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Abstract: The outstanding photovoltaic efficiency of CdTe solar cells keeps drawing interest. In this 

work, SCAPS-1D (Solar Cell Capacitance Simulator in one dimension) is used to design and analyze 

a Cu2O/CdTe/SnO₂/ITO thin-film solar cell. By methodically examining the effects of doping 

concentration (1×10¹⁵–1×10¹⁹ cm⁻³) and layer thickness (0.04–0.15 µm for Cu₂O and SnO₂; 1–4 µm for 

CdTe), 4097 datasets are produced. The RMSE (Root Mean Square Error) and R 2(Coefficient of 

Determination) are used for training and assessing six ML (Machine Learning) models: LR (Linear 

Regression), DT (Decision Tree), GBR (Gradient Boost Regression), SVR (Support Vector 

Regression), ANN (Artificial Neural Network), and RF (Random Forest). The two ML that show the 

best predictive accuracy among them are DT and RF. By increasing efficiency from 0.59% to 29.54%, 

the optimized structure shows that merging machine learning and SCAPS-1D simulation provides 

a viable approach to creating high-performance CdTe solar cells. 

Keywords: SCAPS 1-D simulation; Machine Learning; Predictive modelling; Parameter sensitivity 

analysis, solar device optimization. 

 

1. Introduction 

Low-cost thin-film photovoltaic technologies have seen a resurgence and expansion as a result of 

the global shift to renewable energy. With sustainability becoming more and more important, solar 

energy has become a clean substitute for fossil fuels that can meet growing energy demands while 

reducing their adverse environmental effects [1–3]. Additionally, solar photovoltaics (PV) marked a 

momentous shift in the clean energy transition and proved its economic and environmental potential, 

surpassing 30% of the world's electricity generation in 2023 [4,5]. 

The nearly perfect direct bandgap of CdTe (about 1.45 eV), high absorption coefficient that allows 

for efficient light capture in ultrathin layers, and compatibility with scalable, cost -effective deposition 

techniques have made it a leading candidate for thin-film photovoltaic materials [6]. The most 

commercially successful thin-film photovoltaic technology since the first CdS/CdTe heterojunction cell 

was reported by Bonnet and Rabenhorst [7] in the early 1970s is CdTe, which remains the only one 

among the world's top producers [8]. In theory, CdTe cells can support Voc (Open Circuit Voltage) > 

1 V and Jsc (Short Circuit Current Density) > 30 mA cm⁻², thanks to a bandgap that is close to the 

Shockley–Queisser optimum (~32% theoretical efficiency) [9]. With laboratory -scale CdTe devices 

surpassing 22% efficiency and commercial modules gradually reducing that gap, recent 

advancements have resulted in tangible benefits [10]. 

Calculating the efficiency of CdTe solar  cells depends on the device architecture, which includes 

buffer and transport layers. TCOs (Transparent Conductive Oxide) such as ITO or ZnO and CdS 

buffers are commonly used in conventional stacks. On the other hand, interface recombination and 

parasitic absorption in CdS frequently limit Voc and total PCE (Power Conversion Efficiency, 

eta/η) [11–13]. Cu2O has surfaced as a promising HTL (Hole Transport Layer) or BSF (Back Surface 
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Field) to address these problems, providing advantageous band alignment, affordability, and 

simplicity of fabrication [14,15]. Additionally, SnO2 improves electron extraction and lowers 

recombination losses as an efficient ETL (Electron Transport Layer) [16]. Along with CdTe, these 

layers' thickness and doping can be optimized to greatly increase Voc, Jsc, and FF, which will 

ultimately increase the device's overall PCE [17]. High bulk/interface defect densities enhance non -

radiative recombination and degrade Voc, Jsc, FF (Fill Factor), and PCE in CdTe devices [18]. 

Moreover, increased recombination and band gap narrowing, which primarily lead to Voc losses, are 

the main reasons why the device usually degrades with temperature [19]. Therefore, careful band 

alignment, interface engineering, and defect passivation are necessary to achieve both high efficiency 

and thermal stability [20]. 

The popular one-dimensional simulation tool for thin-film solar cells (SCAPS-1D) has greatly 

simplified the study of band alignment, capacitance, and defect values in multilayer stacks. Its 

operation relies on accurately modelling charge transport by solving Poisson's and carrier continuity 

equations. Since SCAPS-1D allows for detailed modelling of layer thicknesses, doping profiles, defect  

states, and interface properties, it is a helpful tool for predicting device performance in materials such 

as CdTe, CIGS, and perovskites. Nevertheless, SCAPS-1D faces computational limitations when 

studying high-dimensional parameter spaces. Sw eeping over various design parameters, such as 

absorber thickness, buffer layer properties, doping levels, and defect densities, requires a significant 

amount of time and resources, and each simulation requires sequential computing [21–24]. 

To overcome these obstacles, ML methods have been incorporated into PV power forecasting 

and have received a lot of attention lately. Numerous ML algorithms, including support vector 

machines, neural networks, decision models, random forests, regression techniques, and others, have 

been used to forecast PV generation systems. This highlights the significance of precise prediction to 

maximize integration into the energy grid [25]. Moreover, the prediction of PV power output has 

been significantly improved to support data-driven decision-making thanks to an advanced 

automated machine learning framework that combines Auto-ML with SHAP (Shapely Additive 

Explanations) interpretability [26]. Using techniques like SHAP with algorithms like XGBoost and 

TabNet, explainable AI has been used to map solar PV power outputs based on weather data. By 

providing insights into feature selection and model explanations, this has enhanced the 

interpretability of PV power forecasting [27]. 

Several investigations have been carried out on CdTe as a thin-film absorber with a high 

absorption coefficient and an optimal bandgap of approximately 1.48 eV. In recent years, device 

performance has increased from 15.8% in the early 1990s to over 22% [28–30]. However, because of 

interface recombination and back-contact constraints, CdTe solar cells continue to display an open-

circuit voltage far below the Shockley–Queisser limit [31]. 

The transparent front electrode strongly influences CdTe device performance. ITO is commonly 

employed because properly optimized films (~100–200 nm) can achieve low sheet resistance with 

>80% optical transmittance [32]. To minimize parasitic absorption in the CdS buffer, strategies such 

as inserting HRT (High Resistivity Transparent) layers on the TCO and thinning or replacing CdS 

with wide-bandgap alternatives have been pursued [33]. Among these, SnO2 and tin-based oxides 

(e.g., Cd2SnO4, Zn2SnO4), have been potentially used as ETLs as they offer band gaps>3.5 eV with 

favorable conduction-band alignment to improve short-circuit current [34,35].  

For CdTe solar cells, forming a stable, low -resistance back contact is still one of the main 

obstacles. Although copper incorporation can lower contact resistance, if it is not properly controlled, 

its high diffusivity can result in deep defects and long-term instability [36]. To address this, diffusion 

barriers and alternative back contacts such as ZnTe: Cu, ZnTe, or MoOx have been investigated 

[37,38]. More recently, Cu₂O has been explored as a hole-transport layer, where its favorable valence-

band alignment supports selective hole extraction while suppressing electron backflow, offering 

improved operational stability compared to conventional Cu contacts [39]. 

Numerical simulations with SCAPS-1D have been essential for guiding layer and junction 

engineering in CdTe solar cells. Modelling results indicate that moderate conduction -band offsets at 

SnO2/CdTe, enforcing effective prevention from backward flow of electrons and suitable valence-
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band alignment at Cu2O/CdTe interface, minimize recombination loss along with improving open-

circuit voltage and fill factor [40,41]. For instance, simulations of SnO2/Zn2SnO4/n-CdS/p-CdTe 

structures have predicted efficiencies approaching 18–20 % for absorber thicknesses around 1.5 µm 

[42]. Further SCAPS analyses show that WO3/CdTe hetero structures with NiO as the HTL can reach 

nearly 20% efficiency, while incorporating ZnO: Al or CuSCN nanolayers offers the potential to 

exceed 22 % [43,44]. 

Although SCAPS-1D offers useful physical insights, prediction performance can be improved 

by including ML. Without explicit programming, computational models can discover patterns from 

data and increase prediction accuracy thanks to machine learning (ML) [45]. Using supervised, 

unsupervised, or reinforcement-based optimisation strategies, machine learning (ML), which started 

out as a subfield of artificial intelligence, has advanced rapidly. Machine learning (ML) offers the 

ability to boost solar cell efficiency at a lower cost by analysing data trends and precisely predicting 

outcomes. As stated in [46], the standard machine learning process begins with raw data collection 

and proceeds to feature extraction, preprocessing, normalisation, training, evaluation, and model 

deployment. 

The first step in applying machine learning to solar cells is obtaining reliable data, which can be 

obtained through laboratory measurements or numerical simulations like SCAPS-1D. Once this data 

is available, algorithms can be trained to map device performance to input parameters, consequently, 

removing the need for repeated experiments. This improves prediction accuracy while also saving 

time and money. Energy research has made use of algorithms like SVR, DT, RF, LR, GBR, Bayesian 

networks, genetic algorithms, and ANN [47,48].ML has been applied specifically to CdTe solar cells 

in a few but increasing studies in recent years. To optimize ultra-thin CdTe absorbers (100–400 nm), 

one study combined deep Q-learning with SCAPS-1D and optical modelling. It found that even 400 

nm devices could achieve approximately 15.75 % efficiency [49]. Another study applied Random 

Forest models to more than 8000 fabrication records, identifying key processing parameters and 

enabling repeatable efficiencies above 18%, with some devices reaching ~20.05% [50]. A third  study 

explored ZnO/CdS/CdTe bilayer structures, where ML-guided optimization improved device 

performance by fine-tuning the buffer and window layers [51]. While these examples show the 

promise of ML for CdTe, the technique has been more widely adopted in perovskite solar cells, where 

it has successfully predicted efficiency trends, screened HTLs and ETLs, and supported new 

materials discovery [52]. 

Despite extensive studies, CdTe solar cells still face interface recombination, Voc deficits, and 

back-contact challenges. While ITO, SnO₂, and Cu₂O have been studied individually, and both 

SCAPS-1D simulations and ML have been applied to optimize CdTe, the combination of Cu₂O HTL, 

CdTe absorber, and SnO₂ ETL on ITO has not yet been explored. This offers a chance to combine 

wide-bandgap electron transport, stable hole transport, and predictive modelling into one 

framework. Because of its broad bandgap (~3.6 eV) and advantageous conduction -band alignment 

with CdTe (CBO ≈ 0.2–0.3 eV), which allows for effective electron extraction, SnO₂ is selected as the 

ETL. Because of its valence-band alignment (VBO ≈ –0.1 to –0.2 eV), which guarantees hole extraction 

while avoiding the instability of metallic Cu, Cu₂O is chosen as the HTL. Device performance can be 

significantly impacted by even slight changes in CdTe thickness (1–4 µm), ETL/HTL thickness, and 

doping (1015–1019 cm⁻³). An SCAPS-ML approach is motivated by the impracticality of experimentally 

exploring every combination. This framework can capture non-linear interactions, identify dominant 

factors, and offer recommendations for optimizing Voc, Jsc, FF, and PCE by simulating thousands of 

device configurations and using machine learning. Thus, this work closes a significant gap in the field 

of CdTe research and provides a useful, data-driven approach to the design of high-performance 

Cu2O/CdTe/SnO₂/ITO solar cells. 

The systematic ML-assisted optimization of CdTe devices, especially those that integrate Cu 2O 

HTL and SnO2 ETL, is still poorly understood despite these advancements. This study fills that gap. 

By building a comprehensive SCAPS-1D dataset with different Cu2O, CdTe, and SnO2 thicknesses 

and doping levels, we provide useful information for Cu2O/CdTe/SnO2/ITO device design. We 

accomplish this by combining SHAP-based interpretability with ML models (DT, SVR, LR, RF, GBR, 
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and ANN). Overall, this integrated approach balances interpretability, scalability, and predictability 

to enable next-generation CdTe thin-film solar cells. 

In comparison with previous SCAPS-1D–machine-learning studies on CdTe solar cells, the 

present work considers a complete Cu₂O/CdTe/SnO₂/ITO device structure rather than a simplified 

stack. The use of multiple ML models together with SHAP analysis allows both performance 

prediction and insight into the key physical parameters. 

The rest of this manuscript is organized as follows: Section 2 furnishes the details of the 

methodology and device structure being adopted here for investigation. Section 3 discusses the 

obtained results due to scaps-1d and ML tools. Section 4 deals with the shap analysis and finally, the 

conclusion follows. 

2. Methodology and Device Structure 

This work has been divided into two parts. Firstly, the ITO/SnO2/CdTe/Cu2O/Au PVC 

superstrate structure has been simulated using the scaps-1D simulator. The performance of the PVC 

is evaluated under the influence of the variations in the properties of the parameters of the PVC 

structure. Proper energy alignment at the SnO₂/CdTe and Cu₂O/CdTe interfaces helps charges move 

efficiently across the boundaries, reduces losses from unwanted charge recombination, and 

ultimately leads to better solar cell performance—specifically, higher Voc and FF. SCAPS-1D (Version 

3.3.11) has been used to simulate the one-dimensional transport of charge carriers, solving coupled 

Poisson, electron, and hole continuity equations under steady -state illumination. Material 

properties—including bandgap, electron affinity, dielectric constant, mobility, and defect density—

are defined based on experimental and literature reports [29–33], as summarized in Tables 1 and 

2.SnO₂ was chosen as the ETL due to its favorable conduction-band offset with CdTe, high electron 

mobility (>100 cm²/V·s), and chemical stability. ETL thickness 40 to 150 nm and donor doping (1×1015–

1×1019) cm⁻³ are systematically varied to study their impact on electron extraction and interface 

recombination. While very high doping levels (up to 1×10¹⁹ cm⁻³) and thin SnO₂ layers (~40 nm) may 

be challenging to fabricate, such values are included to explore performance limits and design trends. 

The intent is to guide future experimental optimization rather than to represent immediate large-

scale fabrication conditions. CdTe thickness has been varied from 1 to 4 µm, capturing both thin and 

conventional (~2 µm) regimes while its concentration has been varied from (1×10¹⁵-1×1019) cm⁻³. Cu₂O 

has been used as the HTL due to its suitable valence-band alignment, hole selectivity, and chemical 

stability. Its doping was varied from (1×1015–1×1019) cm⁻³ while thicknesses were varied from 40 to 

150 nm to examine its influence on back-surface recombination and hole transport. Other parameters, 

including interface defect densities and series/shunt resistances, are held constant to focus on the 

primary levers controlling device performance (Voc, Jsc, FF, PCE). Thickness and doping were 

selected because they are among the most experimentally controllable parameters and have a direct 

impact on the electric field, carrier collection, and overall device performance. The simulations 

considered are AM 1.5G illumination, with temperature set at 300 K. Recombination mechanisms 

included bulk Shockley–Read–Hall (SRH) and interface recombination at ETL/CdTe and CdTe/HTL 

junctions. It is noted that SCAPS-1D simulations under idealized optical conditions may slightly 

overestimate Voc; however, the same physical assumptions are applied consistently across all 

simulations to generate a uniform dataset suitable for comparative machine-learning analysis. The 

structure is optimized, and the resultant formation is displayed in Figure 1. 
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Figure 1. Structure of CdTe-based PVC Solar cell with Cu2O as HTL, SnO2 as ETL. 

Table 1. Input optimization parameters of TCO, ETL, and absorber layer of the study [30–33]. 

Variables ITO Cu2O SnO2 CdTe 

Thickness (nm) 500 50 100 2000 

BG, Eg(eV) 3.5 2.2 3.6 1.49 

EA (eV) 4 3.4 4 4.28 

RDP, Ɛr 9 7.5 9 9.4 

CBEDS, Nc,1/cm3 2.2×1018 2×1019 2×1018 8×1017 

VBEDS,Nv,1/cm3 1.8×1019 1×1019 1.8×1019 1.8×1019 

EM, µn, cm2/Vs 20 200 100 500 

HM, µh, cm2/Vs 10 8600 25 60 

SUAD,N,1/cm3 0 1×1018 0 1×1017 

SUDD, N,1/cm3 1×1021 0 1×1017 0 

where BG/Eg (eV): energy band gap; EA (eV): electron affinity; εᵣ (RDP): relative dielectric 

permittivity; CBEDS (Nc) and VBEDS (Nv): effective densities of states in the conduction and valence 

bands; EM (µn) and HM (µh): electron and hole mobilities; SUAD and SUDD: shallow uniform 

acceptor and donor densities, respectively. 

Table 2. Input parameters of interface defect layers [29–33]. 

Interface Defect type 

Capture cross 

section: 

Electrons/holes 

(cm2) 

Energetic 

distribution 

Defect 

Energy 

level 

Total density 

(cm-3) 

ETL/CdTe Neutral 1×10-19/1×10-19 Single  
Above VB 

max 
1×1010 

CdTe/HTL Neutral 1×10-19/1×10-19 Single  
Above VB 

max 
1×1010 

The second part delves into the implementation of six promising ML models, incorporating a 

huge unique combination of 4097 data points generated with Scaps -1D in batch mode. The data have 

been generated by systematically varying the three variable parameters in batch mode: CdTe 

thickness/doping concentration (1–4 µm, (1×1015–1×1019) cm⁻³), SnO2 thickness/doping concentration 
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(40–150 nm, (1×1015–1×1019 ) cm⁻³), and Cu₂O thickness/ doping concentration (40-150 nm, (1×1015–

1×1019) cm⁻³). Each combination of the data gives different combinations of the photovoltaic outputs: 

Voc, Jsc, FF, and PCE. This dataset forms the basis for ML analysis, which proliferates energy 

optimization, enabling high-dimensional exploration without exhaustive experimental trials. In this 

way, once the initial SCAPS-1D simulations are completed, the trained machine-learning models can 

predict device performance without repeating full SCAPS-1D calculations, thereby reducing the 

overall computational effort. The ML models like RF, SVR, GBR, LR, DT, and ANN algorithms have 

been used to verify the performance of the solar cell. The dataset was split into training (70%) and 

testing (30%) sets. The model workflow, as exhibited in Figure 2, is then trained to predict Voc, Jsc, FF, 

and PCE based on three input independent variables: CdTe thickness/acceptor concentration, SnO2 

thickness/ donor concentration, and Cu2O thickness/ acceptor concentration. The final step involves 

the computation of SHAP values for the best two models, quantifying the relative importance of each 

parameter on the PV performance (Voc, Jsc, FF and PCE). The combination of SCAPS-1D simulations 

with six ML models enables systematic exploration of 4097 data set configurations, identification of 

optimal thickness and doping, and a predictive and fault -tolerant framework for future 

Cu₂O/CdTe/SnO₂/ITO designs. 

 

Figure 2. Data Learning system incorporated in the parametric analysis of Solar cell component 

variations. 

3. Results & Discussions 

3.1. Correlation and Multivariate Relationship Analysis (Using Scaps-1D simulator) 

The parametric analysis of the Cu2O/CdTe/SnO2/ITO heterojunction solar cell was carried out in 

SCAPS-1D by systematically varying layer thicknesses and carrier concentrations. Th e resulting 

changes in FF, Jsc, Voc, and eta are shown in the Figure 3(a)–(d) with their correlation linkages. It was 

numerically observed that the highest power conversion efficiency of 29.54% was obtained for the 

structure with Cu2O = 0.04 µm (1×10¹⁹ cm⁻³), CdTe = 4 µm (1×10¹⁹ cm⁻³), and SnO₂ = 0.04 µm (1×10¹⁹ 

cm⁻³). Under these conditions, the device gave Jsc = 28.58 mA cm⁻², Voc = 1.199 V, and FF = 86.23%. 

The high efficiency is due to strong built -in fields from high doping, reduced series resistance, and 

efficient carrier extraction across the interfaces. The intermediate case reached eta = 25.25% with Jsc 

= 28.38 mA cm⁻², Voc = 1.131 V, and FF = 84.84%. This configuration typically involved Cu 2O = 0.15 

µm (1×10¹⁹ cm⁻³), CdTe = 1 µm (1×1016 cm⁻³), and SnO₂ = 0.15 µm (1×10¹ 6 cm⁻³); weaker band alignment 

and reduced depletion width increase interfacial recombination and lower eta and FF. 

The poorest-performing device showed eta = 0.59%, Jsc = 0.91 mA cm⁻², Voc = 1.203 V, and FF = 

53.55%, corresponding to Cu2O = 0.04 µm (1×1016 cm⁻³), CdTe = 4 µm (1×1019 cm⁻³), and SnO₂ = 0.15 
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µm (1×10¹⁶ cm⁻³). Low Cu2O acceptor density increases resistive loss, and a thick SnO2 layer reduces 

photon transmission and field-assisted separation, causing severe current loss. A statistical check 

based on exact-value matching (rounded to the working precision) found 16 parameter combinations 

yielding the maximum efficiency (eta = 29.54%), 4 combinations yielding the intermediate effici ency 

(eta = 25.25%), and 8 combinations corresponding to the lowest efficiency (eta = 0.59%). Identical -

value clustering also revealed 27 instances of the intermediate Jsc = 28.38 mA cm⁻², 16 instances for 

the lowest Voc = 1.02 V, and 32 instances for the maximum FF = 86.46%. These repetitions confirm 

numerical consistency and indicate that the observed trends are robust rather than grid artefacts.  

Further, the correlation analysis results shown in Figure 4 are performed to identify which 

parameters most strongly affect device performance. The SnO2 donor concentration shows the 

strongest positive correlation with eta and Voc, indicating that higher window -layer doping 

improves the built-in field and charge extraction. 

 
(a) 

 
(b) 

 
(c) 
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(d) 

Figure 3. Parametric dependence of photovoltaic performance on Cu₂O, CdTe, and SnO₂ thickness 

and doping concentration: (a) Fill Factor (FF), (b) Short-circuit current density (Jsc), (c) Open-circuit 

voltage (Voc), and (d) Efficiency (η). The colour scale  represents  the magnitude of each output 

parameter. 

 

Figure 4. Impact of different input parameters on output parameters like efficiency (eta), Jsc, FF, and 

Voc.The bar heights represent the absolute correlation between each input feature and the 

corresponding output parameter. 

SnO2 thickness is negatively correlated with eta and Jsc, consistent with increased optical 

attenuation and resistive loss for thicker front layers. CdTe concentration has a moderate positive 

correlation with Jsc and FF, reflecting its role in absorption and carrier collection. Cu2O thickness and 

acceptor concentration show only weak correlations within the studied range, suggesting a smaller 

influence on overall efficiency compared with SnO2 and CdTe. When compiled together, the 

parametric results, the combination-count statistics, and the correlation analysis indicate that 

achieving high efficiency requires high carrier concentrations (≥ 1×10 19 cm⁻³) in Cu2O and CdTe 

together with thin SnO2 window layers (≈ 0.04 µm) and optimized SnO2 doping. SnO2 properties thus 

play the primary role in determining device output, while CdTe controls photocurrent, and Cu 2O 

mainly affects contact-related losses. 

To further validate and generalize these trends, machine learning (ML) models were employed 

in the next stage to identify complex nonlinear interactions among parameters and to predict device 

performance beyond the discrete simulation dataset. 
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3.2. ML-based models performance comparison 

To complement the SCAPS-1D parametric investigation, supervised machine learning (ML) 

algorithms were employed to model the nonlinear dependence of device performance parameters (η, 

Jsc, Voc, and FF) on structural and doping variables of the Cu 2O/CdTe/SnO2/ITO solar cell. The 

dataset of 4097 simulation points was normalized and divided into training (70%) and testing (30%) 

subsets. Six regression models—Decision Tree (DT), Random Forest (RF), Gradient Boosting 

Regressor (GBR), Support Vector Regression (SVR), Linear Regression (LR), and Artificial Neural 

Network (ANN)—were trained to predict the photovoltaic outputs. Model evaluation was performed 

using R², RMSE, correlation coefficients, and computational training time. 

The relative performance comparison of the six ML models (LR, DT, RF, GBR, SVR and ANN) 

to predict accurate values of the PV output parameters (eta, Voc, FF and Jsc) has been tabulated in 

Tables 3 and 4. The performance of these models has been evaluated based on their RMSE, R² and 

correlation values together with their convergence or computational time. The RMSE and R² values 

were computed for both training and testing datasets, whereas Table 4 highlights the total training 

and testing times for each model. The model showing the optimum prediction of the PV output must 

have RMSE values close to zero and R² values near unity, along with minimum computational time.  

Figures 5 and 6 provide the graphical comparison of RMSE and R² for all six models. Figure 5 

illustrates the proportion of variance explained by each ML algorithm (R² comparison), while Figure 

6 displays the RMSE distribution across the models, showing the extent to which predicted values 

deviate from the true outputs. These plots clearly highlight the superior consistency of the DT an d 

RF models compared with the others. 

 
 

(a) (b) 

Figure 5. Comparative coefficient of determination in training (a) and testing (b) datasets with all six 

ML models. Lower RMSE and higher R² values indicate better predictive performance for eta, Jsc, 

FF, and Voc. 

  

(a) (b) 

Figure 6. Comparative average error magnitude among all six ML models applied to training  (a) 

and testing (b) data. Higher R² and lower RMSE values indicate improved prediction accuracy for 

eta, Jsc, FF, and Voc. 
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It can be clearly observed from Tables 3 and 4 that the DT and RF models give the most accurate 

predictions for all the PV output parameters. For the DT model, the training and testing R² values for 

η are 1.000 and 0.99994, respectively, while the RMSE value for testing is 0.0026 with a correlation of 

0.99997. Similar results are obtained for Jsc, FF and Voc, indicating that the DT model efficiently 

captures the nonlinear dependencies among the cell layers in the Cu₂O/CdTe/SnO₂/ITO device. DT's  

quick convergence and high computational efficiency are confirmed by the fact that its training and 

testing times are the shortest (about 0.4 s). For both training and testing sets, the RF model performs 

almost flawlessly, with R2 > 0.9999 and RMSE < 0.004. The slight  variation in accuracy between 

training and testing indicates good generalization and little overfitting. It takes around 0.8 seconds 

to train, which is a little longer than DT but still far less than other ensemble or neural network 

models. With R2 > 0.9995 for all outputs, the Gradient Boosting Regressor (GBR) model shows good 

predictive power, despite having a slightly higher RMSE than RF. Due to its sequential boosting 

mechanism, which improves bias correction but raises processing costs, the computational time (~ 2.1 

s) is longer. 

Table 3. Prediction Performance of all six ML Models for Cu₂O/CdTe/SnO₂/ITO Solar Cell. 

Model Output R² train R² test RMSE test Corr test Training Time (s) 

DT η 1.00000 0.99994 0.0026 0.99997 0.42 

 Jsc 1.00000 0.99993 0.0028 0.99996 0.41 

 FF 1.00000 0.99988 0.0038 0.99994 0.43 

 Voc 0.99999 0.99995 0.0024 0.99997 0.40 

RF η 0.99999 0.99992 0.0031 0.99995 0.87 

 Jsc 0.99999 0.99990 0.0034 0.99994 0.86 

 FF 0.99999 0.99986 0.0041 0.99992 0.88 

 Voc 0.99999 0.99996 0.0021 0.99998 0.85 

GBR η 0.99994 0.99963 0.0047 0.99982 2.11 

 Jsc 0.99993 0.99964 0.0046 0.99981 2.10 

 FF 0.99994 0.99957 0.0051 0.99978 2.13 

 Voc 0.99997 0.99965 0.0048 0.99981 2.12 

SVR η 0.57252 0.22919 0.0738 0.47821 1.33 

 Jsc 0.54241 0.34498 0.0654 0.58923 1.31 

 FF 0.40412 0.48715 0.0652 0.69815 1.34 

 Voc 0.51312 0.36541 0.0582 0.60492 1.32 

LR η 0.79192 0.60733 0.0510 0.77815 0.08 

 Jsc 0.77901 0.62215 0.0483 0.78902 0.07 

 FF 0.76231 0.59124 0.0497 0.76914 0.08 

 Voc 0.78741 0.61121 0.0508 0.77942 0.08 

ANN η 0.99999 0.99977 0.0042 0.99989 5.26 

 Jsc 0.99998 0.99978 0.0041 0.99988 5.31 

 FF 0.99996 0.99970 0.0048 0.99985 5.28 
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Model Output R² train R² test RMSE test Corr test Training Time (s) 

 Voc 0.99997 0.99974 0.0043 0.99986 5.32 

For the majority of parameters, the SVR and LR models' R 2 values ranged from 0.5 to 0.65, 

indicating moderate accuracy. Despite having very short computation times (about 1.3 seconds for 

SVR and 0.08 seconds for LR), their incapacity to manage intricate nonlinear relationships decreased 

predictive accuracy, especially for FF and Voc. The superior performance of the DT and RF models 

arises from their ability to effectively capture strong nonlinear relationships and complex parameter 

interactions. In contrast, the LR and SVR models are limited by linear assumptions  or reduced 

flexibility in modelling highly nonlinear, multidimensional datasets. 

Based on its iterative back-propagation optimization process, the ANN model demonstrated 

overfitting during testing, with a noticeable increase in RMSE_test and the highest convergence time 

(~ 5 s), despite achieving high R2 values (> 0.9997) and low RMSE for training data (Table 4).  

From the combined evaluation of Tables 3 and 4, together with Figures 5 and 6, it is evident that 

DT and RF offer the best balance among accuracy , stability, and computational efficiency. Both 

models demonstrate strong predictive capability, negligible overfitting, and fast convergence, 

establishing them as the most reliable algorithms for SCAPS-1D–based solar-cell performance 

prediction. 

Table 4. Average Prediction and Robustness Performance of ML Models . 

ML 

Model 

Mean R² 

train 

Mean R² 

test 

Mean 

RMSE test 

Mean 

Corr test 

Avg 

Train 

Time (s) 

Avg 

Test 

Time (s) 

Mean 

Robustness 

DT 0.9999975 0.999925 0.0029 0.99996 0.42 0.06 0.995 

RF 0.99999 0.99991 0.0032 0.99995 0.87 0.09 0.994 

GBR 0.999945 0.99962 0.0048 0.99980 2.11 0.21 0.995 

SVR 0.50805 0.35618 0.0657 0.59263 1.33 0.12 0.116 

LR 0.78016 0.60798 0.0499 0.77843 0.08 0.01 0.450 

ANN 0.999975 0.99975 0.00435 0.99987 5.29 0.52 0.995 

3.3. Predicted vs. Actual parameter analysis 

The predicted versus actual plots for eta, Jsc, FF, and Voc produced with the test dataset, and 

shown in Figure 7(a)-(d), show how well each ML model can represent the nonlinear regions in the 

relationship between the input structural parameters and the output device performance. For eta, the 

DT, RF, and GBR models follow closely the ideal 45° line, which indicates that the predicted and 

simulated values are in excellent agreement, which is consistent with the very high R² test value 

(>0.999) as shown in Tables  3 and 4. There are small deviations for ANN, which shows a slight over-

fitting of the predictions, and this occurs because the ANN (implemented using MATLAB’s fitnet) 

can learn the training data too closely when regularization is limited, causing the model to perform 

slightly less accurately on unseen test data, particularly at extreme FF and Voc values. There are small 

deviations for ANN, which shows a slight over -fitting of the predictions, while SVR and LR exhibit 

a greater scattering of the predicted data, especially for eta and FF, which implies inadequat e 

modelling ability for a strong nonlinearity. It is visualized through the model fitting diagrams 

through Figure 7(a)–(d) that RF and GBR consistently predict values with quite small deviation from 

the simulated values, and are therefore able to replicate the full current and voltage ranges accurately. 

DT shows an excellent fit across the entire value range, while SVR predictions for the larger Jsc values 

show an underestimation. At the larger values for FF and Voc, Linear Regression reveals a constant 
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under-prediction of these parameters, as might have been expected from its linear assumption. ANN 

predictions for these parameters show a fairly good overall fit, but exhibit the occasional extreme 

overprediction for the most extreme values of FF and Voc. 

Furthermore, the results from the plots through Figure 7(a)–(d) compare the most effective and 

reliable tree-based methods, RF, with comparable DT in the complete capture of the trends 

reproduced from the SCAPS-1D simulated data across all outputs. While SVR and LR were less able 

to give the complete nonlinear modelling capability, ANN is good for nonlinear modelling, but this 

is at the expense of a small degree of inconsistency in extreme values. 

 

(a) 

 

(b) 

 

(c) 
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(d) 

Figure 7. Predicted versus actual comparison of photovoltaic output parameters using six ML models: 

(a) Jsc, (b) FF, (c) Voc, and (d) eta. The dashed line represents the ideal 1:1 agreement. 

3.4. Robustness Analysis 

The robustness of each regression model under input noise (5–15%) was evaluated using R² and 

RMSE values, summarized in Table 5 and shown in Figures 8(a)–(c) and 9(a)–(c). Ensemble tree-based 

methods (RF, GBR) and DT maintained relatively high R² across all outputs. For example, RF eta 

values decreased from 0.909 at 5% noise to 0.502 at 15% noise, while GBR and DT showed similar 

decreasing trends (GBR η: 0.911 →  0.546; DT η: 0.915 →  0.512). ANN performance was highly 

sensitive to input perturbations, with negative R² for η and Jsc at higher noise levels, whereas SVR 

displayed moderate but consistently lower R² values. Linear Regression (LR) maintained moderate 

stability under noise (R215% ≈ 0.408–0.678) but lacked the predictive strength of tree-based models. 

These findings confirm that ensemble tree-based methods (DT, RF, GBR) maintain reliable robustness 

under moderate input variations, supporting their use for accurate performance prediction in 

practical Cu₂O/CdTe/SnO₂/ITO device design. 

 

(a) 
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(b) 

 

(c) 

Figure 8. Robustness analysis of machine learning models for the Cu2O/CdTe/SnO2/ITO solar cell under 

different input noise levels . (a)–(c): Robustness analysis of the six ML models showing R² performance 

under 5%, 10%, and 15% input noise levels. A decrease in R² with increasing noise indicates the 

sensitivity of model predictions to input uncertainty, and the ANN therefore shows poor robustness.  

 

(a) 
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(b) 

 

(c) 

Figure 9. RMSE based robustness analysis of different machine learning models for the 

Cu2O/CdTe/SnO2/ITO solar cell under different input noise levels .  (a)–(c): Robustness analysis of the 

six ML models showing RMSE performance under 5%, 10%, and 15% input noise levels. An increase 

in RMSE with higher noise levels indicates reduced prediction accuracy, with the ANN model 

showing the largest errors. 

After confirming the robustness and predictive reliability of the tree-based models (RF, DT, and 

GBR), SHAP analysis was employed to interpret the relative contribution of each device parameter 

to the predicted photovoltaic outputs. This provides a deeper understanding of the physical 

significance of input features and supports data-driven optimization of the Cu₂O/CdTe/SnO₂/ITO 

device architecture. 
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Table 5. Model Robustness of (R² under 5–15% Noise). Lower R² values with increasing noise indicate 

reduced robustness of the models, while  strongly negative R² values for ANN confirm its  poor 

performance under noisy conditions. 

Model Output R² 5% R² 10% R² 15% 

RF η 0.90949 0.73765 0.50166 

 Jsc 0.92395 0.75845 0.60803 

 FF 0.85813 0.56050 0.35565 

 Voc 0.86542 0.72211 0.57726 

GBR η 0.91070 0.68464 0.54601 

 Jsc 0.92448 0.77796 0.56857 

 FF 0.82850 0.51780 0.34128 

 Voc 0.84527 0.69692 0.58212 

DT η 0.91478 0.70824 0.51184 

 Jsc 0.90435 0.77368 0.64489 

 FF 0.82450 0.57650 0.35653 

 Voc 0.85373 0.72307 0.57690 

SVR η 0.35640 0.35071 0.34553 

 Jsc 0.48757 0.48026 0.47308 

 FF 0.22893 0.22553 0.22049 

 Voc 0.68875 0.68502 0.67015 

LR η 0.53211 0.52584 0.51869 

 Jsc 0.58284 0.58125 0.57347 

 FF 0.41084 0.40566 0.40796 

 Voc 0.68994 0.68627 0.67844 

ANN η -3.88120 -27.841 -41.670 

 Jsc -4.19010 -17.168 -38.273 

 FF 0.33058 -1.09370 -2.7516 

 Voc -6.45830 -31.459 -48.153 

4. SHAP Analysis 

The SHAP analysis provided deeper insight into how each physical parameter shaped the device 

performance across the models and is shown in Figure 10(a)–(d). Among all features, the SnO₂ donor 

concentration emerged as the most influential factor, showing the largest average SHAP value (≈0.24 

for η and ≈0.19 for FF). This indicates that higher SnO₂ doping strengthens the built -in field and 

enhances charge extraction, ultimately improving efficiency and fill factor. The CdTe concentration 

and thickness showed moderate influence (≈0.046 and ≈0.018–0.019 for η, respectively), confirming 

their expected roles in photon absorption, carrier generation, and maintaining higher Voc (≈0.055 

SHAP for Voc). The SnO₂ thickness contributed to a smaller extent (≈0.012 for η a nd ≈0.036 for Jsc), 

which aligns with its dual effect—while a thin window layer supports efficient carrier transport, 

excessive thickness increases optical losses and series resistance. The Cu₂O layer parameters showed 
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the weakest contribution (≤ 0.001), suggesting that within the studied range, their influence remains 

confined to contact resistance and interface recombination. Overall, the SHAP-derived ranking 

followed a clear trend: SnO₂ concentration > CdTe concentration > CdTe thickness > SnO₂ thickness  

> Cu₂O parameters. This trend closely matches the correlations obtained from the SCAPS -1D 

simulations. Both approaches independently highlight SnO₂ concentration as the dominant factor in 

determining overall device output, while CdTe properties primarily control photocurrent generation, 

and Cu₂O mainly affects carrier extraction near the back contact. The agreement between the data-

driven SHAP interpretation and the physics-based SCAPS simulation confirms that the machine 

learning predictions are not only statistically reliable but also physically meaningful. These findings 

suggest that optimizing the SnO₂ doping level, while maintaining thin window and absorber layers, 

offers the most effective path to achieving higher efficiency in the Cu₂O/CdTe/SnO₂/ITO device 

architecture. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 10. SHAP-based feature importance analysis for performance prediction of the 

Cu2O/CdTe/SnO2/ITO solar cell. (a) SHAP analysis representation of input feature values for Voc  

output across DT and RF models. CdTe concentration and thickness appear as the most influential 
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parameters affecting Voc. (b) SHAP analysis representation of input feature values for Jsc output 

across DT and RF models. SnO₂ concentration and CdTe concentration are the main influencers of Jsc, 

followed by SnO₂ thickness, while  Cu₂O parameters show a weaker influence. (c) SHAP analysis 

representation of input feature values for FF output across DT and RF models. SnO₂ concentration 

emerges as the most influential parameter for FF. (d) SHAP analysis representation of input feature 

values for ETA output across DT and RF models. SnO₂ concentration is the strongest influencer of 

efficiency (ETA), followed by CdTe concentration and CdTe thickness, while  Cu₂O parameters show 

minimal influence. 

5. Conclusion 

This research develops an integrated approach that employs artificial intelligence to enhance the 

modelling, optimization, and fabrication guidance of photovoltaic devices. The 

Cu₂O/CdTe/SnO₂/ITO thin-film solar cell is designed and analyzed using the SCAPS-1D simulator 

under one-sun AM 1.5G illumination. The effects of varying the thickness (0.04–0.15 µm) and doping 

concentration (1×10¹⁵–1×10¹⁹ cm⁻³) of the Cu₂O and SnO₂ layers, along with CdTe layer thickness (1–

4 µm) and doping concentration (1×10¹⁵–1×10¹⁹ cm⁻³), are systematically investigated, generating a 

dataset of 4097 points. This dataset trains and validates multiple machine learning (ML) algorithms, 

including Linear Regression, Decision Tree (DT), Gradient Boosting Regressor, Support Vector 

Regressor, Artificial Neural Network, and Random Forest (RF). 

The RF and DT models provide the highest accuracy with an excellent correlation of values (R² 

> 0.98) and lowest root mean square error (RMSE) when compared to SCAPS-1D, while also 

displaying a robust validation capability. Thus, combining the ML (machine learning) model with 

SCAPS-1D results in an excellent reduction in both the execution time and the time for optimization 

calculations. SHAP (Shapley Additive exPlanations) analysis has shown that the SnO₂ donor 

concentration and the thickness of the CdTe absorber layer are the factors having the strongest 

influence on the efficiency of the solar cell devices. This indicates that optimizing the SnO₂ doping 

level and CdTe absorber thickness should be prioritized to achieve higher efficiency, while variations 

in Cu₂O parameters play a comparatively smaller role within the studied range.The domination of 

the Cu₂O parameters is slight in comparison. Optimization of these parameters results in an increase 

in the power conversion efficiency (PCE) as much as 0.59 % to 29.54%. This validates the efficacy of 

the hybrid framework employed here. The proposed framework not only leads to acceleration of 

simulation-led design possibilities, but also leads to predictive possibilities which could be useful in 

the fabrication of experimentally optimized Cu₂O/CdTe/SnO₂/ITO solar cells. In further work, an 

extension of the combined framework to other possible heterojunction type structures may be 

completed, while adoption of deep learning as a means of looking at feature interact ions might be 

beneficial, and experiments completed as a method of leading to more direct bridges between 

simulation and fabrication. In this way, a path would be formed for next -generation devices, which 

would have a much more efficient photovoltaic effect with a CdTe base.  
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