indicating
outcomes inferior to using the mean as a predictor (Wall, 2022). Additionally, there were
notable discrepancies in the accuracy of the ANN models. For further examination, only
the four aao models with the highest average R? values and their rec counterparts, as well
as the four rec models with the highest average R” values and their aao counterparts, are
considered. For the aao approach, this includes the XGB model (average R?: 0.69), an ANN
with two hidden layers (128 and 64 neurons), a logistic activation function and the adam
solver (average RZ: 0.68), and two GPR models, one with a Matern kernel and one with
a combination of kernels, both with an average R? of 0.67 For the rec approach, the four
most accurate models, each achieving an average R? of 0.68, are GPR models with the four
examined kernel types (cf. Sections 3.3.1 and 3.3.2). Furthermore, those ANN models that
deliver the best results concerning at least one KPI in a given year are included for both the
aao and rec approaches (cf. Figure 5 and Table 1). RF models are not considered further, as
their average R? values remain below 0.5 for both the aao and rec approaches.

Figure 5 presents an overview of the remaining models for further analysis. It is clear
that models excelling in the aao approach do not necessarily perform equally well in aao
estimations. For instance, nn29 and nn32 are neural networks utilizing logistic (nn29) and
relu (nn32) activation functions, both employing Ibfgs as a solver and comprising two hidden
layers with 128 and 64 neurons. While nn29 and nn32 rank among the top-performing neural
networks for the rec approach, they exhibit relatively weak performance for the aao approach.
Conversely, the aao XGB model emerges as the highest-performing model when averaged
across all KPIs and periods, yet it is significantly less effective for the rec approach. The
performance of the GPR models remains nearly constant across all examined kernels for
both the aao and rec approaches.

The observed differences between model types can partly be explained by their model-
ing characteristics. In the rec approach, separate models are fitted for each period, allowing
the models to adapt more easily to period-specific relationships between inputs and out-
puts. In contrast, the aao approach estimates all periods simultaneously with a single model
and therefore learns a joint relationship across time. Tree-based ensemble methods such
as XGBoost are well suited for modeling complex relationships and interactions between
variables (Chen & Guestrin, 2016), which may explain their stronger performance when

@ Springer



Annals of Operations Research

0.80 500
L]
0.70 50
0.60 400 g
350 £
¥ 0.40 250 ‘g
0.30 200 &
| o o 150
0.20

100 E

0.10 IR | S | | 50

0 o) D o) o}

VC & X O VW O AN Q0209090 9080 Q8 0
c,0‘0 ,g,@:‘ & (;@‘\ Q’\,Q Qo\’ Q«\'\’ (\o\’ & Q@’ Q@’ Q(\” & Q@’ N2
@lk/ *&Q‘/ N
%0303"’%

aao R? m recR? aaotime e rectime

Fig.5 R2 of selected surrogate models, averaged over all KPIs and all periods, and fitting time of each surrogate
model. gpr_comb: GPR with a combination of constant, RBF and matern kernels; gpr_matern: GPR with
matern kernel; gpr_ratQuad: GPR with rational quadratic kernel; gpr_stand: GPR with constant kernel with
a radial basis function kernel (RBF); nn100: neural network with two layers (64, 32 neurons), activation:
logistic, solver: adam; nn15: neural network with two layers (64, 32 neurons), activation: identity, solver: sgd;
nnl6: neural network with three layers (128, 64, 32 neurons), activation: logistic, solver: adam; nn17: neural
network with three layers (128, 64, 32 neurons), activation: logistic, solver: 1bfgs; nn2: neural network with
four layers (128, 64, 32, 16 neurons), activation: identity, solver: 1bfgs; nn28: neural network with two layers
(128, 64 neurons), activation: logistic, solver: adam; nn29: neural network with two layers (128, 64 neurons),
activation: logistic, solver: 1bfgs; nn32: neural network with two layers (128, 64 neurons), activation: relu,
solver: adam; nn5: neural network with four layers (128, 64, 32, 16 neurons), activation: logistic, solver: Ibfgs;
nn50: neural network with three layers (32, 16, 8 neurons), activation: identity, solver: 1bfgs; nn7: neural
network with four layers (128, 64, 32, 16 neurons), activation: relu, solver: adam; xgb: XGBoost

all periods are estimated simultaneously. GPR, in contrast, often assumes relatively smooth
functional relationships between inputs and outputs (Rasmussen & Williams, 2008), which
may make it well suited for modeling individual periods separately in the rec approach.
Neural network models provide a flexible framework for approximating complex nonlinear
functions, but their performance depends on the chosen network architecture and training
procedure (Goodfellow et al., 2016), which may explain the heterogeneous results observed
across models and approaches in this study.

The estimation times vary considerably between the models. While estimations using a
matern and a standard kernel configuration (cf. Section 3.3.1) require approximately 27 and
22 s in the aao case and 40 and 35 s in the rec case, the rec estimation with a combination of
kernels takes approximately 140 s, representing an increase by a factor of 3.5-4 compared
to the aforementioned kernels. Overall, it is noteworthy that rec model estimations are more
time-intensive than aao model estimations. On average, among the models depicted in Fig. 5,
it took 21 s to construct the aao models, and 51 s for the rec models. This 140% increase
in model building time resulted in an average R? increase of 5% and an RMSE reduction
of 3%. In the following, results are reported using R?. corresponding figures and tables for
MSE and RMSE are provided in the Supplementary Information.

Even the best-performing models exhibit relatively low R? values when averaged across
all KPIs and years. Figure 6 a-c provides an overview of the R? values for three of the KPIs
across the six examined periods, averaged over all models. On average, the models predict
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Table 1 Best models per KPI, averaged over all periods

KPI aao/rec Model name R2 Estimation time
all 2ao xgb 0.6870 10.31
rec gpr_comb 0.6820 140.71
Battery returns total aao nn28 0.8070 12.83
rec gpr_comb 0.8105 140.71
Recycled batteries aao nn28 0.7266 12.83
rec gpr_comb 0.7026 140.71
Repurposed batteries aao nn28 0.6891 12.83
rec nn29 0.6861 37.80
Demand for reconditioned batteries aao xgb 0.6157 10.31
rec nn32 0.5021 21.53
Supply of reconditioned batteries aao nn28 0.4820 12.83
rec nnl100 0.4857 54.99

aao, all-at-once approach; gpr_comb, Gaussian process regression with a combination of constant, radial basis
function and matern kernels; nn28, neural network with two layers (128, 64 neurons); activation, logistic;
solver, adam; nn29, neural network with two layers (128, 64 neurons); activation, logistic; solver, Ibfgs; nn32,
neural network with two layers (128, 64 neurons); activation, relu; solver, adam; nn100, neural network with
two layers (64, 32 neurons); activation, logistic; solver, adam; rec, recursive approach; xgb, XGBoost

the total number of battery returns (Fig. 6 a, d) with significantly greater accuracy than the
demand for reconditioned batteries (Fig. 6 c, f). Specifically, the total number of battery
returns is predicted with an R? of approximately 0.8 for the years 2025 and 2030 for rec
models, and an R? of 0.7 for aao models (c.f. Figure 6 a). The average R? of the KPI “Total
number of returning batteries” decreases over the years to R>220.67 for rec models and 0.62
for aao models. Figure 6 d illustrates the corresponding simulated-versus-predicted graph for
the 2035 period and the gpr_stand model, showing that the ML predicted values fall within
an acceptable range compared to the simulated values. The decline in prediction accuracy
over time can be attributed to the structure of the simulation model being approximated.
This model takes 49 parameters as input, which remain constant throughout the simulation
runtime (cf. Section 3.1). However, certain parameters only become relevant at later points in
time. For instance, recycling quotas are introduced in 2031 and 2036, in accordance with the
EU Battery regulation. Consequently, the surrogate models may disregard some information
in earlier periods but must account for their influence and the noise they introduce in later
periods. Also, as the simulated EV fleet grows and more lifecycle pathways become possible,
the output variability increases, which makes the approximation task more challenging for
the surrogate models.

Figure 6 c illustrates that the ML models possess limited predictive power regarding
the KPI “Demand for reconditioned batteries.” The average R? values exhibit a modest
increase from approximately 0.3 in 2025 to 0.45 by 2050, yet they remain insufficient.
Figure 6 f complements this by displaying the simulated-versus-predicted plot for 2035
using the gpr_stand model. Interestingly, the predictive capability improves over time rather
than diminishes. This trend is likely due to the fact that reconditioning is considered viable
only from 2030 onwards in some training and testing datasets, leading to a weaker non-
zero data foundation in earlier years. Various combinations of input features can result in
minimal or no reconditioning. For example, OEMs may choose not to use reconditioned
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Fig. 6 a-c: Average RZ over time of all models for a total number of returning batteries, b number of recycled
batteries, ¢ demand for reconditioned batteries. d-e: simulated-vs-predicted plots for period 2035, determined
with the rec gpr_stand model, for d) total number of returning batteries, e) number of recycled batteries,
f) demand for reconditioned batteries. aao: all-at-once approach; rec: recursive approach

batteries for warranty purposes, repurposing or recycling might be more lucrative, or the
average battery lifespan could surpass that of vehicles. These scenarios are realistic and
should be included in the training and testing datasets. However, this inclusion results in
numerous zero or near-zero values (cf. Supplementary Information for the histograms of
the KPI values), and given the high number of input features, it is challenging for surrogate
models to extract meaningful insights from the remaining data during training. The authors
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opted not to enhance the dataset with additional non-zero values for reconditioning KPIs
through adaptive sampling, as the data scarcity also highlights the limitations of sampling
for multiple KPIs (cf. Section 3.2), which should not be concealed. The prediction accuracy
of the number of recycled batteries (Fig. 6 b and e) is intermediate between that of the total
battery return numbers and the demand for reconditioned batteries. The moderate decline
in R? over time can similarly be explained by increasing variability in recycling flows with
a growing EV fleet and with additional lifecycle pathways becoming available. As more
combinations of input parameters influence recycling outcomes in later years, the surrogate
models face a more complex mapping between inputs and outputs. Thus, the underlying
simulation dynamics help explain the patterns observed in Fig. 6. Not shown are the figures for
the KPIs "Repurposed batteries", which have accuracy measures similar to those of recycled
batteries, and "Supply of reconditioned batteries", which perform similarly to "Demand for
reconditioned batteries".

Although the rec and aao approaches are expected to yield similar results for the first period,
small but systematic differences can still occur. One reason is that the training processes differ
slightly between the two approaches: in the rec approach, models are fitted separately for
each period, while in the all-at-once approach, a single model is trained to predict all periods
simultaneously. Moreover, even slight variations in the treatment of training data, such as the
independent standardization of input features and target variables for each period compared
to a collective standardization across all periods, can result in moderate differences in model
performance.

Table 1 presents the models with the highest performance, as determined by the R? val-
ues averaged across all periods, for each of the evaluated KPIs. The data indicate that the
models with the best overall performance (XGB for the aao approach and gpr_comb for the
rec approach) also demonstrate superior accuracy for certain, though not all, KPIs. Notably,
neural networks in various configurations are among those achieving the highest R? values.
These networks consistently feature only two dense layers, either (128, 64) or (64, 32), sup-
porting the literature’s findings that excessively complex models may compromise accuracy
due to overfitting (Goodfellow et al., 2016). Of the AANS, three utilize a logistic activa-
tion function, while one employs a relu activation. Additionally, two networks use the adam
solver, and two utilize Ibfgs.

Evaluating KPIs individually across periods shows that certain models consistently per-
form better than others. Figure 7 presents the maximum R? values achievable for each KPI
and year. The xgb model, fitted through the aao approach, emerges as the most effective
model when averaged across all KPIs and is also the leading model for nine out of the 30
targets. Equally frequently, the aao nn28 model, a neural network with two layers (128 and 64
neurons), activated by a logistic function and utilizing the adam solver, is identified as the top
performer. The rec GPR model, which employs a combination of kernels (cf. Section 3.3.1),
ranks as the next most successful model. Additional neural networks using a rec approach
are recognized as the most effective for the remaining targets.

4.2 Feature engineering

While conducting a comprehensive examination of the significance of features for the original
simulation model (cf. Section 3.1) through extensive sensitivity analysis would be exceed-
ingly time-consuming, certain surrogate models offer inherent feature importance rankings.
For instance, XGB models assess importance as the “fractional contribution of each feature
to the model based on the total gain of this feature’s splits” (Chen et al., n.d.). To extract the
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Fig.7 R? of the best performing surrogate model per KPI and year. aao: all-at-once approach; gpr_comb:
Gaussian process regression with a combination of constant, radial basis function and matern kernels; nn5:
neural network with four layers (128, 64, 32, 16 neurons), activation: logistic, solver: Ibfgs; nn7: neural network
with four layers (128, 64, 32, 16 neurons), activation: relu, solver: adam; nnl7: neural network with three
layers (128, 64, 32 neurons), activation: logistic, solver: 1bfgs; nn28: neural network with two layers (128,
64 neurons), activation: logistic, solver: adam; nn50: neural network with three layers (32, 16, 8 neurons),
activation: identity, solver: Ibfgs; nn100: neural network with two layers (64, 32 neurons), activation: logistic,
solver: adam; rec: recursive approach; xgb: XGBoost

feature importance for each of the five KPIs across six periods, an XGB model was estimated
for each KPI and period using the aao approach, resulting in 30 models. Subsequently, the
feature importance for each model was determined. This analysis revealed that among the 49
features, 16 never appear among the top ten most important, whereas the remaining 33 do at
least once. The feature most frequently appearing in the top ten list (29 out of 30 instances)
is the life expectancy of NCx batteries, referring to batteries with Nickel-Manganese-Cobalt
(NMC) or Nickel-Cobalt-Oxide (NCO) cell chemistry. Additionally, the decisions by OEMs
regarding the use of reconditioned batteries for warranty cases and the proportion of batteries
damaged beyond repair are also significant, appearing 23 and 20 times, respectively, in the
top ten for various KPIs and periods. Furthermore, EV sales data from 2020 to 2035 and
the average vehicle lifetime are mentioned in the top ten at least ten times. The relevance of
these KPIs appears justified. The simulation encompasses a timeframe extending to the year
2050. In the initial years, NCx batteries are among the most frequently sold EVBs, making
their average lifespan critical for the period when these batteries are returned and poten-
tially repurposed for a second-life application. The average battery lifespan varies across the
experiments, ranging from 6 to 20 years. Consequently, EV sales data from years immedi-
ately preceding the end of the examined timeframe are less important than those from earlier
years.

To mitigate noise potentially introduced by an excessive number of features, each period of
each KPI is approximated using an XGB surrogate model that incorporates only the ten most
significant features for that specific KPI and period. The outcomes are depicted in Fig. 8 and
are compared with the results derived from estimations utilizing all 49 features. On average,
the models employing ten features exhibited a 6.6% decrease in performance compared to the
49-feature models. However, this overall average does not accurately represent performance at

@ Springer



Annals of Operations Research

xgb all features

0.9
0.8 B xgb top 10 features
0.7
0.6
% 0.5
0.4
0.3
0.2
0.1
0
wn O n O n O n O un o n O n O 1n O 1n O n O
o~ n N oo o & S v N <I‘ LDNMMQ'Q‘WNMMQ‘#LD
o o o o S o o 23999 o o o S o
NNNNNNNNNNNNNNNNNNNN NNNNNNNNN
Repurposed Recycled Reconditioned Reconditioned Returns total

demand supply
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the KPI level. The differences are relatively minor for repurposed batteries (—2.9%), recycled
batteries (—3.0%), the supply of reconditioned batteries (—3.6%), and the total number of
returning batteries (—1.8%). In contrast, the performance for the demand for reconditioned
batteries declines significantly (—22.6%). This indicates that for most KPIs, areduced number
of features suffices without substantial information loss, whereas for reconditioned battery
demand, a greater number of features is necessary. The reduced-feature approach necessitates
the determination of feature importance, which involves fitting models with all features.
Therefore, it would only be considered beneficial if the additional estimation step enhances
accuracy rather than diminishes it.

5 Discussion

The results of this study highlight both the opportunities and limitations of using ML tech-
niques to approximate a simulation model for predicting EoL. EVB quantities. While the
overall performance of the surrogate models varied considerably across KPIs and periods,
several consistent insights emerged and suggest avenues for further research.

First, the generally low R? values across models and KPIs point to the inherent difficulty
of the problem at hand. The input data is static, while the outputs are sequential but lack
temporal predecessors. This creates a setting that cannot be fully addressed by conventional
static regression or standard time series forecasting techniques. Moreover, the dataset size
(490 samples) represents a limitation of this study and may have constrained model per-
formance. Preliminary experiments with additional preprocessing steps, such as logarithmic
transformations, did not lead to consistent improvements in predictive performance. This
suggests that the main limitation lies less in the preprocessing of the dataset and more in
the limited number of simulation samples and the complexity of the underlying input—output
relationships. Although the number of samples is in line with surrogate modeling literature
(e.g., Loeppky et al., 2009), this size may be insufficient for capturing complex, nonlinear
relationships, especially when outputs interact strongly or are dominated by zero values, as
seen in the reconditioning-related KPIs, which represents an additional challenge and limita-
tion for surrogate modeling in this setting. Several contributions in the literature emphasize
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the value of adaptive sampling, where training points are iteratively added in regions of high
model uncertainty or near optima. For example, Wang et al. (2014) showed that adaptive
sampling significantly improved model performance for both surface approximation and
optimization tasks. Similarly, ten Broeke et al. (2021) employed adaptive sampling in ABM
analysis to efficiently explore tipping points. Future work could explore whether larger simu-
lation datasets, adaptive sampling strategies, more extensive data preprocessing, or alternative
machine learning approaches enhance surrogate performance in settings like ours. The pre-
sented approach can serve as a basis for further developments in data-driven circular economy
modeling.

Second, although recursive models achieved slightly higher average performance than
the aao approach, they required longer estimation times. However, all models in this study
were trained within a few seconds to two and a half minutes, meaning time savings are
not practically relevant in this setting. The benefits of faster training times become more
important with larger datasets or extended feature sets.

Third, model performance varied across KPIs, and the results also reveal differences in the
suitability of individual surrogate modeling techniques. Predictions for total battery returns
were relatively accurate across most models, likely due to more stable relationships between
inputs and outputs and the comparatively large number of non-zero observations. In contrast,
demand for reconditioned batteries proved harder to model, likely because it depends on
multiple interacting features, including policy assumptions, OEM decisions, and compet-
ing end-of-life pathways. These assumptions are inherited from the underlying simulation
model described in Huster et al. (2025). Looking at the individual surrogate models, GPR
models achieved comparatively stable results across KPIs and years and were frequently
among the better-performing models, particularly within the recursive approach. For the aao
approach, the XGBoost model reached the highest average accuracy across KPIs. Neural
network models with relatively simple architectures also performed well for several outputs
and showed particularly good performance for KPIs related to repurposed and reconditioned
batteries. These outputs depend on a larger number of interacting input factors and contain
fewer informative observations than more aggregate outputs such as total battery returns
or recycled batteries, which may explain why more flexible model structures achieved bet-
ter results for these targets. Overall, these findings suggest that GPR models represent a
robust general-purpose choice for approximating the outputs of the simulation model, while
XGBoost provides a strong alternative for the aao approach. For outputs characterized by
sparse observations and stronger nonlinear dependencies, such as repurposing and recondi-
tioning demand, neural network models may offer advantages. At the same time, the unequal
accuracy among the KPIs suggests that surrogate modeling is not equally effective across
all types of outputs, and more specialized modeling strategies may be required for sparse or
volatile targets. This also highlights that the suitability of a given surrogate model ultimately
depends on the characteristics of the underlying data and the specific prediction task. The
present study therefore provides a structured approach for comparing and selecting surrogate
models in similar settings, rather than identifying a universally optimal method.

Fourth, feature selection results indicate that dimensionality reduction can be useful,
though its benefits are KPI-specific. Using only the ten most important features preserved
model accuracy for several outputs, such as recycled and repurposed batteries. However, this
strategy significantly reduced performance for reconditioning demand, pointing to a need for
richer input representations when modeling outputs are shaped by multiple interdependent
factors.
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Overall, the results highlight both the potential and the limitations of using surrogate
models to approximate complex simulation outputs in this setting. The relatively small train-
ing dataset, the high dimensionality of the input space, and the sparsity of several KPlIs,
particularly those related to reconditioning, represent important limitations that likely con-
strained predictive performance. In addition, the surrogate models approximate the behavior
of a single simulation model and therefore inherit the assumptions embedded in that model,
including policy assumptions and behavioral rules of stakeholders. Despite these limitations,
the surrogate models developed in this study can substantially accelerate simulation-based
evaluations. Given that each simulation run takes approximately ten minutes, surrogate mod-
els, especially those with acceptable accuracy, can drastically reduce computation time in
tasks such as optimization, sensitivity analysis, or policy testing to the fraction of a second.
This opens the door for more agile planning in contexts where historical data is sparse, but
future-oriented decisions are necessary, such as in early-stage circular economy strategies.

Future work should explore enhancements to model architecture and training. This
includes experimenting with hybrid approaches that combine ML with system-specific
knowledge, testing architectures more suited to sparse or structured outputs, and evaluating
performance on larger datasets. Furthermore, applying the surrogate models within opti-
mization frameworks or interactive scenario tools would demonstrate their practical value
more fully. Expanding this research to other domains with similar data challenges, such as
resource planning, critical material recovery, or other product reuse systems, would help test
the robustness and generalizability of the approach.

6 Conclusion

This study addressed the challenge of accelerating scenario analysis in a discrete event
and agent-based simulation model used to forecast end-of-life quantities of EV batteries.
The simulation model estimates the availability of batteries for recycling, repurposing, and
reconditioning from 2025 to 2050 based on 49 static input parameters, including EV sales pro-
jections, battery lifetimes, and economic assumptions. While this approach offers a detailed
representation of second-life battery pathways, its computational demands limit the feasi-
bility of extensive sensitivity analyses and parameter optimization. To reduce runtime and
support broader scenario exploration, machine learning-based surrogate models were tested
as an approximation of the simulation’s input—output relationships. Two modeling strate-
gies were compared: predicting all time steps simultaneously, and a recursive approach that
forecasts time steps sequentially using prior predictions.

Results showed that neither approach was universally superior. Recursive models achieved
slightly higher average accuracy (R? of 0.41 vs. 0.34) but required longer training times (on
average 140% longer). Still, with training durations under three minutes for all models, this
trade-off was practically irrelevant for the given dataset. Among the algorithms, XGBoost
performed best in the all-at-once setup with regard to accuracy (R%: 0.69), while Gaussian
process regression was most accurate in the recursive approach (R?: 0.68). Neural networks
also performed well in both setups when kept relatively simple, whereas decision trees consis-
tently underperformed. Prediction accuracy varied strongly across output indicators. Battery
return volumes were estimated with high reliability, while reconditioning demand and supply
proved more difficult due to sparse and volatile simulation outputs. Feature reduction using
XGBoost importance rankings worked well for most KPIs but significantly hurt performance
for reconditioning demand.
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The results suggest that surrogate models are a viable tool for reducing simulation com-
plexity in second-life battery studies. They may support early-stage planning and scenario
analysis where empirical data is scarce and a wide range of possible developments must be
considered. Future research should investigate adaptive sampling strategies, hybrid architec-
tures, and optimization performance to extend these insights to more complex and dynamic
circular economy applications.
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