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░ ABSTRACT- This study introduces a sophisticated computational model developed in MATLAB to simulate the 

performance of interdigitated back contact (IBC) solar cells under various environmental conditions. The main objective of this 

work is to develop and validate a neural network that can predict Iph and Io of an IBC solar cell under varying environmental 

conditions (temperature and irradiance). The model is based on a deep feedforward neural network comprising two hidden layers 

with 20 and 10 neurons, respectively. This architecture enables accurate prediction of key electrical parameters, such as 

photocurrent (Iph) and reverse saturation current (Io), influenced by factors like temperature and irradiance. Trained on synthetic 

data representing realistic fluctuations in these variables, the neural network significantly outperforms conventional experimental 

models in predictive accuracy. The simulation analyzes current–voltage (I–V) and power–voltage (P–V) characteristics over a 

voltage range of 0 to 0.85 V, incorporating temperature-dependent ideality factors to faithfully represent physical behavior. 

Iterative optimization strategies were implemented to address convergence issues in open-circuit voltage calculations, ensuring 

realistic voltage levels (approximately 0.6–0.7 V at 100 W/m²). The model demonstrates impressive performance, accurately 

predicting short-circuit current (Isc), open-circuit voltage (Voc), maximum power point (Pmax), fill factor (FF), and overall 

efficiency, all validated against expected IBC cell behavior. This predictive framework provides a versatile tool for optimizing 

the design and performance of IBC solar cells under dynamic operating conditions. 
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░ 1. INTRODUCTION 
Solar energy has become a cornerstone of the global transition 

toward renewable energy, with photovoltaic (PV) technologies 

evolving rapidly to improve efficiency, scalability, and 

adaptability under diverse environmental conditions [1]. Among 

the advanced PV architectures, interdigitated back contact (IBC) 

solar cells have emerged as a particularly promising design. By 

relocating all electrical contacts to the rear surface, IBC cells 

minimize front-side shading and significantly enhance charge 

carrier collection efficiency, leading to high power conversion 

efficiencies exceeding 26% in laboratory settings [2]. 
 

Maximizing the performance potential of IBC solar cells 

requires accurate and robust modeling tools capable of capturing 

their complex physical behaviors [3]. Traditional modeling 

approaches, such as the single-diode or double-diode equivalent 

circuit models, provide reasonable accuracy under standard test 

conditions (STC: 1000 W/m², 25°C) [4]. However, these models 

often fall short when dealing with non-linearities introduced by 

environmental variations such as fluctuating irradiance and 

temperature, particularly in advanced architectures like IBC 

cells where interactions between the front-surface field (FSF) 

and back-surface field (BSF) introduce additional complexity 

[5]. While numerical simulation tools like PC1D and Silvaco 

ATLAS offer a more detailed analysis by solving semiconductor 

equations, they are computationally intensive and require 

extensive parameter calibration, limiting their practicality for 

rapid design iterations or broad parametric studies [6]. 
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In parallel, the field of photovoltaic modeling has increasingly 

turned toward data-driven methodologies, especially machine 

learning (ML) and artificial neural networks (ANN), to address 

the limitations of conventional models [7]. Prior studies, such as 

those by Almonacid et al. (2016) and Karatabe et al. (2006), 

have demonstrated the potential of neural networks to predict I–

V characteristics and cell efficiencies with high accuracy, even 

under variable environmental conditions [8-9]. More recent 

efforts, including the work of Procel et al. (2017), have extended 

these techniques to IBC architectures, highlighting their ability 

to optimize design parameters such as contact spacing and 

dopant activation [10]. Hybrid approaches combining physical 

models with deep learning architectures, including multilayer 

perceptrons and recurrent neural networks, have further 

improved predictive performance by integrating environmental 

inputs like temperature and irradiance [11]. 
 

Building on this momentum, the present work introduces a 

MATLAB-based simulation framework that leverages a deep 

feedforward neural network to model the performance of IBC 

solar cells. The model predicts fundamental electrical 

parameters specifically photocurrent (Iph) and reverse saturation 

current (Io) as functions of temperature and irradiance, using a 

physics-informed data-driven approach. Trained on enhanced 

synthetic datasets, the model captures non-linear interactions 

and environmental dependencies more effectively than 

conventional empirical techniques [12]. The suggested scheme 

allows the standard voltage sweep to be extended beyond 2 V 

significantly further than the normal range of single-junction 

models [13], thus providing more detailed electrical 

characterization of such cells as IBC solar. It also makes use of 

temperature-dependent ideality factors parameters that greatly 

influence the accuracy of the estimation of thermal changes in 

the behavior of the diode, the mechanisms of recombination, and 

finally, the Voc, fill factor (FF), and conversion efficiency [14].  

 

Besides, whilst earlier simulation research mainly performs two-

dimensional I–V and P–V curves at different irradiance and 

temperature [15], the current study goes further by visual 

features that include a 3D surface of power versus voltage and 

irradiance an integral, intuitive insight into the device’s 

characteristics through the environmental conditions. Through 

this hybrid methodology, the proposed framework provides a 

flexible, precise, and scalable tool for the analysis and 

optimization of IBC solar cell performance, paving the way for 

integration with experimental data and advanced design 

algorithms [16]. 

 

░ 2. STUDIED STRUCTURE AND 
SIMULATION PARAMETERS 
The overall structure and the electrical parameters of the 

investigated solar cell are illustrated in figure 1 and table 1, 

respectively. The parameters are carefully selected using the 

literature [17][18]. 

 

 
 

 

Figure 1. General structure of IBC Solae Cell 
 

░ Table 1. Values of technological and physical parameters 
 

 

Solar Cell 

Parameter 

Value Ref 

Photogenerated 

current 

Iph,ref = 0.05[A] [16]. 

Reverse saturation 

current 

Io,ref=5×10−12[A] 

(increased to improve 

model accuracy) 

[17]. 

Diode ideality factor n=1.1 [16,17]. 

Series resistance Rs=0.0005 [Ω] [18]. 

Shunt resistance Rsh=2000 [Ω] [17]. 

 

The script simulates the electrical behavior of the solar cell 

under the following conditions: 

• Temperature range: T = [300, 305, ..., 350] [K] 

• Irradiance range: G = [100, 200, ..., 1000] [W/m²] 

• Voltage sweep: V = [0, 0.01, ..., 0.85] [V] 

 

 

Figure 2.  I-V and P-V curve of IBC Cell (IBC Solar Cell Metrics: 

Short-circuit current (Isc): 0.050 A, Open-circuit voltage (Voc): 0.720 

V, Maximum power (Pmax): 0.030 W, Voltage at Pmax (Vmp): 0.630 V, 

Current at Pmax (Imp): 0.048 A, Fill factor (FF): 0.833, Efficiency 

(1000 W/m2): 29.973%) 

 

 

http://www.ijeer.forexjournal.co.in/
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Figure 3. Neural network architecture 

 

░ 3. NEURAL NETWORK-BASED 

PREDICTION OF PHOTOGENERATED 

AND SATURATION CURRENTS  
The model leverages a deep neural network to predict the values 

of the photogenerated current (Iph) and the reverse saturation 

current (Io) as functions of temperature (T) and irradiance (G). 

The training dataset is synthetically generated by varying 

temperature within the range of 280 K to 370 K and irradiance 

between 50 W/m² and 1200 W/m², ensuring coverage of a broad 

spectrum of realistic environmental conditions. 

Expression for the photogenerated current: 
 

Iph= Iph,ref× (
G

100
) +αT(T-298)                                  (1)       

 

Where αT=0.0005 A/K is the temperature coefficient of the 

photogenerated current. 
 

Expression for the reverse saturation current: 
 

I0= I0,ref×𝑒𝑥𝑝(
ln(1.15)×(T-298)

10
)×(

G

100
)
0.5

                    (2) 

 

Where, 
Symbol Description Value Units 

Iph Photogenerated current To predict A 

Iph,ref Photocurrent at reference 

conditions 

0.05 A 

G  Irradiance [100:100:1

000] 

W·m⁻² 

T  Cell temperature [300:5:350] K 

αT  Temperature coefficient of 

photocurrent 

(5.10-4) A.K⁻¹ 

I0 Reverse saturation current To predict A 

I0,ref Reference saturation current 

(at 298 K, 100 W/m²) 

(5 .10-12) A 

ln(1.15) Temperature scaling factor — — 

 

The input features (T, G) and target outputs (Iph, Io) derived 

from these analytical expressions are used to train a deep 

feedforward neural network, enabling the model to generalize 

current predictions under diverse and dynamic operating 

scenarios. 

 

░ 4. NEURAL NETWORK CONFIGURATION 

AND TRAINING 
A feedforward neural network architecture was implemented, 

comprising two hidden layers with 20 and 10 neurons, 

respectively: 

• Hidden layers 1 and 2: Tangent sigmoid activation 

function (tansig) 

• Output layer: Linear activation function (purelin) 

The training was conducted using the Levenberg–Marquardt 

(trainlm) algorithm, with mean squared error (MSE) as the 

performance metric. The training parameters were defined as 

follows: 

• Maximum number of epochs: 2000 

• Performance goal (target MSE): 1 × 10⁻⁶ 

• Data division: 70% for training, 15% for validation, and 

15% for testing 
 

After training, the network was used to predict the 

photogenerated current (Iph) and reverse saturation current (Io) 

over the predefined ranges of temperature and irradiance. 
 

The training successfully converged, achieving the target error, 

as indicated in the summary panel of the MATLAB nntraintool 

interface in figure 4. 

 

 
 

Figure 4. Neural network training 

http://www.ijeer.forexjournal.co.in/
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4.1. Uncertainty Quantification of Neural Network Predictions 
In order to strengthen the reliability of the neural-network predictions a full uncertainty quantification stage has been added. First, 

the prediction error was evaluated on the test dataset by computing the RMSE and the standard deviation of the residuals. Then, an 

ensemble of 10 independently trained neural networks was generated in order to estimate the variability of the predictions through 

model diversity. For each predicted variable, the mean prediction and the ± standard deviation interval are now reported. Error bars 

were added to the plots (Figure 5) of Iph, Io, Pmax, and Voc. This addition significantly improves the reliability and transparency 

of the results and better reflects the robustness of the proposed model. 

 

  

  

Figure 5. Predictive uncertainty for neural network outputs Iph, Io, Voc, and Pmax 

 

░ 5. RESULTS AND DISCUSSIONS 
5.1. MSE Curve Analysis 
Figure 6 demonstrates the progress of the MSE after 11 epochs of training for three different datasets: training (blue line), validation 

(green line), and test set (red line). MSE is plotted on a logarithmic scale on the y-axis enabling for a wide-ranging view of the 

performance. A steady dependence of MSE for all three datasets indicates that the network is learning and well converging towards 

the objective. Training error shows a clear but substantial decline over training, indicating that the model is effectively optimizing 

its internal loss function.  
 

A train validation error achieved its minimum value at epoch 11, where best validation performance is at 5.3474×10⁻⁶.  
 

The test error also decays along similar lines as training test input for assurance that generalization would occur on previously 

untested samples. 
 

The absence of an increase in validation curve indicates no sign of overfitting up to the final epoch, the best performance is often 

highlighted see figure 6 and it is the lowest point of validation error. 

http://www.ijeer.forexjournal.co.in/
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Figure 6. MSE Analysis Across Training, Validation, and Testing 

Phases 
 

5.2. Training State Variables Over Epochs 
Here, we look at the change of three variables during the 11 

epochs of training: 
 

 
 

Figure 7. Training Convergence Diagnostics for Neural Network  

Using Levenberg-Marquardt Algorithm 
 

The gradient (top plot) illustrates the magnitude of the derivative 

of the performance function with respect to network weights. 

The gradient is a quantity which describes how much the change 

in error would be if we had decided to change weights. The 

curve is gently decreasing from epoch 0 to epoch 11. At epoch 

11 the gradient value is 1.4895 × 10⁻⁵, which implies that the 

system has converged. The reducing gradient indicates that the 

optimization is going in the direction of a local minimum. The 

last small gradient means that the weights are almost unchanged 

and thus the training process is near to or has reached the optimal 

solution. 
 

Mu (middle plot) is a parameter that controls the amount of 

damping in the Levenberg-Marquardt (LM) algorithm, and it 

represents the extent of the change from the gradient descent to 

the Gauss-Newton methods. Mu was originally at a very high 

level; however, it has been gradually falling until it reached 1 × 

10⁻⁷ at epoch 11. The decrease of Mu means that the 

optimization is resulting less by the gradient descent steps and 

more by the Gauss-Newton steps, which are more appropriate 

when we are close to the solution. The very small result value 

thus assures the algorithm confidence in weight changes and that 

the loss surface behaves in a smooth way at this local part of the 

surface. Validation Checks (Bottom Plot) This variable is 

utilized when determining how much successively the 

validation mistake has been not less than that of the preceding 

time. The validation performance has stayed the same the whole 

time the system was being trained (zero validation checks across 

all 11 epochs). There are no signs that overfitting has occurred 

or the system has lost its ability to generalize. 
 

5.3. The Error Histogram 
Figure 8 demonstrates the error histogram with 20 bins where 

the x-axis signifies the prediction error (Error = Target – 

Output) and the y-axis illustrates the number of instances 

corresponding to each error bin. Bars are of different colors to 

make the distinction among data subsets easier: Training data 

(blue), validation data (Green), test data (Red), vertical line 

(Orange): Zero error reference. 
 

 
Figure 8.  Error Distribution Across Training, Validation, and Test 

Sets 
 

The histogram shows a symmetrical distribution featuring a very 

high peak at the middle which is the zero-error point. Most of 

the errors are within a very small range near zero, typically 

between −0.002 and +0.002 which indicates that the model is 

good at finding the target values in the three datasets. The 

highest bar next to zero has a number of instances that are more 

than 600 and it mainly comes from the training dataset with a 

little contribution from the validation and test datasets that is 

visible. Thus, it means that the model is properly trained and it 

has the ability to generalize correctly. Occurrences when the 

errors are bigger than ±0.01 are hardly find therefore it can be 

concluded that the model is very accurate in predicting the target 

value. There are no large outliers and the training, validation, 

and test datasets are similar in their contribution to the center 

bins. This means that the model is consistent in its performance 

on different data sets and there is no sign of over fitting. The 

training, validation, and test datasets are similar in their 

contribution to the center bins, which means that the model 

performance is consistent across different data splits and there is 

no sign of overfitting.

http://www.ijeer.forexjournal.co.in/
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5.4. Regression Analysis 
The regression charts in figure 9 illustrate the capability of the constructing neural network model to generate forecasts for 

the training, validation, and test datasets. The charts display the values of the network's output against the corresponding 

target values. Each subplot represents a different data partition. The regression results present very high correlation 

coefficients (R values), which are, R = 0.99999 for the training set, R = 0.99993 for the validation set, R = 0.99995 for the 

test set, and R = 0.99998 for the overall dataset. These figures prove the almost perfect linear relation between the verified 

and the predicted, hence indicating that the model has really learned the data distribution with a minimum of overfitting or 

underfitting. 
 

 

Figure 9. Regression Analysis of Predicted vs. Target Values: R ≈ 1.0 
 

 

 

 

 

 

 

The regression lines that were fitted are virtually identical to the line Y=T, which proves the model's good predictive power and 

similarity between all the data subsets. Moreover, the regression equations' slopes being close to one and intercepts being negligibly 

small further indicate that the model does not have a bias in its predictions. In short, the trained model is capable of generalizing 

and reconstructing the target outputs with high fidelity for the seen and unseen data. 

http://www.ijeer.forexjournal.co.in/
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5.5. IBC Cell Performance 
Figure 10 displays the I–V and P–V properties of a solar cell (PV) simulated via a neural network. The neural network was used to 

estimate the key parameters of the diode - photocurrent (Iph) and the reverse saturation current (Io) - as functions of temperature (T) 

and irradiance (G). In the simulation, irradiance remained constant at 1000 W/m² while temperature changed from 300 K to 350 K. 
  

 

Figure 10. Simulated I–V and P–V Characteristics of a Photovoltaic Cell at Various Temperatures Using a Neural Network-Based Parameter 

Estimation Model 

 

The I–V curves (left) assert that the short-circuit current (Isc) goes up slightly with increasing temperature, which is in accordance 

with the expected rise in thermally generated carriers. At the same time, the open-circuit voltage (Voc) decreases significantly as the 

temperature increases, which is explained by the neural network that provides a higher saturation current I0, which influences Voc 

exponentially due to the Shockley diode equation. The related P–V curves (right) give additional proof, that there is a slow decrease 

in the highest power output (Pmax) with the temperature growth. This can be explained by the fact that the decrease in Voc 

overcompensates the slight increase of Isc resulting in lower power output at higher temperatures. These findings confirm that the 

neural network has obtained the complex nonlinear transformation between the environmental factors (T, G) and the internal PV 

cell parameters (Iph, Io), and is able to faithfully mimic the cell's electrical behavior in a variety of operational temperatures. The 

strong similarities of the derived curves imply the model can act as a capable alternative for traditional physics-based models in PV 

performance simulation and optimization tasks. 

 

5.6. Validation Against Literature and Standard Models 
To assess the physical validity of the proposed hybrid neural–electrical model, its predicted electrical parameters were compared to 

real experimental cell in table 2. The proposed hybrid model shows excellent agreement with the Villalva 2009 model for all major 

electrical parameters.Voc, FF, and Pmax align strongly with state-of-the-art IBC solar cell metrics.This model has slightly higher 

Isc because it assumes ideal absorption ,which is expected and acceptable when using synthetic data. Table 2 proves that the hybrid 

framework is physically realistic, even without experimental input. 

 

░ Table 2. Comparison with Real Experimental Cell 
 

Parameter Proposed Hybrid Model Villalva Single-Diode 

Model 

Experimental IBC Cells (Yoshikawa et al [2]) 

Isc (A) 0.050 A 0.051–0.053 A 0.039–0.042 A (39–42 mA/cm²) 

Voc (V) 0.720 V 0.69–0.71 V 0.70–0.74 V 

Vmp (V) 0.630 V 0.61–0.63 V 0.62–0.67 V 

Imp (A) 0.048 A 0.047–0.049 A 0.036–0.040 A 

Pmax (W) 0.030 W 0.029–0.030 W 0.025–0.028 W for 1 cm² 

Fill Factor  0.833 0.80–0.83 0.82–0.86 

Efficiency  29.97% 28–30% 25–26.6% 

http://www.ijeer.forexjournal.co.in/
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Figure 11. Predicted Maximum Power Output as a Function of 

Temperature and Irradiance Using Neural Network-Based Modeling 
 

The three-dimensional surface plot in figure 11 presents changes 

in Pmax along with irradiance and temperature. It is typical that 

Pmax shows a very strong positive relation with irradiance, 

because of the increased photogeneration of charge carriers that 

occurs under higher light intensities. On the other hand, the 

influence of temperature is more complicated; although 

temperature of about 300–310 K is beneficial for the output 

power, when it goes higher it results in Pmax reduction, mostly 

caused by reduction in open-circuit voltage due to the negative 

temperature coefficient and increase in recombination losses. 

The surface reflects the noticeable irregularities in the grid 

structure which can be attributed to the neural network model 

from the local input data and the model's approximation errors. 

Power values at a maximum (>30 W) are localized in areas with 

high irradiance and moderate temperatures, thus indicating the 

model’s success in representing non-linear phenomena that exist 

between T, G and the PV system’s output. These results affirm 

the reliability and precision of the neural network-aided 

approach for forecasting important parameters in photovoltaic 

installations. 

 

░ 6. CONCLUSIONS 

This study successfully developed and refined a MATLAB-

based simulation framework for interdigitated back contact 

(IBC) solar cells. It incorporates advanced computational 

strategies to model electrical performance under varying 

temperature (300-350 K) and irradiance (100-1000 W/m²) 

conditions. The major innovation lies in the use of a deep 

feedforward neural network (NN) with two hidden layers (20 

and 10 neurons), which was trained on an enriched synthetic 

dataset, to predict the photocurrent (Iph) and reverse saturation 

current (Io) with high accuracy. This data-driven approach, 

combined with a physically anchored I-V model that considers 

temperature-dependent idealistic factors, generated realistic 

current-voltage (I-V) and power-voltage (P-V) curves over a 

voltage range (0-0.85 V). Key performance metrics, such as 

short-circuit current (Isc), open-circuit voltage (Voc), maximum 

power (Pmax), fill factor (FF), and efficiency, were calculated 

and validated, consistent with the expected behavior of IBC 

cells, with a Voc of approximately 0.72 V at 1000 W/m² and 

efficiency of 29.97 %. 
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