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Abstract— This paper introduces a machine learning (ML)-aided optimization framework aimed
Article History: at improving the performance of all-inorganic perovskite solar cells (PSCs) utilizing CsPbls. More
Received: 02-01-2025 than 55,000 high-throughput simulations were performed with SCAPS-1D to assess how layer
thickness and defect density influence device performance. Through the application of XGBoost
Revised: 25-02-2025 and SHAP (SHapley Additive explanations) analysis, it was determined that the thickness of the
Accepted: 20-03-2025 perovskite layer and the intrinsic trap density are the key parameters that significantly impact power
conversion efficiency (PCE). An ideal perovskite thickness of around 2 um improved photon
absorption and current generation, while keeping defect densities below 1 x 10° cm™, which
significantly enhanced carrier diffusion. The XGBoost model demonstrated outstanding predictive
capabilities (R?=0.999, RMSE = 0.0010), allowing for precise and swift PCE estimation. With this
machine learning framework, the predicted PCE rose from 15.15% to 19.16%. The suggested
method promotes efficient device design, minimizes experimental iterations, and showcases the
potential of data-driven techniques for wider applications in photovoltaics, batteries, and energy
systems.
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I. INTRODUCTION

In light of the urgent need to address climate change and the continuous increase in global energy demands,
both governments and scientists have recently emphasized the significance of renewable energy technologies. Solar
photovoltaics (PV) stand out as a viable long-term solution due to their accessibility, scalability, and environmental
advantages. Over the past decade, perovskite solar cells (PSCs) have transformed the solar industry. They have
lowered production costs, streamlined processing, and significantly enhanced their power conversion efficiency
(PCE). Currently, thin-film and silicon-based technologies are facing intense competition from these perovskite
materials, thanks to their remarkable optoelectronic characteristics, which include tunable band gaps, extended
diffusion lengths, and high absorption coefficients. PSCs are particularly appealing as they can be integrated with
silicon to achieve greater energy outputs and are utilized in lightweight, flexible solar modules. This makes them
extremely advantageous for a wide range of next-generation applications [1]. However, despite their promising
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potential, PSCs still encounter several notable challenges. Their organic components are sensitive to climate
conditions, possess a limited lifespan, and may pose risks due to lead content. In light of the urgent need to address
climate change and the continuous increase in global energy demands, both governments and scientists have
recently emphasized the significance of renewable energy technologies. Solar photovoltaic (PV) are an excellent
sustainable alternative due to their abundance, environmental friendliness, and scalability. Over the past decade,
perovskite solar cells (PSCs) have changed the dynamics of the solar industry. They have rapidly enhanced their
power conversion efficiency (PCE), simplified processing, and reduced production costs. Thanks to their
outstanding optoelectronic properties, such as long diffusion lengths, tunable band gaps, and high absorption
coefficients, perovskite materials are now strong competitors to traditional thin-film and silicon-based technologies.
Perovskite solar cells (PSCs) offer impressive features such as flexible and lightweight solar modules, along with
tandem combinations with silicon that enhance energy yields, making them beneficial for various next-generation
applications. However, despite their significant potential, PSCs face several critical challenges. For example, they
have a limited lifespan, their organic materials are sensitive to environmental conditions, and they contain lead,
which poses toxicity risks. To address these challenges, it is essential to enhance device engineering and material
design, as well as to utilize advanced computational methods to expedite the discovery and optimization processes.
To navigate these issues, we must identify quicker approaches to leverage computational power for discovery and
optimization tasks. Additionally, modifications to device engineering and material design are necessary [2].

The application of artificial intelligence (Al), particularly through machine learning (ML) techniques, has initiated
a significant transformation in the fields of materials science and photovoltaic research. ML possesses the capability
to make predictions that surpass the limitations of traditional trial-and-error experimentation by identifying intricate
patterns within extensive datasets. In the realm of perovskite solar cell (PSC) research, ML has been employed to
expedite the discovery of high-performance perovskite compounds and device architectures by modeling the
relationships between material composition, structure, and photovoltaic performance. By leveraging data-driven
algorithms, scientists can virtually evaluate numerous devices, anticipate the behavior of new material
combinations, and identify performance issues that may have otherwise gone unnoticed. An increasing number of
researchers are integrating Al to enhance their research methodologies. This collaborative model fosters innovation
through the synergy of computer intelligence and human expertise in a more systematic and efficient manner.
Machine learning has proven beneficial in PSC research through two primary avenues: enhancing device
performance and aiding in the discovery of new materials. By utilizing ML models trained on datasets encompassing
electrical, compositional, and structural information, we can forecast various properties within the first domain,
including band gap, stability, and carrier mobility. For instance, computational simulations can be conducted to
assess the impact of modifications at the A-site or X-site of the ABX; perovskite structure on optoelectronic
behavior. These predictive models facilitate the development of new lead-free alternatives or more stable all-
inorganic perovskites by reducing the experimental burden. In the second domain, machine learning algorithms are
employed to estimate electrical parameters at the device level, such as open-circuit voltage (VOC), short-circuit
current density (JSC), fill factor (FF), and overall power conversion efficiency (PCE). By analyzing the influence
of factors like layer thickness, defect densities, and interface quality on PSC performance, machine learning can
contribute to the design of more robust and durable devices.

Machine learning is increasingly utilized in modeling deterioration, aiding our comprehension of long-term stability
when confronted with environmental challenges such as humidity, UV radiation, and temperature fluctuations [4].
Perovskite materials consist of crystals characterized by the ABX; structure. In this configuration, "A" represents a
monovalent indicating it possesses a single positive charge. Examples include methyl ammonium, formamidinium,
caesium, or rubidium. The "B" component is a divalent metal, which carries two positive charges, with examples
being lead, tin, germanium, or copper. The "X" denotes a halide anion, which has one negative charge, with
examples such as iodide, bromide, or chloride. The material's structural flexibility allows researchers to modify the
band gap, stability, and other critical properties by mixing or substituting. For example, substituting methyl
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ammonium with caesium enhances the material's thermal stability. Incorporating bromide or chloride alters the
absorption range. Currently, there is significant interest in all-inorganic forms of lead-based hybrid perovskites due
to their instability and toxicity. Nevertheless, these materials have demonstrated promising photo catalytic
electrochemical reactions (PCEs) in both mesoporous and planar architectures. CsPbls has emerged as a frontrunner
in this domain, as it effectively manages defects, operates at elevated temperatures, and maintains stability at
temperatures exceeding 400 °C. Recent advancements, including dual defect passivation, stabilization of the y-
phase under standard conditions, and solution processing applicable in normal conditions, have led to efficacy
certifications for CsPbl-PSC surpassing 21%. Nonetheless, the intrinsic and interfacial defects present in perovskite
devices significantly impair their performance. Numerous defects, such as iodide vacancies and under coordinated
Pb?* sites, contribute to phase instability and lead to non-radiative recombination, which severely diminishes the
device's efficiency. Consequently, extensive research has been directed towards mitigating these issues through
defect engineering and passivation techniques. Furthermore, the selection of charge transport layers and their
integration with the perovskite absorber plays a crucial role in managing charge extraction and recombination
processes. Commonly utilized electron transport layers (ETLs) include TiO2 and SnO-, while whole transport layers
(HTLs) often comprise Spiro-OMeTAD and PTAA. However, these layers can introduce challenges related to
stability and energy level alignment. Emerging HTL materials, such as copper antimony sulphide (CuSbS:), show
great potential due to their favorable band alignment, p-type conductivity, and compatibility with n-i-p architectures.
Their implementation has led to enhancements in power conversion efficiency (PCE), open-circuit voltage (VOC),
and fill factor (FF) metrics, thereby expanding the array of materials applicable in perovskite solar cells (PSCs).
Geometric and structural factors, including the thickness of the absorber and transport layers, also significantly
influence the performance of photovoltaic cells. The optimal thickness of the absorber must strike a balance between
effective light absorption and efficient carrier transport. Conversely, the transport layer's thickness should be
minimized to decrease resistive losses and facilitate charge extraction. Simultaneously, the defect density within
and between layers impacts the recombination rate, which subsequently affects overall efficiency. Shallow-level
defects can lead to radiative recombination, whereas deeper-level defects may result in non-radiative losses and
phonon scattering. Therefore, to enhance both performance and stability, it is essential to reduce defect density
through passivation or interface engineering. [5]

Numerical tools such as SCAPS-1D (Solar Cell Capacitance Simulator) have proven to be extremely beneficial for
examining the interactions between various factors. SCAPS-1D allows for testing a device's performance under
different physical and electrical conditions. This approach provides a cost-effective means to explore
multidimensional design spaces. However, the numerous adjustable parameters, including layer thickness, doping
concentration, and trap density, make a comprehensive brute-force scan prohibitively expensive. This is where ML-
enhanced simulation revolutionizes the process. Researchers can develop surrogate models to forecast device
behavior, significantly reducing simulation time by several orders of magnitude through the use of models like
random forests, artificial neural networks (ANNs), and gradient-boosting algorithms (e.g., XGBoost). Despite the
increasing interest, most prior research utilizing ML has focused on optimizing a single parameter at a time, such
as thickness or defect density. There has been limited investigation into a comprehensive framework that elucidates
how these parameters interact collectively, particularly in CsPbls-based all-inorganic PSCs. The present study
addresses this gap by presenting a hybrid approach that integrates high-throughput SCAPS-1D simulations with an
XGBoost-based surrogate model and SHAP (SHapley Additive exPlanations) to interpret the results. This method
enables the simultaneous optimization of multiple functional layers, including TCO, TiO2, ZnOS, CsPbls, and
CuSbS:, along with the associated bulk and interfacial defect densities across over 56,000 simulated devices. We
have identified the optimal performance thresholds by analyzing the interactions between input variables and their
sensitivities. For example, the perovskite thickness should exceed 1.2 pm, and the defect count should remain below
10'* cm™. The ML-guided design pipeline resulted in a 26% increase in the simulated PCE, rising from 15.15% to
19.16%. This demonstrates that data-driven optimization can yield precise predictions [6-10].
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By integrating this framework and accelerating the PSC design cycle, we discovered that each parameter influences
the others. This level of interpretability is crucial for planning experiments that can be executed based on simulation
outcomes. The approach is also scalable, indicating that in the future, it will be feasible to investigate additional
variables, such as interface roughness, electrode materials, and environmental degradation methods. Merging
physics-based modeling with data-driven intelligence lays a robust foundation for the next generation of PSCs that
are comprehensible, stable, and high-performing [11-15].

We found that combining SCAPS-1D simulations with ML analytics can expedite the development of all-inorganic
PSCs. The findings of this research highlight the significance of optimizing various factors and demonstrate how
Al is transforming the photovoltaics sector. Implementing these frameworks in autonomous laboratories and high-
throughput experimentation pipelines could accelerate the discovery of materials and designs that perform
effectively in real-world applications. As climate change becomes increasingly pressing, the key to maximizing the
potential of perovskite solar technologies lies in the integration of advanced materials, computational intelligence,
and scalable manufacturing [16].

II. MATERIAL METHODOLOGY

A. Configuration of the Device and Simulation

The "Solar Cell Capacitance Simulator," known as SCAPS-1D, has been instrumental in our development and
testing of machine learning (ML) techniques aimed at enhancing perovskite solar cells. Utilizing this widely-used
modeling tool, we constructed and evaluated a comprehensive dataset encompassing various device configurations.
The electron transport layer facilitates light entry into the simulated photovoltaic device, accelerating carrier
extraction and regulating charge movement. The model device's photoactive absorber layer is composed of CsPblo-
based perovskite, which exhibits stability at elevated temperatures, resilience to defects, and the ability to modify
energy levels. SCAPS-1D, the "Solar Cell Capacitance Simulator," executed numerical simulations to formulate
and assess machine learning (ML) strategies for the advancement and enhancement of perovskite solar cells. This
well-regarded modeling tool enabled the creation and testing of an extensive dataset across multiple devices. The
electron transport layer allows light to penetrate the artificial photovoltaic system, with the ETL efficiently
transporting charges and expediting carrier removal. Its favorable valence band alignment, p-type conductivity, and
compatibility with inorganic perovskite materials designate it as the hole transport layer (HTL). The electronic
transfer was facilitated by titanium dioxide (TiO:), which remains a favored ETL due to its chemical stability and
high electron mobility. An intermediate ZnOS buffer layer mitigates energy-level discrepancies and interfacial trap
states, thereby enhancing charge extraction and reducing absorber-ETL recombination [17].

The complete device stack's band alignment illustrated optimal energy-level gradients for unidirectional charge flow
and minimal energy loss. This was achieved by utilizing material characteristics and device combinations validated
by literature. All simulation parameters were configured to 300 K with AM1.5G one-sun illumination to align with
standard testing environments and facilitate experimental comparisons. To efficiently explore the design space,
high-throughput simulation techniques were employed. The widths of the buffer layer (ZnOS), ETL (TiO>),
perovskite absorber (CsPblo), and HTL (CuSbS:) were methodically modified within designated ranges. Adjusting
the thickness of each layer independently while allowing for multi-layer variation accurately depicted the complex
interdependencies encountered in actual device manufacturing. This methodology resulted in 7,680 device
configurations featuring various shapes and materials.

In addition to geometric modifications, defect-related parameters were meticulously incorporated into the dataset,
as bulk and interfacial defects significantly influence device stability and efficiency. To illustrate how variations or
inconsistencies in the synthesis process could impact material quality, the overall defect density in the HTL,
perovskite absorber, buffer layer, and ETL was modified. Interfacial defect densities were introduced to address
performance losses related to interfaces. These defects include charge traps and recombination sites at layer
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interfaces such as HTL/absorber, absorber/buffer, and buffer/ETL. They highlighted how different electronic
defects influence VOC, JSC, FF, and overall power conversion efficiency. These simulations utilized parameter
ranges and material properties carefully chosen from experimental data and peer-reviewed literature concerning the
materials under investigation. The references included recent inorganic PSC research and SCAPS-1D modeling of
comparable designs. This validation of findings rendered it beneficial for ongoing experiments. These references
supplied information on band gap, electron affinity, dielectric constant, carrier mobility, and recombination
coefficients to substantiate the concept [18-23].

A large dataset was generated by simulating numerous configurations with SCAPS-1D to emphasize the intricate
relationship between structural dimensions and electronic quality. This dataset enabled us to swiftly estimate a
device's performance without the need for physical testing or extensive simulations. It was utilized for training,
testing, and comprehending future machine learning models. The simulated dataset serves as an excellent resource
for surrogate models that instruct machine learning algorithms on how to interpret SCAPS-derived results through
gradient boosting and SHAP-based interpretability. These models assist in identifying optimal parameter ranges
and directing experimental synthesis towards stable and functional perovskite solar cell (PSC) setups. This research
employed SCAPS-1D simulation to investigate the design space for CsPblo-based inorganic PSCs featuring CuSbS:
as the hole transport layer (HTL), TiO- as the electron transport layer (ETL), and ZnOS as buffers. The field of data-
driven solar cell engineering has progressed significantly since the creation of this extensive dataset. This dataset
empowers Al to predict performance, refine designs, and gain insights by planning modifications to geometrical
and defect parameters across layers and interfaces. Numerical simulations of perovskite solar cells (PSCs) using
SCAPS-1D (Solar Cell Capacitance Simulator) facilitated the development and testing of machine learning (ML)
predictive modeling and optimization strategies. A substantial dataset comprising various device combinations was
generated and evaluated using this widely-used simulation tool. The simulated photovoltaic architecture was n—i—
p, with light entering through the electron transport layer, which enabled efficient charge movement and carrier
extraction [24-26].

The model device's photoactive absorber layer was constructed using CsPblo-based perovskite. This all-inorganic
perovskite was selected for its superior stability at elevated temperatures, its ability to tolerate more defects, and its
enhanced efficiency in converting energy to electricity compared to other materials. The hole transport layer (HTL)
utilized was CuSbS., chosen for its favorable valence band alignment, p-type conductivity, and compatibility with
synthetic perovskite materials. Titanium dioxide (TiO:) serves as a widely used electron transport layer (ETL) owing
to its excellent electron mobility and chemical stability. To address energy-level mismatches and interfacial trap
states at the absorber-ETL interface, an intermediate ZnOS buffer layer was incorporated to enhance charge
extraction [27].

The entire device stack's band alignment demonstrated suitable energy-level gradients for unidirectional charge
flow and minimal energy loss, aligning with material characteristics and device topologies reported in the literature.
All simulation parameters were standardized to 300 K under AM1.5G one-sun illumination to ensure compliance
with recognized testing environments and facilitate experimental comparability. The exploration of the design space
was effectively achieved through high-throughput simulation. The thicknesses of critical device components,
including the HTL (CuSbS:), perovskite absorber (CsPbls), buffer layer (ZnOS), and ETL (TiOz), were modified
within established limits. Each layer's thickness could be adjusted individually, or multiple layers could be altered
at once. This approach accurately modeled the intricate interdependencies involved in actual device manufacturing.
As aresult, 7,680 unique gadget designs with distinct geometric and material characteristics were produced [28].
Alongside geometric adjustments, defects were deliberately incorporated into the dataset since both bulk and
interfacial defects influence device performance. To illustrate variations in material quality resulting from the
manufacturing process or material preparation, the bulk defect density was modified in the HTL, perovskite
absorber, buffer layer, and ETL. To address performance losses related to interfaces, concentrations of interfacial
defects were included. These defects act as charge traps and recombination centers at the interfaces of layers such
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as HTL/absorber, absorber/buffer, and buffer/ETL. By incorporating numerous electronic defect states, a deeper
understanding of their impact on VOC, JSC, FF, and PCE was achieved. The ranges of parameters and material
characteristics utilized in these simulations were meticulously chosen based on verified experimental reports and
relevant literature reviewed by experts. The incorporation of recent inorganic PSC studies and SCAPS-1D modeling
of similar structures ensured scientific rigor and relevance to the ongoing experimental research. Bandgap, electron
affinity, dielectric constant, carrier mobility, and recombination factors were compiled from various references to
validate the model. Employing SCAPS-1D to simulate such a wide array of configurations generated an extensive
dataset that illustrates the intricate interactions between structural dimensions and electronic quality. Subsequently,
machine learning models were trained, evaluated, and analyzed using this dataset, facilitating quick predictions
regarding a device's performance without the need for extensive testing or brute-force modeling [28-32].

The simulated dataset supports the development of surrogate models. It instructs machine learning algorithms, such
as gradient boosting and SHAP-based interpretability techniques, to generate results similar to SCAPS. These
models assist in identifying optimal parameter ranges and directing experimental synthesis towards high-efficiency,
dependable PSC systems. This research employed SCAPS-1D simulation to thoroughly investigate the design space
for CsPblo-based inorganic PSCs, incorporating CuSbS: HTL, TiO2 ETL, and ZnOS buffer integration. A substantial
dataset was created for Al-driven performance prediction, design optimization, and insight extraction by
intentionally altering geometrical and defect factors across various layers and interfaces. This represents a
significant advancement in data-driven solar cell engineering [33].

B. ML Assisted Evaluation and Analysis

In this paper, we employed machine learning techniques to analyze extensive datasets in order to identify optimal
methods for enhancing key device characteristics, such as layer thickness, bulk defect density, and interfacial defect
density, ultimately improving the overall performance of perovskite solar cells. During our data exploration, we
utilized line plots and correlation matrices to uncover patterns and assess the significance of each feature. The
complete dataset derived from SCAPS-1D simulations was divided into a training set (75%) and a testing set (25%).
This division was essential to ensure the model's stability and its applicability to other datasets. We implemented
five distinct regression techniques to evaluate their effectiveness and predict outcomes. These methods included
random forest regression (RFR), linear regression (LIR), quadratic regression (QR), and extreme gradient boosting
(XGBoost). Both the thickness and defect density datasets were utilized to train each model. Subsequently, we
assessed the models' predictive accuracy for photovoltaic metrics such as fill factor, open-circuit voltage, and power
conversion efficiency. By comparing the performance of these models, we successfully identified the most effective
algorithm for optimizing devices in inorganic perovskite solar cells.

C. Optimized Structure of the Proposed Perovskite-Based PV Device

The rate at which electrons and holes recombine in SCAPS-1D is indicated as it demonstrates the speed of electron-
hole pair recombination when the carrier concentration (§) and permittivity (€) are altered. Effective control of
recombination is essential for enhancing the performance of solar devices.

Rn,p=qnp/(€€o) (un(E)+up(E)) (1)
J = qvnpne + qvpppe (2)
div(EAy)=-p (3)

Understanding Poisson's equation, expressed as div(eAy)=—p, is crucial for grasping the relationship between the
electric potential y and the space charge density Ay in SCAPS-1D. Here, © represents the permittivity of the
semiconductor material, while y denotes the difference in electric potential. The space charge density comprises
numerous ionized dopants and free carriers, collectively forming the net charge concentration. This equation
effectively illustrates how charge distribution in space influences the electric field within the device. In solar
systems, comprehending the distribution and movement of charge carriers due to the internal electric field is
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essential. Within SCAPS-1D, Poisson's equation serves as a valuable tool for assessing the device's built-in electric
field, potential distribution, and overall behavior. By analyzing the impact of various material properties and device
architecture, one can achieve optimal photovoltaic performance.
Jn= qvnpne + gqDn 4
Jp= qvppupe - qDp (5)
The drift-diffusion model controls the electron current density (VT) and hole current density (LO) in SCAPS-1D.
This models how carriers move through solar systems. The electron current density equation can be written as
where m is the electron charge, X is the electron velocity. As a result, these equations are essential for understanding
how charges move because they show how drift and diffusion currents affect things. The drift component is affected
by the electric field that is applied, while the diffusion component is affected by differences in the concentration of
carriers. This full modelling method in SCAPS-1D is needed to predict device efficiency, find the best layer
thickness, and understand how carriers move in solar devices [15].

Jcond =Jn+Jp (6)
The electron continuity equation in SCAPS-1D describes how the photovoltaic device keeps the electron charge. It
talks about how the electron concentration changes when electron current density, generation rate, and
recombination rate are changed. This equation guarantees the balance of charge carriers, which is very important
for simulating how a device will work correctly.
on/ot=-ViIn+G-R (7)
op/ot=-Vlp+G-R (®)

Table 1: SCAPS Parameters

CuSbS CsPbl
Parameter TCO [18] ‘[’2 N : fz 2 : ZnOos [28] TiO: [30]
Bandgap (eV) 3.5 1.52 1.73 33 3.2
Electron Affinity (eV) 4 3.6 3.9 4.2 4
Dielectric Constant 9 10.2 6.5 9.5 10
Bffective Density of States - | )i | pox10m | 22x10% 2.2x107% 2.2x101
NC (1/cm?)
Effective Density of States -
1.8x10" | 1.8x10% 1.8x10" 1.8x10" 1.8x10"
NV (1/em?) 8x10 8x10 8x10 8x10 8x10
Electron Mobility (cm?/V-s) 20 1 10 10 20
Hole Mobility (cm?/V-s) 10 20 5
Doping Type n-type p-type intrinsic n-type n-type
Doping Concentration 1x10" 1x10"7 1x10M 1x10"7 %101
(1/em?)
3044
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II1. RESULTS AND DISCUSSION

A. Thickness Optimization

Utilizing SCAPS-1D to modify the thickness of the HTL, PVSK, buffer layer, and ETL resulted in a diverse dataset
of unique devices, which were employed to analyze a correlation matrix, as illustrated in Figure 1. This approach
effectively highlighted the significance of layer thickness for PSC through the correlation matrix. Performance was
assessed by examining correlation coefficients. The thickness of the PVSK layer exhibited the most pronounced
impact on PSC performance. In contrast, the thicknesses of the HTL and buffer layers showed negligible effects,
evidenced by their very weak negative correlation coefficients with PSC performance metrics. Although the
thickness of the ETL had minimal influence on PCE (%), Jsc (mA/cm?), or Voc (V), it did demonstrate a moderately
negative impact on the fill factor (FF %), as indicated by its correlation coefficient of -0.45.

1.0
ETL Thickness 0.25 0.1 -0.4 -0.3 -0.35 -0.38

Perovskite Thickness - 0.25

HTL Thickness - 0.1

Jsc (mA/cm=2) - -0.4

Voc (V) - -0.3

FF (2%) - -0.35

PCE (20) - -0.38

Figure 1: Layer Thickness and Photovoltaic Performance Parameter Correlation Matrix

To achieve optimal performance from a PSC, it is essential that the PVSK layer has the appropriate thickness. A
thicker PVSK layer is capable of absorbing more light, thereby enhancing the device's efficiency compared to a
thinner layer. The correlation between quantum efficiency (QE) and PVSK thickness. As the active layer's thickness
increases, the QE improves, particularly at longer wavelengths. This indicates that a thicker PVSK layer is more
effective at light absorption. However, the thickness of the PVSK layer cannot be increased indefinitely. The
primary factors that impose limitations are the diffusion length (Ld), generation rate, and recombination rate of
charge carriers. Research has indicated that the L.d for charge carriers in cubic CsPbls exceeds 1.5 pm 35. Since
charge carriers tend to recombine after traveling a certain distance within the material, it is crucial to effectively
separate electrons (¢”) and holes (h") prior to recombination. The SCAPS data reveal that the relationship between
PVSK thickness and power conversion efficiency (PCE) is not linear. When the PVSK thickness surpasses 2 um,
the PCE begins to decline. This decrease is primarily attributed to an increase in carrier recombination events within
the PVSK layer.
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Table 2: An overview of the accuracy (R2), loss metric (RMSE), and CV of the five trained
machine learning algorithms for thickness analysis

Model R2 RMSE CvV
Training Testing Training testing

LIR 0.8996 0.896 0.14252 0.1526 0.978

QR 0.987 0.789 0.056 0.0597 0.984

RFR 0.9987 0.987 0.003 0.0124 0.99915

XGB 0.998 0.896 0.0046 0.0035 0.9999

MLP 0.8723 0.834 0.0458 0.0045 0.8679

B. Optimized Range and Value for Thickness of Different Layers

As illustrated in Figure 2, the thickness of the PVSK layer has minimal impact on Voc, as indicated by SHAP
analysis (Figures 6¢-f). Devices with thinner PVSK layers (<1.2 um) perform worse, whereas those with thicker
layers (>1.2 um) show improved performance, although the advantages begin to diminish after a certain thickness.
It is crucial to recognize that the HTL, ETL, and buffer layers exhibit weaker yet still significant effects that vary
with thickness. For instance, an HTL thickness greater than 0.15 pm enhances charge transport, while a buffer layer
thickness of less than 0.10 um and an ETL thickness of less than 0.06 pm yield optimal performance. Although
these threshold behaviors are not as pronounced as the primary effects of PVSK, they are vital for interfacial
engineering in perovskite solar cells.

R? Score (Train vs Test)

10r B Train
 Test

0.8¢

06

&

0.4+t

0.2r

0.0 LIR QR RFR XGB MLP
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0.12
0.10
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0,02
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v

LIR DR RFR HESBE ML

Figure 2 : Test vs. Train ML Model

C. ML model training and testing

A dataset comprising 49,000 variations in defect density was utilized to assess the predictive capabilities of five
machine learning models, akin to earlier studies on layer thickness. The hyper-parameter tuning for the random
forest regressor, XGBoost, and MLP was conducted using k-fold cross-validation to guarantee the performance and
reliability of the ML models. The search range and the tuned hyper-parameter values for RFR, XGBoost, and MLP
are detailed in Tables S4, S5, and S6 of the supplementary materials. RFR and XGB surpassed the other models,
achieving nearly perfect R? scores (0.999) and low RMSE values (<0.0010) during both training and testing phases.
Notably, XGB exhibited a slightly better generalization with a lower testing RMSE (0.00098 compared to 0.0012)
than RFR. Their robustness was validated through cross-validation scores (CV = 0.999). In contrast, LIR and QR
demonstrated moderate effectiveness (R? = 0.939, RMSE ~ 1.5-1.59), while MLP fell short (R?> = 0.926, RMSE =
1.365), underscoring the challenges in modeling nonlinear defect density patterns. A visual examination of the
prediction-actual relationships corroborated these results: LIR and MLP exhibited greater dispersion, whereas XGB
and RFR displayed nearly perfect fits. XGB was selected for further analysis due to its enhanced precision and
generalizability. Ensemble methods such as XGB and RFR prove to be effective for predicting defect density, while
simpler models like LIR and QR may be more appropriate for less complex scenarios.
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IV. CONCLUSION

Machine learning (ML) is employed to enhance the performance of CsPblo-based all-inorganic perovskite solar
cells (PSCs). Through extensive SCAPS-1D simulations and clear machine learning algorithms such as XGBoost
and SHAP analysis, we evaluated more than 56,000 device designs. This analysis revealed how fault density and
layer thickness influence device performance. The SHAP-based feature importance analysis indicated that film
thickness and bulk trap density, which are two parameters related to the absorber, had the greatest effect. Simulations
demonstrate that increasing the thickness of CsPbls from 0.4 to 2.0 pm enhances the power conversion efficiency
(PCE) by boosting Jsc and improving photon absorption at longer wavelengths. Recombination losses surpass the
minority-carrier diffusion length (approximately 1.5 pum), and performance levels off beyond around 2 pm.
Concurrently, our SCAPS-ML framework indicates that lowering bulk defect density to below 1 x 10'* cm™, ideally
within the 10'2 cm range, significantly enhances diffusion length and efficiency from approximately 19% to over
26%. This optimization raised the PCE from 15.15% to 19.16%, demonstrating that ML-guided design is more cost-
effective than trial-and-error methods. Simulation and machine learning expedite the development of robust and
efficient PSCs at a low cost and on a large scale.
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