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Perovskite silicon solar cells have an unprecedentedly high-power conversion efficiency
compared to other solar cell technologies. This manuscript aims to accomplish two
specific goals. The first objective is to investigate the impact of perovskite layer
thickness and doping concentration on the solar cell's power conversion efficiency. The
second one is to conduct a comparative study to identify the best artificial intelligence
technique for simulating the complex nonlinear behaviour of the variation of material
parameters versus power conversion efficiency. A solar cell capacitance simulator is
used to examine the photovoltaic properties of perovskite silicon solar cells. The
simulation is conducted in three stages. Firstly, studying the silicon base structure
efficiency to determine the absorber layer c-Si(p) thickness and doping, and the buffer
layer c-Si (n) thickness and doping. The second stage is the single-junction of solar cell
structure in which c-Si (p++) is used as back surface field. Finally, the perovskite silicon
solar cells study the impact of perovskite layer thickness and carrier concentration on
power conversion efficiency. The efficiency increases linearly from 26.5% to 28.5% with
the perovskite layer thickness. Solar cell behaviour is simulated utilizing multi-layer
perceptron. It represents satisfied results.

1. Introduction

Global environmental concerns and rising energy demand, along with continuing advancements
in renewable energy technologies, are pushing the use of alternative energy supplies. Nowadays solar
energy is the most economical and plentiful long-term natural resource [1-3]. Solar Photovoltaic (PV)
technology is one of the best ways to use solar power to create electricity by converting sunlight to
direct current in solar cells or PV cells [3,4].
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Perovskite Solar Cells (PSCs) have gained popularity due to their cheaper cost and easier
production techniques. Perovskite materials have been known for a long time, but in 2009, A. Kojima
et al., showed the first plan for the solar cell [5,6]. As electron transport material, the nanocrystals of
organometallic halide perovskites CHsNH3BX3 (B= Sn, Pb; X = Cl, Br, 1) that are linked to mesoporous
TiO; films have been used. These materials absorb light in a good manner and have efficiencies up to
3.8% and 3.13% respectively [6,7]. A summarizing brief is given here to show what has happened to
the percentage of each of the PCE for 2 terminal perovskite-silicon based solar cells according to the
simulation results that are already validated in [8-15]. Sahli et al., had reached 25.2 % for the power
conversion efficiency by 6/2018 [8]. While Mazzarella et al., had the same level of percentage for PCE
which is exactly 25.2 % by 2/2019 [9], although K&hnen et al., had a slight diminution in the
percentage that reach for PCE to 25.1% by 5/2019 [10]. In August 2020 Nayan Das, Rishav Paul, have
improved the PCE to 27% [11]. Amri et al., reached PCE to 24.4 in 6/2021 [12-15].

Machine learning models can get around the problems with econometric models and consider
non-linear features, they have been used many times for forecasting in the past few years [16-19].
Multi-Layer Perceptron Deep Neural Network (MLP-DNN) is a typical feedforward neural network
with one or more layers between the input and output layers. MLP is beneficial due to its capacity
to resolve both classification and regression [20-24].

This manuscript illustrates the effect of studying the perovskite/silicon solar cell’s structure
factors that limit its performance. There are different evaluating parameters for the
perovskite/silicon solar cells structure like the influence of the absorber layer thickness, the absorber
layer doping, the buffer layer thickness and the buffer layer doping. Furthermore, obtaining the
optimum highest possible short-circuit current density(/sc), open-circuit voltage (Voc), and fill factor
(FF) can be calculated from the evaluating parameters mentioned before. MLP-DNN is implemented
to model the non-linear PV internal parameters. Comparing the results of this paper to the other
manuscripts findings, the cell PCE is improved to 28.2% instead of 23.92% without perovskite layer,
in addition to the usage of the MLP-DNN. PCE is achieved using the variation of parameters.

The presented paper is organized as follows: Section | includes the manuscript Introduction.
Section Il presents the mathematical model. Section Il discusses the simulation and results, and
section IV illustrates Multi-Layer Perceptron Deep Neural Network. Finally, section V concludes the
paper.

2. Methodology

The Solar Cell Capacitance Simulator SCAPS-1D is utilized to analyse different kinds of solar cells
and can simulate PSC [25]. In comparison with other tools, SCAPS has a relatively easy-to-use
operating window and different kinds of models for grading, defects, and recombination [26].

SCAPS software is utilized to solve the basic equations of a semiconductor, such as the continuity
equation for electrons and holes, the transport equation, and Poisson's equation [27]. The continuity
equations for electron and hole concentration change are expressed by Eq. (2) and Eq. (3) [28]. SCAPS
can solve structures with up to eight layers and two contacts. Each layer can have its own set of
parameters for all kinds of materials. It can analysis and simulate the J-V characteristics curve,
spectral response of the device, PCE, Fill Factor (FF), short-circuit current (J;.), and open circuit
voltage (V,.) [29].

20 =9 [n(x) — p() — Ny () + Ny (1) = p, () + e ()] (1)

0x2

52



Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 48, Issue 1 (2025) 51-60

on 1 dJn
ot — g ax T (Gn—Rp) (2)
dp 1 0]
E:;a—;-F(Gp—Rp) (3)
Where:

Q: the potential n.(x): the trapped electron density

q: the elementary charge Gp: the optical generation rate of electrons

&: the permittivity Gp: the optical generation rate of holes

n: the free electron density Ry: the recombination rate of electrons

p: the free hole density Ry: the recombination rate of holes

N7 : the donor density Jn : the electron current density

p:(x):  the trapped hole density Jp: the hole current density

N, (x): the acceptor density
3. Simulation and Results

The simulation is divided into three sections. Firstly, the silicon base structure is studied which
consists of the absorber layer (c-Si (p)) and the buffer layer (c-Si (n)) [30]. Secondly the silicon base
structure with Back Surface Field (BSF). Finally, the factors that limit the performance of
perovskite/silicon solar cells are studied.

3.1 Silicon Base Solar Cell Structure

While the main parameters that are used to characterize the performance of solar cells are V.,
Jsc, F.Fand PCE. The cell structure is consisting of c-Si (p) as absorber layer, c-Si (n) as the buffer layer,
the surface is covered with a layer (anti reflected coating) to avoid light loss, and there is a contact
layer on the top and bottom of the cell to complete the circuit as indicates in Figure 1.

Left contact (back)

Right contact (front)

111

Light
Fig. 1. Basic structure of the solar cell

The variation of PCE with the buffer layer thickness (t;), the absorber layer thickness (t,), the
absorber layer doping (N,) and buffer layer doping (Np) is illustrated in Figure 2 (a, b, ¢, and d)
respectively. It is obvious that the optimum thickness for the absorber layer and the buffer layer is
250 um and 100 nm respectively. To be considered as the reference parameters for the simulation
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studied, the PCE is approximately equal to 22.5% as t,, = 250 um, t, = 100 nm, N; = 10'° cm~3,
and N, = 102° cm™=3.
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Absorber doping N A (cm3) Buffer doping Np (cm—3)
(c) (d)
Fig. 2. (a) Buffer layer thickness vs PCE, (b) Absorber layer thickness vs PCE, (c) Absorber layer doping

vs PCE and (d) Buffer layer doping vs PCE

3.2 Single Junction Solar Cell Structure

The single-junction of solar cell structure in which c-Si (p++) is used as Back Surface Field (BSF), c-
Si (p) as absorber layer and c-Si (n) as the buffer layer is clarified in Figure 3. The thickness of c-Si
(p++) layer is varied from 10 nm to 500 nm.

111

Light
Fig. 3. Single junction solar cell structure
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The relation between BSF layer thickness (in nm) versus V,. (in v), Js. (in mA/cm?), PCE (in %)
and F.F (in %) is illustrated in Figure 4 (a and b). It is obvious that the PCE and J. increase linearly as
BSF thickness increases, while fill factor remains constant. The PCE is approximately equal to 23.92%,
There are two major benefits that may be obtained. by utilizing this back surface filed c-Si (p++):

i.  Asmallimprovement in the PCE can be observed.
ii.  The absorber layer thickness has been decreased from 250 to 100 um that will reduce the
cost of industrialization.
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Thickness of c-Si (p++) (nm) Thickness of c-Si (p++) (nm)
(a) (b)
Fig. 4. (a) BSF layer thickness vs power conversion efficiency and fill factor, (b) BSF layer thickness vs
open circuit voltage and short circuit current density

o 100

3.3 Perovskite/Silicon Solar Cell

Organometallic halide perovskite solar cells are recently used extensively due to their high carrier
mobility, intense light absorption coefficient and their long carrier diffusion length. Figure 5 shows
that an additional layer is added to the single junction structure of solar cell. The structure
composition of Fluorine-doped Tin Oxide (FTO), methylammonium tin halides (CH3NHsSnls)
Perovskite, c-Si (n), c-Si (p) and c-Si (p++). Anti reflected coating FTO is chosen due to
high transparency, low manufacturing cost, large energy gap and thermal stability. The CH3NH3Snl3
is chosen for the overall structure due to its simple manufacturing technique and higher PCE than
conventional organic solar cells. The effect of perovskite layer thickness and doping on PCE is
discussed in the next section.

Left Contact (back)
c-Si (p+H)
Perovskite (CH3NH3SnI3)

FTO

Right Contact (front)

TT1TT7T

Light

Fig. 5. Structure of perovskite/silicon solar cell

55



Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 48, Issue 1 (2025) 51-60

3.3.1 Perovskite layer thickness (tpgys)

There are different parameters that can be utilized to maximize the PCE, the perovskite layer
thickness tprys is one of these parameters which is used in this study. tpry ¢ varied from 10 to 1000
nm. Figure 6 (a and b) shows the relation between the tpzys (in nm) versus V,. (inv),
Jsc (inmA/cm?), PCE (in %) and F.F (in %). It is noticed that the PCE increases linearly as tpgys

thickness increases until PCE = 28.45%.

38

FF (%)
PCE (%)
VoeV)

86.4 1 L 1 L 26 X
1000 o 200 400 600 800

o 200 400 600 800
Perovskite layer thickness (nm) Perovskite layer thickness (nm)

(a) (b)
Fig. 6. (a) Perovskite layer thickness vs power conversion efficiency and fill factor, (b) Perovskite layer
thickness vs open circuit voltage and short circuit current density

3.3.2 Perovskite layer doping (Npgrys)

The perovskite layer doping Npgy s is varied from 1013 to 10%2° cm™3. The relation between Npgy s
(in cm™3) versus V,.. (in v),Js. (in mA/cm?), PCE (in %) and F.F (in %) is illustrated in Figure 7. It is
obvious that the PCE and F.F increase from 27% to 30.6% and 85.6% to 87.4% respectively, as Nprys

increases.

38.4

— Ty (mA/cm?)
Voec (V)

PCE (%)

s 2 2 M 2 2
1E+13 1E+14 1E+15 1E+16 1E+17 1E+18 1E+19
Perovskite layer doping (cm 3)

(a) (b)
Fig. 7. (a) Perovskite doping vs power conversion efficiency and fill factor, (b) Perovskite doping vs open
circuit voltage and short circuit current density

s.2 'y 2 2 2 Y ' 26 o
1E+13 1E+14 1E+1S 1E+16 1E+17 1E+18 1E+19 1E+20 1E+20

Perovskite layer doping (cm 3)

Table 1 presents the main parameters of overall structures of the solar cell such as thickness,
bandgap, electron affinity, dielectric permittivity, hole thermal velocity, etc.
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Table 1

Material parameters of the developed solar cell

Parameters FTO c-Si (n) c-Si (p) CH3NHsSnl3  ¢-Si (p++)
Thickness 100 nm 150 nm 85 um 1um 50 nm
bandgap (eV) 3.5 1.124 1.124 1.3 1.124
electron affinity (eV) 4 3.900 4.05 4.17 3.9
dielectric permittivity (relative) 9 11.900 11.900 8.2 11.900
CB effective density (cm™3) 2.2%10%°  2.8*10°  2.8*10%° 1018 2.8%10%°
VB effective density (cm™3) 1.8*10'% 1.04*10'° 1.04x10%° 10%° 1.04*10%°
electron thermal velocity (cm/s) 1*107 2.03*107  2.03*107 107 2.03*107
hole thermal velocity (cm/s) 1*107 1.67*107 1.67*107 107 1.67*107
electron mobility (cm?/Vs) 20 1250 1010 1.6 1212
hole mobility (cm?/Vs) 10 443 443 1.6 421
Acceptor concentration (cm™3) 0 0 10%° 10%° 1021
Donor concentration (cm™3) 10%° 1020 0 0 0

Figure 8 indicates the J-V curve of the solar cell. It is cleared that V,, = 0.8656 v and J,. =
37.83 mA/cm?.

a0

30 -

CH;NH;SnI;

20 —

Jge (mA/em?)

10 —

o . . . .
o 0.2 0.4 0.6 o.8 1
Voe (V)
Fig. 8. Open circuit voltage vs short circuit current

density of the solar cell

4. Multi-Layer Perceptron Deep Neural Network

In this paper, MLP-DNN technique is used to predict the value of PCE for the designed solar cells,
based on the non-linear PV internal parameters behaviour. The system consists of six input features
(tns tp, tprvs, tp++, Na and Ng) and one output (PCE).

The dataset used to train and test the proposed system is created using SCAPS. It consists of 613
samples. The training dataset consists of 80% of the samples, while 20% are used to test the trained
model.

The MLP is a class of feedforward neural networks which consists of at least three different layers.
The first layer is the input layer where the samples are fed to the MLP model. The size of this layer
depends mainly on the number of features (PV internal parameters). The size of the output layer
depends on the number of predicted outputs, which is set to one (PCE) in the designed model. MLPs
usually have a single hidden layer, however when this number of hidden layer increases, the
architecture transforms to what is known as DNN. The MLP neural network architecture consists of
7 layers (one input, five hidden layers, and one output), and all the layers are dense (fully connected).
When compared to Artificial Neural Networks (ANN) for regression, linear regression is limited in its
ability to learn complicated non-linear relationships between the input features and outputs, which
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is why ANNs are preferred. Therefore, new methods to discover the intricate non-linear connection
between the PV internal parameters and the PCE are investigated. ANNs, such as the proposed MLP
architecture, are one of these methods. As an activation function is embedded into each layer of the
artificial neural network, it is possible for the network to understand the intricate connection
between the inputs and the outputs. The numbers and sizes of hidden layers, and the activation
function of the MLP neural networks are considered as hyper-parameters. They can affect how fast
the MLP architecture can be trained and can also affect the accuracy of the prediction results. In
order to select the optimum hyper-parameters for the proposed architecture, a simple grid-search
technique is used, in which the system is trained for 500 epochs. The hyper-parameters that yield the
lowest Mean Absolute Error (MAE) are selected to train the MLP model. The general architecture of
MLP is illustrated in Figure 9.
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Fig. 9. Multilayer perceptron regression architecture

The achieved Root Mean Square Error (RMSE) for the predicted PCE is equal to 0.24. Figure 10
illustrates the values of predicted and original PCE. The predicted results can be considered as a
satisfactory output with an acceptable RMSE.

PCE Perdiction (ML P)

36 L L] L L
—— Original PCE
i Perdicted PCE
- L r_ﬁ‘_
- /
.oe
= 28 = * -
= —
/
24 - -
L
20 1 1 : 1 1
o 20 40 60 80 100

Samples
Fig. 10. The predicted and original power conversion efficiency
variation with the test samples using MLP-DNN
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5. Conclusions

Referring to the sustainable development goals and the recommendation of COP27, this paper
targets to reach the best power conversion efficiency of the solar cell based on cutting-edge
technology. Organometallic halide perovskite solar cell is studied in this work, through three stages
and varying its internal parameters. The first stage aims to find the higher PCE of the silicon base cell
structure. In the second stage, the back surface field is added to get better PCE. Finally, adding the
perovskite layer to the solar cell structure to give a fill factor of 86.87%, and PCE of 28.2% compared
to 22.5% for the silicon base structure PCE. The results of the three stages and the optimal
parameters of the PSC structure, as top and bottom cell layer thickness, and carrier concentration
are trained, validated, and tested to MLP-DNN Al technique. The actual Root Mean Square Error
(RMSE) for the predicted PCE is 0.24.
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