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19  Abstract

20  In this work, the SCAPS-1D simulator is used to design and analyze the RbGels-based
21  perovskite solar cell (PSC) structure of FTO/ZnO/RbGels/Cu,O/Ni. The proposed structure is
22 evaluated under ideal and experimentally motivated non-ideal conditions. Initially, significant
23 parameters such as thickness, bandgap, and doping concentration corresponding to different

24 layers are optimized under ideal conditions, and a maximum efficiency of 30.41% is achieved.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

25  However, when non-ideal parameters such as realistic values of defect density at bulk and

26  interfaces, parasitic resistances, reflection loss, and radiative and Auger recombination losses
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27  are introduced, the efficiency of the cell decreases from 30.41% to 19.68%. Although the

(cc)

28  performance of the proposed device declines substantially, it reflects real-life conditions for
29  the lead-free RbGel;-based PSC. Additionally, to identify the most accurate algorithm in PSC
30  design technology, seven machine learning and four deep learning algorithms are compared in
31  this study. Among them, XGBoost provides optimum accuracy with an excellent R? value of
32 0.9999 and a lower MSE of 0.0038. Furthermore, the influence of individual non-ideal
33 parameters on the efficiency of the proposed structure is investigated, and found that, shunt
34  resistance dominates the efficiency among the five features. Therefore, this theoretical study
35  will help to minimize trial-and-error efforts in designing pragmatically efficient RbGel;-based

36  PSC.

37  Keyword: RbGel; absorber, experimental conditions, SCAPS-1D, machine learning, deep learning
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1. Introduction DOI: 10.1039/D5MAQ1427A

The increasing consumption of fossil fuels has contributed to environmental deterioration,
causing climate change and global warming and prompting the need for sustainable energy
sources like solar power [1-3]. Solar cells are a feasible and carbon-free substitute for fossil
fuels, as they can reduce societal and environmental damage [4]. As the usage of electronic
devices and electricity escalates due to expanding populations, technological advancements,
and development in emerging nations, the demand for energy consumption increases [5-7].
Currently, the fossil fuels contribute approximately over 80% of the world’s massive energy
demand [6]. As a result, the amount of CO, emission in the atmosphere increases substantially
and pollutes the ecosystem [8]. Therefore, to overcome these challenges, the solar energy is a
promising solution because it is reliable and environmentally friendly.

Among the various kinds of photovoltaic (PV) materials, organic-inorganic halides are
highly appealing substances due to their large absorption coefficient, tunable bandgap, higher
diffusion length, effective solution processing, lightweight nature, and low-cost [9-11]. Despite
this, most of their structural and mechanical characteristics pose major obstacles to the stability
and reliability of the designed structure [12]. It is well known that, the mechanical and thermal
stress during the fabrication phase and aging of PV devices cause micro-cracks, which decline
the performance of the perovskite solar cells (PSCs) [13]. Furthermore, the lead (Pb)-based
perovskite PV structure can adversely affect human growth and cognitive development,
presenting significant barriers to its extensive commercialization [14-16]. To combat this
challenge, scientists have investigated the application of alternative divalent metal cations such
as Sn** and Ge?' [6]. These alternates possess a +2 oxidation state and an outer electron
configuration identical to that of Pb>*, which makes them suitable replacements for Pb in PSCs
[17]. But the Sn*"ion easily oxidizes to Sn**, which reduces the stability of the Sn-based PSCs
at ambient conditions [6,16]. Additionally, the ionic radius of Ge?*, Sn?*, and Pb*" is 0.73, 1.35,
and 1.49 A, respectively [10,18]. The small ionic radius of Ge?* reduces the possibility of lattice
distortion, which improves the charge transport mechanism significantly [15]. Moreover, Ge
ion is chemically stable and provides better conductivity compared to the other two ions, which
makes it suitable to use in the perovskite material [10, 15].

Among the various types of Ge-based halide perovskite materials, RbGel; can be used as
a potential absorber due to its suitable bandgap ranging from 1.3 to 1.4 eV [9, 15]. The
thermometric characteristics of RbGel; material were first investigated in 1989 via XRD and

Raman spectroscopy [19]. For the very first time in 2019, the electrical, structural, and
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1 magnetic characteristics of cubic RbGel; halide perovskite were investigated using the £S5 aon
2 principle density functional theory (DFT) [20]. In the same year, another first-principle DFT
3 study reports the structural, electrical, and optical characteristics of the RbGel; halide
4  perovskite and evaluates the parameters such as frequency-dependent dielectric constants,
g 5 lattice constants, photo-absorption coefficients, effective masses of charge carriers, exciton
% 6  binding energies, and electronic band structures by use of PBEsol and HSE06 functionals [21].
;E‘) 7  The DFT analysis on the various properties of RbGel; inorganic perovskite material, including
g 8 elastic, optoelectronic, thermoelectric, thermodynamic, and mechanical characteristics, is
.é 9  performed by many research groups to check the potentiality as a light harvesting material in
2 10 PSCs[9, 13-15]. Although various research groups have already designed RbGel;-based halide
E 11 PSCs, but the PV performance parameters are still below the Shockley—Queisser limit [22].
':; 12 Therefore, further research should be done to enhance the PV performance of the RbGel;-based
% 13 PSCs.
% 14 Recently, a theoretical efficiency of 10.11% with a fill-factor of 63.68% is obtained for
% 15 the RbGels-based p-i-n structure of the FTO/TiO,/RbGel;/NiO/Ag solar cell utilizing the
E 16  SCAPS-1D simulator [10]. Another numerical study reports an excellent efficiency of 23.8%
% 17  for the RbGels-based PV device with CuCrO, as hole transport layer (HTL) [23]. A superior
E 18  PCE 0f 24.03% with V. 0f 0.88 V, J,. of 33.83 mA/cm?, and FF of 79.85% is achieved for the
é 19  FTO/TiO,/RbGels/PTAA/Au architecture from the twenty-five unique configurations of
g 20  RbGels-based PSC with various electron transport layers (ETLs) and HTLs [9]. In 2024, the
21  optimum theoretical efficiency of 30.35% with V. of 1.067 V, J,. of 33.15 mA/cm?, and FF of
22 85.82% is gained for RbGel;-based PSC with TiO, as ETL and Sb,S; as a potential HTL [6].
T 23 However, all these theoretical investigations are based on ideal conditions, and there are
24 still no experimental findings on RbGel; material as a light-harvesting layer in PV technology.
25  As we know, there is typically a large mismatch between the outcomes of numerical and
26  experimental investigations. In this case, the incorporation of experimentally motivated non-
27  ideal conditions such as reflection loss, parasitic resistances, radiative and auger recombination
28  losses, and defect densities at the bulk and interfaces will bridge the gap between the theoretical
29  and experimental results [24-27]. Despite the final outcomes indicating significantly lower
30  performance, they are more consistent with the experimental findings. Therefore, herein, we
31  have introduced the non-ideal conditions in the proposed RbGels-based PSCs to mimic the
32 experimental performances.
33 Nowadays, the machine learning (ML) and four deep learning (DL) possess significant
34  potential in the design and fabrication of PV devices by enhancing efficiency, reducing costs,

3
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and minimizing trial and error time [28,29]. In the field of materials science, ML/DL algorithing ;. s0x
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can rapidly screen and predict the properties of novel PV materials, significantly cutting down
the time and expense involved in experimental discovery. Moreover, the ML/DL algorithms
can predict the efficiency of the designed solar cells based on input parameters and device
architecture. Besides, the ML/DL techniques can provide insights by revealing hidden patterns
and correlations in large simulation datasets that traditional methods might overlook. This
approach not only accelerates the design and optimization of novel solar cell structures but also
supports the development of next-generation PV devices with improved performance and
reduced development time [28,30]. Various research groups have successfully incorporated
numerous ML techniques, including Linear Regression (LR), Random Forest (RF), Support
Vector Regression (SVR), Gradient Boosting (GB) and deep learning techniques, including
Artificial Neural Network (ANN), K-Nearest Neighbor (KNN), and Light Gradient Boosting
Machine (LGBM) algorithms to analyze the influence of material properties on the
performance metrics of PV devices [28,31-38]. Their reports validate the significance of
employing ML and DL algorithms in solar cell technology.

In this study, real-world factors such as defect densities, resistances, reflection, and
recombination losses are incorporated into the simulation of RbGels-based PSCs, in contrast
to the majority of existing simulation studies that primarily consider idealized (non-real)
conditions. Initially, key layer parameters—including bandgap, thickness, and doping
concentration—are optimized under ideal conditions to achieve maximum theoretical
efficiency. Subsequently, experimentally motivated non-ideal conditions are introduced by
applying bulk and interfacial defect states, series and shunt resistances, reflection loss, as well
as radiative and Auger recombination losses, to mimic experimental performance. Finally,
among the seven ML and four DL models tested, the XGBoost model demonstrates the highest
prediction accuracy. SHAP analysis further reveals that shunt resistance is the most influential

factor affecting device efficiency.

2. Methods and Methodology
2.1. SCAPS-1D simulation and modelling

In this numerical study, we have used the one-dimensional solar cell capacitance simulator
(SCAPS-1D) to design and investigate the impact of ideal and experimentally motivated non-
ideal conditions on the PV performance of the RbGels-based PSC. Researchers at the

Department of Electronics and Information Systems (ELIS), University of Ghent, Belgium,
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1 have designed and developed the software [39]. This simulator is designed based gn. the dfifts ;. 50x
2 diffusion equations, continuity equations, and Poisson’s equations [39,40]. After entering the
3 relevant materials baseline parameters for each layer, the software can determine the PV
4  performance metrics by solving the equations. Fig. 1(a) represents the cubic structure of the
g 5  RbGel; perovskite light-harvesting layer, which is extracted from the Materials Project open
% 6  access database [41]. Fig. 1(b) illustrates the architecture of the RbGel3-based PSC, where ZnO
;é‘) 7  and Cu,O are used as ETL and HTL, respectively. The device is simulated under the radiation
§ 8  of the AM 1.5G spectrum at a power density of 1000 Wm and a temperature of 300K [10].
.é 9  The absorption coefficient (o) used for the individual layer can be calculated using the given
é 10 equation below.
% Il a=An/(hv—Ey), (1)
g 12 where A, is the pre-factor, hv is the incident photon energy, and E, is the bandgap of the
é 13 individual layer of the designed PV device. In this numerical investigation, the physical
E 14  parameters used for each layer are extracted from various published experimental and
?g 15  theoretical papers and listed in Table 1 [1,15,35,42-44]. Additionally, the interface defect
;5 16  parameters used in this theoretical analysis are taken from various experimental literature and
% 17 tabulated in Table 2 [42,45,46].
%
=
Ni l
Cu,0 :
£ RbGel, > &
Zn0 -
FTO 4
Glass Substrate
Anfinfy
Sun light
(a) (a)
19
20  Fig. 1. (a) RbGel; cubic structure and (b) Schematic demonstration of designed PSC.
21
22
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Fig. 2. (a) Energy band and (b) Energy level illustration of designed PSC.

The energy band structure and energy level illustration of the proposed perovskite device
are demonstrated in Fig. 2(a) and (b). For the efficient transportation of charge carriers, proper
band alignment should be maintained between the active layer and charge transport layers [35].
The position of energy levels at the interfaces can be directly assessed through the band offset
called the conduction band offset (CBO) and valence band offset (VBO). Mathematically, the
value of CBO and VBO can be expressed by the following equations [47].

CBO:Xperovskite - XETL 2
VBO=XurL + Egnrr - (Xperovskite T Eg perovskite)s 3)
where X and E, represent the value of electron affinity and bandgap, respectively. According
to the above equation, a positive CBO value of 0.10 eV, which means a “spike-like” band
offset, is formed at the RbGel;/ZnO interface. When the conduction band (CB) energy level of
the ETL is greater than the CB energy level of the perovskite layer, a positive CBO, i.e., a
“spike-like” band structure, is formed [48,49]. This spike structure acts as a barrier for the flow
of electrons [49]. On the other hand, a negative CBO, i.e., a “cliff-like” band formation, is
created when the CB energy level of the perovskite layer surpasses the CB energy level of the
ETL layer [48,49]. Due to this cliff structure, the amount of electron accumulation at the
perovskite/ETL interface increases [6]. Consequently, the amount of recombination at the
interface increases significantly [6]. According to the study, for the better performance of the
PV device, a positive CBO value of “spike-like” band formation is suitable compared to the

“cliff-like” structure [50].
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3 2 Fig. 3. Nyquist plots for (a) different CBO and (b) VBO values.
T 3
]
§ 4 To observe the effect of CBO on the recombination mechanism and device performance,
O
% 5 Nyquist plot is an excellent choice. The Nyquist plots for all devices are semicircular in nature
g 6  [51]. The left side of the Nyquist plot indicates the impedance at high frequency, while the
g 7  right side describes the impedance at low frequency [52]. Besides, the larger diameter of the
g 8  Nyquist plot indicates better charge transport and reduced carrier recombination compared to
E 9  the smaller diameter [53]. Here, a Nyquist plot is demonstrated in Fig. 3(a) for various CBO
% 10 values. The three CBO values were selected by varying the electron affinity of the ZnO ETL
— 11 toinvestigate the sensitivity of the CBO to carrier recombination. From the figure, it is evident
12 that positive CBO (spike) values have larger semicircle diameters in comparison to the negative
13 CBO (cliff) value. Therefore, for spike-like band arrangements, the carrier recombination rate
] ecreases significantly ana eventually leads to better device performance. In this numerica
5 14 d ignificantly and lly leads to b devi it In thi ical
15 investigation, the CB energy level of the ZnO ETL surpasses the RbGel; perovskite layer, with
16 a positive CBO value of 0.1 eV, resulting in a restriction of electron injection at the
17 RbGels/ZnO interface, which will contribute to the reduced recombination rate. According to
18  the theory, the PV performance parameters are maximized when the value of positive CBO
19  ranges from 0 to 0.4 eV [54], which is closely aligned with our findings.
20 Additionally, for the efficient transportation of holes from the perovskite layer to the back
21  electrode, the value of VBO at the HTL/perovskite interface should be lower negative or
22 positive [6]. A higher value of negative and positive VBO assists the collection of holes at the
23 HTL/perovskite interface, which increases the recombination rate significantly [47]. As a
24 result, the PV performance parameters of the solar cell decrease. Therefore, a lower value of
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substantially, resulting in improved overall device performance.

VBO should be expected. Here, Fig. 3(b) shows the impact of VBO on charge recombinaf

using the Nyquist plot. The different VBO values are selected by varying the electron affinity
of the Cu,O HTL to evaluate the sensitivity of device performance. From the figure, it can be
seen that for lower negative values, the diameter of the Nyquist plot increased. As a result, the
rate of recombination at the HTL/perovskite interface decreases, which aligns entirely with the
theory [47]. In this study, using equation (3), the value of VBO is calculated to be -0.13 eV.
This parameter promotes easier transportation of holes from the absorber to the back electrode

through the HTL. Consequently, the rate of charge recombination at the back interface reduces

Table 1. Physical parameters used for different layers in suggested RbGels-based PSC
[1,15,35,42-44].

Specifications (unit) n+-type n-type ETL p-type p+type HTL

Window (FTO)  (ZnO) Absorber (Cu,0)
(RbGels)

Thickness (pum) 0.05 *0.01-0.1 *0.3-1.5 *0.05-0.15

Band gap (eV) 3.6 3.3 1.40 2.17

Electron affinity (eV) 4 4.0 4.10 3.20

Dielectric permittivity (relative) 9 9.0 23.10 7.11

CB effective DOS (cm™) 2.20x10"8 3.70x10'8 2.80x10" 2.10x10"7

VB effective DOS (cm™3) 1.80x10" 1.80x10" 1.40x10" 1.10x10"°

Electron thermal velocity (cm/s) 107 1007 1097 1007

Hole thermal velocity (cm/s) 1007 1007 1007 1097

Electron mobility (cm?/V-s) 100 100 28.60 200

Hole mobility (cm?/V-s) 25.00 25.00 27.30 80

Donor density Np (cm™) 1018 *1015-10%! 109 0

Acceptor density N (cm™) 0 0 109 *1015-10%!

Defect type SA SA SD SD

Energetic distribution Gaussian Gaussian Gaussian

Defect density (cm™) 1015 *1010-1016 1013

*Variable
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10  input features: absorber defect density, series resistance, shunt resistance, reflection, and
11 radiative recombination rate. These features are known to critically affect the internal loss
12 mechanisms and energy conversion processes of solar devices. To comprehensively evaluate

13 model performance and generalizability in predicting solar cell efficiency, a total of eleven

1 Table 2. Parameters of interface layers [42,45,46]. O 10,1039 e AGLASTA
Specifications (unit) RbGel;/ZnO interface Cu,O/RbGel; interface
Defect type Neutral Neutral
Capture cross-section of electrons (cm?) 1071° 1071
g Capture cross-section of holes (cm?) 10719 10719
é Reference for defect energy level E; Above the highest E, Above the highest E,
é Energy with respect to reference (eV) 0.6 0.6
:% Total density (cm™2) 10111016 10111016
3 2
=
o
2 3 2.2. Machine and Deep Learning Model Development for Solar Cell
£
Q
g 4  Performance Optimization
pd
g 5 In this study, various ML and DL models are employed to predict the efficiency of solar
a
g 6  cells by analyzing their physical and electrical characteristics. The goal is to leverage data-
[%2]
= . . . . .
é 7  driven techniques to accelerate the optimization process of solar cell performance while
Q . . . . . .
9 8 reducing the reliance on extensive experimental trials. Specifically, the study focuses on
2
§ 9 predicting the efficiency of solar cells based on five key experimentally motivated non-ideal
(]
o
e}
5
ki
@
S
2
2
s
B
2
<
'_

14 models are explored, comprising seven traditional ML algorithms and four DL architectures.
15  The ML models employed in this study include Random Forest (RF), Support Vector Regressor
16  (SVR), Gradient Boosting Regressor (GBR), XGBoost, LightGBM, CatBoost, and Multilayer

Open Access Article. Published on 02 March 2026. Downloaded on 3/2/2026 11:29:25 PM.

17  Perceptron (MLP). These algorithms are chosen for their proven effectiveness in handling non-

(cc)

18  linear relationships, robustness to noise, and suitability for small to medium-sized datasets,
19  making them ideal candidates for modeling the complex physical behavior of photovoltaic
20  devices [55]. In addition to the ML models, four deep learning (DL) models are implemented:
21  Artificial Neural Network (ANN), Deep Neural Network (DNN), Long Short-Term Memory
22 (LSTM), and Convolutional Neural Network (CNN). These DL architectures are capable of
23 learning intricate, high-dimensional feature representations and non-linear mappings, which
24 are beneficial for capturing subtle dependencies among the input parameters [56]. Despite the
25  relatively small dataset, regularization techniques, careful hyperparameter tuning, and robust
26  validation strategies are applied to prevent overfitting and enhance model generalization. All

27  models are trained to predict solar cell efficiency based on five critical non-ideal input features
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and are evaluated using regression metrics such as R? score, Mean Squared Error (MSE),ca1id . 1o0n
Mean Absolute Error (MAE).

Before model training, a preliminary analysis is carried out to understand the statistical and
physical relationships between the input parameters and solar cell efficiency. This involved
both correlation-based and model-based feature significance evaluations. As illustrated in Fig.
4, the Pearson correlation heatmap has been constructed to quantify the linear dependencies
between each input feature and the target variable (Efficiency). The results show that shunt
resistance has the highest positive correlation with Efficiency (r = 0.44), indicating its strong
positive influence on performance. On the other hand, radiative recombination and absorber
defect density exhibit moderate negative correlations (r = —0.36 and —0.21, respectively),
reflecting their detrimental effects on solar cell output. Reflection and series resistance also

show low negative correlations of —0.15 and —0.08, respectively.

Feature Correlation Heatmap

Absorber defect density -0.00 0.00 -0.00 0.00

Series resistance -

Shunt resistance -

Reflection -

Radiative recomhination -

Efficiency -

Fig. 4. Pearson correlation heatmap to illustrate linear dependencies between each input feature

and the target efficiency.

10


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ma01427a

Page 11 of 39 Materials Advances

To capture potential nonlinear interactions that correlation alone may not reygal, feaftite ;s h0x

importance is further analyzed using the XGBoost algorithm, with the results shown in Fig. 5.
The feature importance ranking reaffirms the dominance of shunt resistance, followed by
radiative recombination, absorber defect density, reflection, and series resistance. These
findings not only validate the correlation outcomes but also highlight the capability of
ensemble-based models to assess multivariate dependencies. Together, these analyses provided
early-stage guidance for model design and confirmed the relevance of all five non-ideal input

features. Given their physical interpretability and importance, no feature elimination or

O 0 I N »n B~ W N =

dimensionality reduction was performed prior to modeling.
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11 Fig. S. Feature importance for predicting PCE.
12

(cc)

13 The ranges of the non-ideal parameters were chosen based on the published data used
14 mostly for the solar cell simulation and fabrication. Table 3 shows the range, the total number
15  of steps, and values for all of these input material parameters. All possible combinations of the
16  input parameters were utilized to generate 1024 unique samples and their corresponding power
17  conversion efficiency. Here, a batch calculation in the SCAPS-1D is conducted to create a
18  dataset for determining the impacts of five non-ideal input parameters (absorber defect density,
19  series resistance, shunt resistance, reflection, and radiative recombination rate) on device
20  performance. These five experimentally motivated non-ideal input features characterize the
21  electrical and optical loss mechanisms inherent to the solar cell structure and are critical in

22 modeling its output performance.
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Table 3. Range and values of non-ideal parameters with steps. O 10,1039 e AGLASTA
Parameters Ranges Steps Values
Absorber defect density 1012-1016 4 10!2, 1013, 10%3, 101¢
Series resistance 1.0-5.0 4 1.0, 3.0, 4.0, 5.0
Shunt resistance 101-10° 4 10', 102, 104, 10°
Reflection 0.05-0.25 4 0.05, 0.15, 0.2, 0.25
Radiative recombination rate 106-10-1 4 10,107, 1010, 10-11

A preliminary inspection confirmed the dataset contains no missing or null values,
eliminating the need for data cleaning or imputation. To ensure reliable model validation and
generalization, the dataset is partitioned into training and testing subsets using an 80:20 split
ratio. This separation helps prevent overfitting and ensures that all models are evaluated on
unseen data [57]. Additionally, due to the variation in units and numerical scales among the
input features, feature standardization is essential. StandardScaler from Scikit-learn is applied
to normalize the data, ensuring that all features contribute equally during the training process.
The scaler is first fitted on the training data and then applied to both the training and testing
sets to avoid information leakage [58]. This transformation scales each feature to have a mean
of zero and a standard deviation of one. Such preprocessing is particularly crucial for models
that rely on gradient-based optimization, including advanced neural architectures like CNN and
LSTM, as well as machine learning models such as MLP. Proper scaling improves convergence
speed and model stability, especially for techniques sensitive to feature magnitude. Moreover,
to enhance model performance and ensure reliable predictions, a manual grid search strategy
is implemented to systematically optimize the hyperparameters of all models [59]. For the
seven ML models, important hyperparameters such as the number of estimators, tree depth,
learning rate, kernel type, and regularization strength are tuned. Although MLP is a neural
model in architecture, it is categorized as an ML model in this work due to its shallow structure
and non-sequential design. For the four DL models, the grid search includes tuning parameters
such as the number of layers, number of neurons per layer, activation functions (ReLU,
sigmoid, tanh), dropout rates, batch sizes, and learning rates are optimized. These
hyperparameters play a pivotal role in controlling the model’s capacity, convergence behavior,
and regularization. During the tuning process, cross-validation is applied to prevent overfitting
and to ensure generalizability across different data partitions. Each combination of

hyperparameters is evaluated based on regression metrics including the R?, MAE, MSE, and

12
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1 RMSE [59]. These metrics collectively provide a balanced assessment of prediction, agCutatyy soiion
2 residual distribution, and error magnitude, enabling a robust comparison of model

3 performance.

4

5 3. Result and Discussion

6 3.1.Ideal Conditions

7 Here, the theoretical performance limits of the RbGels-based PSC are evaluated through

8  simulation under ideal circumstances, which assume minimal defects, no optical loss, parasitic

9  resistance free, and no recombination losses. Such conditions give an upper-bound estimate of

10  the efficiency and important performance metrics of the solar cell. The PV outputs of V. =
11 1.10 V, J. = 31.73 mA/cm?, FF = 87.04% and PCE = 30.41% are achieved by maintaining
12 ideal conditions for the designed RbGel3-based PSC.

13

14 3.1.1. Impacts of thickness and bandgap of RbGel; perovskite layer on output parameters
15 The thickness and bandgap of the perovskite absorber layer in a solar cell are linked since
16  both influence light absorption, charge carrier dynamics, and ultimately, the efficiency of the
17  solar cell. The thickness influences the amount of light absorbed and effective carrier
18  collection, while the bandgap regulates the portion of the photon spectrum that is absorbed and

19  transformed into electrical energy.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

20 In this study, the absorber bandgap is adjusted from 1.25 eV to 1.6 eV, and the thickness is

21 varied between 0.3 um and 1.5 pm to examine the cell performance shown in Fig. 6. It is

Open Access Article. Published on 02 March 2026. Downloaded on 3/2/2026 11:29:25 PM.

22 observed that the rise in thickness has the greatest impact on J. and, in turn, efficiency. As

(cc)

23 absorber thickness is incremented within the range 0.3-1.5 um, deeper light absorption creates
24 agreater number of electron-hole pairs, raising the Jg. [33]. The impact of thickness on FF and
25 Vg is less pronounced. However, additional thickness increments have little effect on
26  performance metrics once a certain thickness of 1 um is reached due to saturation of light
27  absorption. The material requires less thickness when its bandgap widens because it can absorb
28  photons with more energy at shallower penetration depths. Wider bandgaps can result in higher
29 V. and less absorption of lower-energy photons, diminishing J. [60], evident in Fig. 6. While
30  FF has less of an impact, efficiency follows the same pattern as Ji.. The conclusion is that the
31  solar cell's ability to harvest light deteriorates when the band gap of RbGel; widens. The
32 bandgap of 1.4 eV for the absorber is crucial in balancing V. and J to preserve the highest
33 possible PCE.
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Fig. 6. Impacts of thickness and bandgap of perovskite layer on output metrics of suggested
PSC.

3.1.2. Effects of thickness of ETL and HTL of the proposed structure on PV outputs
Solar cells require charge transport layers (ETL and HTL) since they are vital in improving
efficiency, stability, and overall device performance. The absorber utilizes photo absorption to
generate electron-hole pairs. The ETL and HTL capture and transmit electrons and holes,
respectively, while obstructing their counterparts. The ETL and HTL build energy barriers that
only permit a particular charge carrier to pass, minimizing recombination. The thickness of
ETL and HTL is a key design parameter that must be tuned to equalize charge extraction, limit
recombination, and minimize resistance [61]. Fig. 7 illustrates the detailed impact of ETL and
HTL thicknesses on cell performance when modified within the ranges of 10-100 nm and 50-
150 nm, respectively. The findings from Fig. 7 indicate that the cell performance declines
slightly with enhanced ETL thickness. Reduced transparency is the consequence of both
enhanced recombination and parasitic absorption as ETL thickness increases [62]. In contrast,

all the PV parameters, except V., improved a little when HTL thickness varied between 50

14
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and 150 nm. The device architecture may use a thicker HTL layer that offers increased moBility) . s0x
and conductivity to create high performance and reproducible devices [63]. As HTL is not
required to be transparent, its thickness is less significant than ETL. ETL with a thickness of
50 nm and HTL with a thickness of 100 nm are employed in this simulation to account for

these factors.

Joe (mAfem?)
- 7 -31.732
31732
31.732
31.732
31732
31.732
31.732
31731
s 31731
g 31.731 B 21;:
101 .

1A - T -
101
A0
101 51 353
a0 %
101 € aire
101

A01

31.732 \
\
|

1.101

1.101

Voo (V)

1.101

1.101

= GRS T G e =

%)

87.045
87.045
87.044 30.413
87.044 30.413
g87.044 - 03 30.413
87.044 30.413
87044 30.413
87.044 30.412
87.044 30412
87044 30.412
87.044 30.412

PCE (%)
= 30.413
30.413

PCE (%

Fig. 7. Impacts of thickness of ETL and HTL on output metrics of suggested PSC.

3.1.3. Effects of doping concentration of ETL and HTL of the proposed structure on PV
outputs

A solar cell's performance is greatly influenced by the doping density in the ETL and HTL,
especially with regard to charge transfer, recombination, and overall efficiency. The doping
density regulates the electric fields that separate the charge carriers at the absorber/HTL and
ETL/absorber interfaces [64]. Fig. 8 shows the output characteristics of the constructed solar
cell when doping density is varied from 10" ¢cm to 102! cm? in both the ETL and HTL,

respectively. The doping density in the ETL exhibits limited influence on the overall device

15
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outcomes. This is due to the adoption of a thinner ETL (50 nm) that has no discernible igdp8ct ;. son
on device performance as long as the doping concentration in ZnO ETL is far greater than that
of the RbGel; [65]. Conversely, Fig. 8 demonstrates that, except for Jy, the cell's PV
characteristics greatly improved as the HTL doping density increased. Greater bulk
recombination results from increased dark current when HTL is lowly doped [65]. This
phenomenon results in lower V., whereas increasing doping density raises V. levels, as seen
in Fig. 8. Additionally, weaker FF due to reduced HTL doping is the indication of higher series
resistance [66]. Consequently, V. and FF are the most impacted metrics, simultaneously
decreasing the device's efficiency. In the subsequent assessment procedures, doping density is

kept at the 10'® cm3 value for both ETL and HTL.

107716 10

‘(c,,hp 10 oo™
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Fig. 8. Impacts of doping density of ETL and HTL on output metrics of suggested PSC.
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1 3.2. Experimentally Motivated Non-Ideal Conditions DOL: 10.1038/DSMAOLAZ7A
2 Solar cell simulations are often considered idealized and over-simplified because they rely
3 on assumptions that do not fully capture real-world complexities. The idealized simulation
4  provides valuable insights into the theoretical efficiency limits of solar cells. By comparing
g 5  these results with practical constraints, researchers can identify key areas for material and
g 6  device optimization, ultimately improving the real-world efficiency of photovoltaic systems.
% 7  However, real-world applications require the consideration of material imperfections, resistive
% 8  losses, recombination, and environmental influences. This study examines the impact of defect
é 9  density, parasitic resistance, reflection, radiative, and auger recombination losses in
g 10 experimentally motivated non-ideal scenarios.
g
g 12 3.2.1. Effects of defect density of RbGel; perovskite layer on PV outputs
é 13 The optoelectronic characteristics of thin-film devices are significantly influenced by
% 14 defect states in bulk materials, which act as recombination sites for photo-generated carriers.
§ 15  Device performance at various defect energies and concentrations can offer a comparative
g 16  analysis that can be used to optimize non-ideal settings, considering that defect level densities
; 17  are heavily reliant on experimental process pathways. Fig. 9 depicts the solar output variables
g 18  based on defect levels and their concentrations in the RbGel; absorber. While the location of
é 19  the defect level within the bandgap dictates its impact on recombination and carrier dynamics,
§ 20  recombination losses increase with defect concentration. There are two sorts of defect levels
21  based on position: shallow and deep [67]. Shallow defects are found close to the conduction or
22 valence bands, whereas deep defects are formed close to the mid band gap energy.
o 23 Additionally, shallow defects have less impact on PSC performance than deep defects [68].
24 The data from Fig. 9 show that performance metrics degrade with larger defect concentrations
25  at the defect level from 0.3 to 1.4 eV, categorized as deep flaws. For the perovskite layer,
26  experimentally the value of the defect state can be obtained between 10'° cm= to 10'7 ¢m3 [42-
27  44]. In this study, we have used a bulk defect density of 10'* cm™ which can be achieved
28  experimentally. Therefore, at the optimized defect value of 10'* cm™ with a level of 0.77 eV,
29  the PV results are acquired as Vo, = 0.96 V, J,. = 31.73 mA/cm?, FF = 81.89%, and PCE =
30  25%. The severity of photovoltaic faults depends on their location, concentration, and energy
31 level, leading to subjective conclusions.
32

17


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ma01427a

Open Access Article. Published on 02 March 2026. Downloaded on 3/2/2026 11:29:25 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

11
12
13
14
15

Materials Advances

1.15 32.0 i At
DOI: 10.1039/D5
1.10 | ©003930300000099999a0nann22aga099999 | | 200000002000333333 3333300000000 883333
................. 316+
1.05
1.00 - 3121
PR \ . S E
2{, 0.9 —a—10"%cm? < —— 10" cm?
= L —— 10" cm’® E 308+ —— 10" cm®
0.90 o
o— 102 cm = +—10"7 em’®
085} —— 10" cm™® 304 —— 10" cm?
o— 10" ¢m2 —— 10" em?
0.80} o— 10" em —— 10" cm’®
075} —o—10"% cm™® 300 >— 10" o3
-0.5 0.0 05 1.0 1.5 2.0 -0.5 0.0 0.5 1.0 1.5 2.0
Defect energy level (eV) Defect energy level (eV)
90 32
88 30 F
86 28 L
84 -
_ 7 26}
X 82+ @ 3% 22209 / =
I \ ) ) - _0_10100m73 LIJ24 |
w 80 S —a—10" cm® ks
10" em™ 221
78| @ 13 103
- J —a— 10" cm 20
76 \ o —e—10%em® i
Y ) @ i 1015 Cm—3 18l
r —e—10"% cm™
72 1 1 1 1 1 16 1 | 1 1 1
-0.5 0.0 0.5 1.0 1.5 2.0 -0.5 0.0 0.5 1.0 1.5 2.0
Defect energy level (eV) Defect energy level (eV)

Fig. 9. Effects of different defect levels at different densities of RbGel; perovskite layer on PV

outputs.

3.2.2. Influences of interface defect density on cell performances

Bulk defects primarily lower carrier lifetime and diffusion length, but interface defects
promote recombination and increase resistive loss. Additionally, mid-gap states may be
produced by interface imperfections, impairing both the emission and absorption processes and
negatively influencing the efficiency of photo conversion [69]. To investigate further, defect
states are introduced at the ETL/absorber and HTL/absorber interfaces, with densities ranging
from 10'! cm™ to 10'¢ cm™. Fig. 10 indicates that the device performance is more negatively
impacted by greater defect concentrations at the HTL/absorber interface than by defects at the
ETL/absorber interface. Higher defect states at the interfaces have the least impact on Jg
because bulk recombination predominates over interface recombination. Efficiency decreased

as V. and FF were dropped together with larger defect densities. This considerable efficiency

18
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1 loss suggests rapid recombination at the interfaces, possibly caused by the developmett ofi; ison
2 intermediary trap states for carriers between the adjacent layers. Experimentally, the interface
3 defect density can be found in the range of 10'>-10'7 ¢cm™ [44]. Therefore, in our study, we
4 have used an interface defect density of 104 cm for both the ETL/absorber and HTL/absorber
% 5 interfaces. As a result, the solar cell outputs reached V,. = 0.93 V, J,. = 31.73 mA/cm?, FF =
o
3 6  83.75%, and PCE = 24.84%.
=
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9  Fig. 10. Impacts of defect density at ZnO/RbGel; and RbGel3/Cu,0 interfaces on performance
10 metrics of suggested PSC.
11
12 3.2.3. Effects of resistances on proposed solar cell outcomes
13 In the best of circumstances, parasite resistances are disregarded. This section examines the
14  impact of series (R;) and shunt (Rg,) resistances after the defect effect has been considered. The
15 combined effect of the resistances from the connections across layers and the metal-

16  semiconductor interfaces results in the Rg [70]. As seen in Fig. 11, the Ry varies from 0 to 5
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Qcm? and Ry, changes from 10 to 10° Qcm?, cumulatively. Because of the sharp decay, itbEF,
the PCE drastically declined with significant R,. The J has a substantial reduction from 31.73
to 21.15 mA/cm? due to increasing restriction for routing through layers with higher R,. Hence,
it is necessary to optimize Ry for maximizing device performance. Since it would lead to non-
complementary absorption, cutting the absorber thickness during manufacture is not a
workable way to minimize R [71,72]. On the other hand, a larger R, denotes less leakage over
the junction because the thin layer is less prone to imperfections. Within the range of 0 to 5
Qcm? for R, PV parameters changed as V. from 0.32 to 0.93 V, FF from 25 to 68.53%, and
PCE from 2.52 to 20.35%, and J. remained unaltered at 31.73 mA/cm? when Ry, varied from
10 to 10% Qcm?. At the optimized condition of Rg =2 Qcm? and Ry, = 103 Qem?, the solar cell

outputs are 0.93 V (Voo), 31.67 mA/em? (J), 75.82% (FF), and 22.43% (PCE).
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Fig. 11. Effects of series and shunt resistances on PV outputs.
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3.2.4. Effects of reflection on proposed solar cell outcomes DOI: 10.1039/DEMAGLAZTA

The capability of a photovoltaic device to capture incident photons is one of its essential
features. The reflected light is that portion of energy that the cell cannot utilize. Reflection and
absorption loss can account for a significant portion of optical loss in solar cells [73]. Fig. 12
shows the modification of the reflection parameter from 0% to 30% to incorporate the effect
of optical loss in the form of reflectance. Higher reflection loss caused the PV parameters of
the designed cell to deteriorate since the reflected light does not contribute to exciton
generation. Hence, Ji is drastically reduced from 31.67 to 22.17 mA/cm?. V. is slightly
decreased from 0.934 t0 0.921 V, and as a result, PCE is further reduced from 22.43 to 15.62%.
The average reflection is adjusted to 10% [74] in the FTO, and the obtained PV outputs are V.
=0.93 V, J,.=28.50 mA/cm?, FF = 76.13%, and PCE = 20.19%. Nevertheless, anti-reflection

coatings and surface texturing can be used to lower the reflection losses.
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Fig. 12. Effects of reflection on PV outputs.
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3.2.5. Effects of radiative recombination on proposed solar cell outcomes |/ 0z0/hsmaoizomn
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Fig. 13. Effects of radiative recombination on PV outputs.

In the development of highly efficient PSCs, recombination of charge carriers, whether
radiative or non-radiative, is a prominent and detrimental challenge. Therefore, it must be
reduced to a lower rate. Radiative recombination is a process in which an electron from the
conduction band recombines with a hole in the valence band, emitting energy in the form of a
light with energy equal to the bandgap [26]. Mathematically, radiative recombination

coefficient can be expressed by the following equation [25].

1
: “4)
Tn,rad or Tp,radx NA or ND

B, =

where, Tprad, and Tprqq are the electron minority and hole carrier radiative lifetime, Np and
Na stand for the donor and acceptor density, respectively. Further, the carrier lifetime can be

expressed as [32],
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1 Thorpraa = ﬁ, DOI: 10.1055%@5\‘28&2%
noNeVien

2 where o, 1s the capture cross-section of electron and holes, vy, is the thermal velocity of charge

3 carriers and N; is the defect density of absorber.
g 4 In this numerical study, the rate of radiative recombination is varied between 1072 and 10-
'g 5 Scmds’!, and the corresponding influence on the PV performance metrics is demonstrated in
}g 6  Fig. 13. From the figure it is evident that when the radiative recombination increases, the PV
é 7  performance parameters, including V., Ji, FF, and PCE, decrease significantly. For the
E 8  enhancement of radiative recombination rate from 10712 to 10-¢ cm3s™!, the value of V., Jg, FF,
g 9 and PCE declines from 0.93 to 0.713 V, 28.5 to 24.09 mA/cm?, 76.13 to 60.01%, and 20.19 to
Zi 10 10.31%, respectively. In our investigation, we selected the value of radiative recombination to
é 11 be 10 cm’s’!, which is closely aligned with the published reports [75,76].
g 12
£
§ 13 3.2.6. Effects of Auger recombination on proposed solar cell outcomes
% 14 In addition to the radiative recombination, non-radiative recombination, such as Auger
S 15 recombination also impacts the performance of the designed PSCs [77]. Auger recombination
% 16  is a non-radiative phenomenon in which the energy released by the recombination of an
g 17  electron-hole pair is transmitted to a third carrier, which is excited to a higher energy state
% 18  rather than contributing to the photon emission [77]. Mathematically, Auger recombination
é 19  coefficient can be expressed by the following equation [25].
N 20 Baugern 07 Baugerp = 1 ©

2 2
Taugern OF Taugerp X Na or Np

Open Access Article. Published on 02 March 2026. Downloaded on 3/2/2026 11:29:25 PM.

21 Where Baugern 07 Baugerp are the electron and hole Auger recombination coefficients,

(cc)

22 Tpygern OT Taugerp tepresent the electron and hole carrier Auger lifetimes, and Np and Ny
23 stand for the donor and acceptor density, respectively. Furthermore, the electron and hole
24 carrier Auger lifetimes can be evaluated using equation (5).

25 The variation of the Auger recombination rate of the proposed structure and their effects
26 onthe PV performance parameters are illustrated in Fig. 14. It can be observed from the figure
27  that, for the increase of the Auger recombination rate from 10-3° to 1024 cm®s™!, the performance
28  metrics of the designed PSC decrease gradually. The value of V., J., FF, and PCE diminishes
29  from 0.89 to 0.84 V, 28.49 to 27.25 mA/cm?, 77.48 to 75.49%, and 19.68 to 19.18%,
30  respectively. In this theoretical investigation, we select the Auger recombination rate to be 10-

31  ? cms’!, which is approximately close to the published reports [75,76].
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Fig. 14. Effects of auger recombination on PV outputs.

3.3. Solar Cell characteristics through Various Machine and Deep Learning

Algorithms

In this study, seven ML and four DL models were used to predict solar cell efficiency based
on five non-ideal input features. These models were selected for their ability to model non-
linear relationships and perform effectively on moderate-sized datasets. The combination of
these ML and DL models allows for a comprehensive evaluation of predictive performance in

modeling solar cell behavior.

3.3.1. Comparative analysis and performance evaluation of Various Algorithms

In this section, a comparison is carried out among seven ML and four DL models to
evaluate their effectiveness in predicting solar cell efficiency. The performance metrics,
including the 5-fold cross-validation scores, are detailed in Table 4. The test parity plots for
the ML and DL models are displayed in Figs. 15 and 16, respectively. Among the ML models,
XGBoost, CatBoost, and GBR achieved near-perfect predictive accuracy, with XGBoost

24
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leading the group with a test R? of 0.9999 and a test RMSE of 0.0591. The 55fold, ct0885 c1ismn
validation R? for XGBoost (0.9998 = 0.0001) provides a rigorous confirmation that the model
is not overfitting to the SCAPS-generated data but has successfully captured the underlying
patterns. In contrast, the SVR model shows significantly higher error values, with a test MSE
of 19.5550 and a lower R? of only 0.5085, indicating a poor fit to the data and limited ability
to model the underlying relationships. Interestingly, while the deep learning models (ANN,
DNN, CNN, and LSTM) were able to learn general trends, their performance was significantly

lower than the ensemble tree-based models, achieving R? values ranging only between 0.6784

O 0 I N »n B~ W N =

and 0.6990. While the smaller size of the dataset (1024 samples) is a contributing factor, the

—_—
S

relatively low dimensionality of the input features (consisting of only five features) favors the

—
—

partitioning logic of ensemble tree methods over the high-parameter DL architectures. Deep

—_—
\S)

learning models typically work well in high-dimensional spaces, where they can extract

—
[98)

hierarchical features. However, for this shallow feature space, tree-based models like XGBoost

[S—
~

provide a more efficient mathematical mapping. Overall, the consistent results between the test

—
()]

metrics and the cross-validation scores prove that gradient-boosting models are the most robust

—_
(o)}

and suitable choice for solar cell performance prediction.
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f: g 4 Table 4. Performance comparison of various algorithms.
8§ % Model MSE MAE RMSE R? CV R? CV RMSE
S0
é g RF 0.0249 0.1048 0.1579 0.9994  0.9988 (+/- 0.0003) 0.2126
= é GBR 0.0049 0.0489 0.0698 0.9999  0.9998 (+/- 0.0001) 0.0894
83
% @ SVR 19.5550 2.7430 4.4221 0.5085  0.5457 (+/- 0.0235) 4.2364
g3
8 % XGBoost  0.0035 0.0431 0.0591 0.9999  0.9998 (+/- 0.0001) 0.0794
;: =
8 — MLP 13.0723 2.7828 3.6156 0.6714  0.6789 (+/- 0.0119) 3.5589
é LightGBM  0.0094 0.0692 0.0969 0.9998  0.9997 (+/- 0.0001) 0.1055
O
& CatBoost ~ 0.0028 0.0345 0.0525 0.9999  0.9997 (+/- 0.0002) 0.1087
=il
ANN 12.4935 2.6414 3.5346 0.6860  0.6446 (+/- 0.0916) 3.7061
DNN 12.3756  2.6875 3.5179 0.6889  0.6856 (+/- 0.0231) 3.5174
CNN 12.7929 2.7597 3.5767 0.6784  0.6934 (+/- 0.0270) 3.4700
LSTM 11.9763 2.5919 3.4607 0.6990  0.5529 (+/- 0.2114) 4.0927
5
6
7 3.3.2. Proposed XGBoost model
8 The proposed Extreme Gradient Boosting (XGBoost) model demonstrated superior
9  predictive performance across all key evaluation metrics, making it the most effective
10  algorithm among the models explored for forecasting solar cell efficiency. XGBoost was
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selected due to its robust ability to capture complex non-linear interactions between, itigtt ;. isn

variables and the output target, its built-in regularization mechanisms, and its efficiency in
training and prediction, particularly with structured tabular data. The XGBoost model operates
by constructing an ensemble of decision trees in a sequential manner, where each subsequent
tree attempts to correct the errors made by its predecessor. Additionally, XGBoost incorporates
L1 and L2 regularization, which help prevent overfitting—a critical feature when working with

small to moderate datasets like the one used in this study.

Table 5. Hyperparameter summary of the optimized XGBoost model.

Hyperparameters Values

learning_rate 0.1
max_depth 6
n_estimators 300
subsample 0.8

The optimal configuration of the XGBoost model was determined through manual grid
search, and the selected hyperparameters are summarized in Table 5. The model was trained
with a learning rate of 0.1, a maximum tree depth of 6, and 300 estimators, ensuring both speed
and accuracy in convergence. A subsample ratio of 0.8 was used to enhance model
generalization by introducing randomness during training. These hyperparameter choices
provided a balance between complexity and bias-variance trade-off. This proposed XGBoost
model achieved outstanding results, with a test MSE of 0.0035, RMSE of 0.0592, MAE of
0.0431, an R? score of 0.9999, a cross validation (CV) R? score of 0.9998 (+/- 0.0001) and a
CV RMSE of 0.0794, indicating its exceptional ability to predict solar cell performance with
minimal error, and also there is no sign of overfitting. These outcomes confirm that the
XGBoost algorithm is highly reliable for capturing the non-linear dependencies between the

non-ideal parameters, and their impact on overall solar cell efficiency.

3.3.3 Feature Significance with SHapley Additive exPlanations (SHAP)

SHAP is employed to thoroughly interpret the predictions of the XGBoost algorithm by
quantifying the contribution of each input feature to the model’s output [78]. SHAP values
indicate how individual features affect specific predictions—positive values suggest an

increase in the predicted output, while negative values indicate a decrease. This approach helps
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identify which features consistently drive the model’s predictions and to what extent,, ffefifig o 1o0n
valuable insight into the model’s decision-making process. Two types of SHAP visualizations
were utilized: the summary bar plot (Fig. 17), which ranks features by average importance, and
the beeswarm plot (Fig. 18), which provides a detailed view of how feature values affect
predictions across samples. As shown in the SHAP summary bar plot (Fig. 17), shunt resistance
emerged as the most influential feature in determining the model’s predictions, followed by
radiative recombination, absorber defect density, reflection, and series resistance. This ranking

reflects the average magnitude of each feature's impact on model outputs. The beeswarm plot

O 0 I N »n B~ W N =

(Fig. 18) further reveals that high values of shunt resistance are associated with higher predicted

—_—
(e

efficiency (positive SHAP values), while lower shunt resistance values negatively influence

—
—

efficiency. On the other hand, high values of radiative recombination and absorber defect

—_—
9}

density tend to reduce efficiency, consistent with physical expectations in photovoltaic

—
[98)

behavior.
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16  Fig. 17. SHAP summary bar plot showing feature contributions to the XGBoost model
17  prediction.
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3.4. Overall performances of the final RbGel;-based PSC.

The J-V characteristics of the proposed solar cell structure at ideal and experimentally
motivated non-ideal conditions are illustrated in Fig. 19. From the figure it is observed that the
value of V., and J. decreases from 1.10 to 0.89 V and 31.73 to 28.49 mA/cm?2, when non-ideal
parameters are included in the designed PV device. Additionally, the physical parameters
optimized for the proposed structure are listed in Table 6. These optimized parameters have
excellent alignment with the parameters found experimentally. The overview of the PV
performance metrics of the designed RbGels-based PSC from ideal to non-ideal conditions is
showcased in Table 7. It can be seen that for individual non-ideal parameters, the PV
performance metrics are decreasing gradually. For the introduction of bulk defect density, the
power conversion efficiency reduces from 30.41% to 25%, indicating that bulk recombination
is a major contributor to performance degradation. Upon incorporating the remaining five non-
ideal parameters (e.g., interface defects, series resistance, shunt resistance, reflection losses,
radiative, and Auger recombination losses), the efficiency further decreases from 25% to
19.68%. This analysis demonstrates that bulk defect density accounts for the largest individual
efficiency drop (5.41%), while the combined effect of the other five experimentally motivated

non-ideal factors contributes an additional reduction of 5.32%. Therefore, bulk recombination
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Fig. 19. J-V characteristics of RbGels-based PSC at ideal and non-ideal conditions.
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Table 6. Physical parameters optimized for proposed RbGel; PV device.

emerges as the single most dominant degradation mechanism, whereas the remaiping, ld§5¢§

arise from the cumulative impact of interfacial, resistive, reflection, and recombination effects.

Optimized ZnO  RbGel; Cu,O  Interface defect density Resistance  Reflection
parameters (unit) ETL  Absorber HTL RbGel/ZnO  Cu,O/RbGel,

Thickness (um) 0.05 1.0 0.1

Np (cm?) 1018 1.0x10° -

Nj (cm?) - 1.0x10° 10'8

N, (cm?) 101 1014 1015

Total density (cm™?) 10 104

B, (cm’s) 10° 10 10°

B ugerp (cm®st) 102 10%® 10-»

B ugerp (cmst) 102 10% 10-2°

R, (Q.cm?) 2.0

Ry (Q.cm?) 10

R (%) 10
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Table 7. Summary of the PV parameters of RbGels-based PSC from ideal to, ngnsidéalss ison

conditions.
Steps Voo (V) I FF (%) Efficiency
(mA/cm?) (%)
Ideal conditions 1.10 31.73 87.04 30.41
Applying absorber bulk defect density 0.96 31.73 81.89 25.00
Applying defect density at both the interfaces 0.93 31.73 83.75 24.84
Applying resistances 0.93 31.67 75.82 22.43
Applying reflection losses 0.93 28.50 76.13 20.19
Applying radiative recombination 0.89 28.49 77.48 19.68
Applying auger recombination 0.89 28.49 77.48 19.68

Table 8. Comparison of PV outputs obtained for various RbGelz-based PSC devices.

Structures Research  Efficiency (%) References
Area

FTO/Ti0O»/RbGel;/Ag Theoretical 3.60 [79]
FTO/TiO,/RbGel;/NiO/Ag ” 10.11 [10]
TCO/Ti0,/RbGel;/CuSCN/Ag ” 12.57 [10]
FTO/IDL1/RbGels/IDL2 ” 17.78 [15]
FTO/ZnSe/RbGel;/CuSCN/Au ”? 17.93 [16]
FTO/TiOy/RbGel;/Cul/Ag ” 18.10 (7]
FTO/PCBM/RbGel;/PTAA/C ” 21.89 [80]
FTO/TiO,/RbGel;/PTAA/Au ” 24.03 [9]
ITO/TiO,/RbGel;3/Sb,S3/Pt ” 30.35 (6]
FTO/ZnO/RbGels/Cu,O/Ni (Ideal condition) ” 30.41 This work
FTO/ZnO/RbGels/Cu,O/Ni (Non-ideal condition) ” 19.68 This work

The configuration of RbGel;-based PSCs designed by various research groups is listed in
Table 8. According to the table, although experimental investigations are not yet performed on
RbGel;-based solar cells, many research groups identified the potentiality of RbGels-based
material in solar cell technology. Theoretically the efficiency of the RbGels-based PV devices
increases from 3.60% to 30.35% [6,7,9,10,15,16,79,80]. In our work, we obtained the highest
PCE of 30.41%, considering the ideal conditions. On the other hand, when we introduced
experimentally motivated non-ideal conditions, the PCE reduced to 19.68%, which has a good

alignment with the experimental outcomes of the PSCs [81,82]. Therefore, it can serve as a
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1 benchmark and guide for future researchers and may assist experimental scientists i, desigtiifig ;. n
2 and optimizing similar device structures. Additionally, various ML and DL models are
3 employed to predict the efficiency of the proposed PSCs, and to evaluate the influence of
4  individual non-ideal parameters on device performance. The complete workflow—ifrom
g 5  dataset generation to final model optimization—is illustrated in Fig. 20.
é 6
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8  Fig. 20. Graphical illustration of application of various ML and DL algorithms in this study.
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4. Conclusion DOI: 10.1039/D5MAQ1427A

In this article, a lead-free planar heterostructure RbGels-based PSC is designed and
examined using the SCAPS-1D simulator. The performances of proposed structure of
FTO/ZnO/RbGel3/Cu,O/Ni are analyzed under ideal and experimentally motivated non-ideal
conditions. To achieve the maximum PCE of 30.41% with V. of 1.10 V, J 0of 31.73 mA/cm?,
and FF of 87.04%, the thickness and carrier concentration of various layers are optimized.
Here, the thicknesses of the RbGel; perovskite layer, ZnO ETL, and Cu,O HTL are selected to
be 1.0 pm, 0.05 um, and 0.1 pm, respectively. Additionally, the carrier concentration of ZnO
ETL and Cu,O HTL is selected to be 10'® cm3, respectively. Later, we have introduced various
non-ideal parameters, including defect density at bulk and interfaces, parasitic resistance (series
and shunt), reflection losses, and radiative and Auger recombination losses, and attained a PCE
of 19.68% with V. of 0.89 V, J . of 28.49 mA/cm?, and FF of 77.48%. Despite the device's
performance diminishing significantly, it still holds substantial importance to the experimental
scientists. Later, we have employed seven ML and four DL algorithms to determine the most
highly efficient algorithm for performance prediction in solar cell technology. Among the
eleven algorithms, XGBoost performs outstandingly with an excellent R? value of 0.9999 and
a lower MSE value of 0.0038. Besides, the SHAP plot is used to illustrate the effects of every
single non-ideal parameter on the PCE of the designed structure and determine that shunt
resistance prevails among them. In general, despite the performance of PV devices declining
substantially, this study emphasizes the significance of non-idealities in PV technology in
bridging the gap between idealized simulations and practical device characteristics. While the
present work is purely simulation-based and does not include experimental validation, it
provides theoretical insights into the performance limits and sensitivity of lead-free RbGels-
based perovskite solar cells to various non-ideal factors. Moreover, these findings are intended
to serve as a guiding framework for future experimental investigations rather than a direct

demonstration of immediate fabrication feasibility.
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cell/RbGel3%20ML%20PCE.xlsx, while the Notebook containing the full modelling and
analysis code is available at: https://github.com/TM-Khan-9/RbGel3-perovskite-solar-

cell/blob/RbGel3-perovskite-solar-cell/solar3.ipynb. All materials are openly accessible

through the GitHub repository.
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