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This research presents Artificial Neural Network (ANN) modelling of silicon solar cells’ spatial charac-
teristics. The dataset for the present study is acquired from the research on silicon solar cells carried out at
Shivaji University, India. The silicon-based solar cells are exceptionally popular due to their high efficiency
and longer lifetime. An ANN is a mathematical model based on biological neural systems skilled to capture
relationship in data to provide higher forecast accuracy. The present investigation aimed at building best
possible ANN architecture by tweaking the parameters such as learning algorithm, activation function and
number of neurons in hidden neurons. Thus, derived ANN architecture involves three neurons in the hid-
den layer and logistic activation function for supervised learning. Root Mean Square Error (RMSE) esti-
mate of error rate is used here for assessing the performance of the model.
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1. INTRODUCTION

Solar energy has become the forefront of the non-
conventional energy sources due to its abundant availa-
bility, non-contaminating nature that at less cost [1].
Solar cells are the way to tap the solar energy. There
are some issues related to their productivity and cost.
The researchers all around the globe striving hard to
come out with high efficiency, cost effective solar cells
bearing their life expectancy significantly over extended
time span [10-12]. Efficiency is the one of the most par-
amount metrics of crystalline solar cells.

Many researchers have carried out analysis of solar
cell characteristics based on different approaches. Don-
gale et al. have explained the fact that the efficiency of
silicon solar cell is strongly correlated with its size [1].
Their study showed that the p-type thickness, short cir-
cuit current and open circuit voltage are the notable fea-
tures for the modelling of silicon solar cell. Kamath et al.
have reported a modelling characteristics of randomly
textured tandem silicon solar cells using decision tree
approach [2]. This model was designed by adjusting fea-
tures such as min split, min bucket, max depth and com-
plexity. The study depicted that “fill factor” and “thick-
ness of a-Si layer” are the determinants of “efficiency” of
random textured silicon solar cells. A contribution of
Dongale et al. presents ANN modelling for predicative
synthesis and characterization of NizMnsOx based ther-
mistor [3]. This study has exhibited the exploitation of
modelling, simulation and soft computational approaches
for forecasting the best appropriate chemical composition
and thus establish the synergy between the soft compu-
ting paradigm and materials science.

Ghaitaoui et al. have reported ANN modelling and
experimental verification of flexible organic tandem solar
cell modules [4]. This study uncovered the application of
ANN to automatically parameterize the voltage-current
and the voltage-power characteristics of natural photo-
voltaic modules. Yet another paper by Dongale et al. has
presented the quadratic complex rational function ap-
proach for time domain modelling of randomly textured
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tandem silicon solar cells [5]. The efficiency of randomly
textured tandem silicon solar cells is forecasted using the
ANN. Xiao et al. have introduced ANN model to predict
the output power of various kinds of photovoltaic cells
[6]. A contribution by Jakhrani et al. depicts an im-
proved scientific model for computing power output of
solar photovoltaic modules [7]. This model is seen as
increasingly useful in terms of precise estimations of
photovoltaic module power output for any required area
and number of factors used. Yet another research by
Goyal et al. has explored ANN modelling of surface pas-
sivation adequacy for solar cell applications [8]. This
study had shown that ANN model can be used to antici-
pate the carrier lifetime for a given deposition condition.

In the backdrop of the research endeavours por-
trayed above, the present research explores ANN model-
ling of silicon solar cells spatial characteristics. The
dataset for the present study is acquired from the re-
search on silicon solar cell carried out using the PC1D
numerical simulation program [1]. The present investi-
gation is carried out in R environment. The experiment
derives ANN model with three neurons in the hidden
layer and logistic activation function. The performance
of the model is assessed with reference to RMSE esti-
mate of error rate.

The remaining part of the article is organized as fol-
lows. The introduction is followed by the theory of con-
struction of ANN model for spatial characteristics of
silicon solar cell. The third section explores the results
and discussions with computational details of the ANN
model. At the end aptness of the ANN for modelling the
silicon solar cells spatial characteristics will be discussed.

2. ANN MODELLING OF SILICON SOLAR CELL

An Artificial Neural Network (ANN) is a mathemat-
ical model which includes interconnected artificial
neurons. ANN has the capacity to learn from the data,
either in a supervised or an unsupervised manner [13].
A conceptual diagram of ANN model designed in the
present investigation is shown in Fig. 1. The model is

© 2020 Sumy State University


http://jnep.sumdu.edu.ua/index.php?lang=en
http://jnep.sumdu.edu.ua/index.php?lang=uk
http://sumdu.edu.ua/
https://doi.org/10.21272/jnep.12(3).03021

R.S. KaMATH, R.K. KAMAT

perceived as a multi-input single output ANN system.
It consists of five inputs namely p-type thickness (um),
n-type thickness (um), short circuit current (A), open
circuit voltage (V) and Fill Factor (FF). Efficiency 7 (%)
is an output variable. Fig. 2 provides basic statistical
summary of the dataset used for the present investiga-

JJ. NANO- ELECTRON. PHYS. 12, 03021 (2020)

tion. The data is divided into training and test set as
shown in Fig. 3. This division is done using random
sampling. Training set is used to find the relationship
between dependent and independent variables by ad-
justing weights while the test set assesses the perfor-
mance of the model [14].

p-type thickness (um) |::>
n-type thickness (um) |:>

Short Circuit Current (A) =—=3

Open Circuit Voltage (V) =———)>
Fill Factor - FF ===

AT

ANN Model of
Silicon Solar
Cell

A

::> Efficiency -1 (%)

Fig. 1 - Conceptual ANN model of silicon solar cell’s spatial characteristics

p_type_thickness n_type thickness Short Circuit Current
Min. 1100 Min. 2.0 Min. :0.01670
1lst Qu.:100 1lst Qu.: 4.0 lst Qu.:0.02082
Median :200 Median 7.0 Median :0.024380
Mean 150 Mean 6.2 Mean :0.02603
3rd Qu.:275 3rd Qu.: 8.0 3rd Qu.:0.03148
Max. : 300 Max. :10.0 Max. :0.03610
Open Circuit Voltage Fill Factor Efficiency
Min. :0.65687 Min. :0.7715 Mimn. :0.0890
1lst Qu.:0.6626 1lst Qu.:0.8067 1st Qu.:0.1145
Median :0.6665 Median :0.8185 Median :0.1350
Mean t0.6724 Mean tD.B150 Mean :0.1431
3rd Qu.:0.6806 3rd Qu.:0.8263 3rd Qu.:0.1770
Max. :0.6%964 Max. tD.B376 Max. 10,2010

Fig. 2 — Basic statistical summary of the dataset

= train_data

200
300
200
100
300
100
200
0 100

300

200

5
4

1
1
1
1
5]
4
2
1
3
8

[
[ T - T S N SN N I s T e I & -]

> test_data

p_type_thickness n_type_thickness

5 200 4
7 100 [
9 300 6
12 300 8
13 100 10

p_type_thickness n_type_thickness short_Circuit_Current Open_Circuit_voltage Fill_Factor Efficiency

short_circuit_current

0.0218 0.6637 0.8252 0.119
0. 0186 0.B6367 D.7715 0.094
0. 0180 0.6579 0.7868 0,093
0.0347 0.6964 0. 8240 0.199
0.0325 0.6775 0.8301 0.182
0.0305 0. 6810 0.7964 0.165
0.0361 0.6936 D. 8043 0.201
0.0205 0.6642 0.8355 0.113
0.0367 0. 6906 0.8364 0.211
0.0266 0.6706 0.8330 0.148

open_Circuit_wvoltage Fill_Factor Efficiency
0.0318 0.6795 D.8376 0.181
0.0252 0.6715 0.7916 0.133
0.0272 0.B68BY D. 8267 0.150
0.0224 0.6623 0.8149 0.120
0.0167 0.6581 0.8139 0. 089

Fig. 3 — Sampling of dataset for training and testing

3. ANN DETAILS, RESULTS AND DISCUSSION

The best possible ANN architecture is constructed
by tweaking the parameters such as learning algo-
rithm, activation function, number of epochs, dataset
splitting, number of neurons in hidden layer and error

combinations. Thus, inferred ANN model has three
neurons in its hidden layer. Logistic activation function
was utilized for smoothing the result of the cross prod-
uct of the neurons and weights. Table 1 explains the
ANN architecture for modelling silicon solar cells’ spa-
tial characteristics. Fig. 4 visualizes the derived neural
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network model. The black lines demonstrate the con-
nections with weights. The weights are calculated us-
ing the back propagation algorithm. The blue line dis-
plays the bias term.

The root mean square error for the model is found to
be 0.00111. Efficiency of solar cell is predicted using the
derived neural net model. Table 2 compares actual and
predicted efficiency of solar cell test cases. Fig. 5 com-
pares the ANN predicted efficiency with the actual effi-
ciency for test data. The result suggests that the ANN
has the potential to exhibit as the best tool for modelling
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of silicon solar cell characteristics, thus learning by ex-
amples can be achieved [17].

Table 1 - ANN architecture for silicon solar cell modelling

ANN design parameters |ANN model specifications
Network type Feed forward backpropagation
Activation function Logistic function

Performance function Root mean square error

Data division Random

No of hidden layer One

No of hidden neurons Three

1.135856 .

Fill Factor

Error: 0.00111 Steps: 42

Fig. 4 - Computed ANN model for silicon solar cell characteristics

Table 2 — Actual and predicted efficiency of silicon solar cell
test data

Actual efficiency | ANN predicted efficiency
0.181 0.17975919
0.133 0.13385813
0.15 0.15231108
0.12 0.12273294
0.089 0.08678449

4. CONCLUSIONS

In the present paper, we have reported modelling of
spatial characteristics of silicon solar cell using ANN.
The dataset for the present study is acquired from the
research on silicon solar cell carried out using the PC1D
numerical simulation program. The present study
demonstrated optimum ANN architecture by varying its
various attributes such as network algorithm, activation
functions, number of hidden layers, number of neurons
in hidden layer, number of epochs, dataset splitting and
performance combinations. The resulted ANN architec-

NEURAL NETWORK PERFORMANCE
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Fig. 5 — Actual and predicted efficiency of solar cell test data
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very less error. The result concludes that the ANN has
the potential to exhibit as the best tool for modelling
spatial characteristics of silicon solar cell, thus learning
by examples can be accomplished.

ture with logistic activation function for training the
model reveals preeminent performance at single hidden
layers with three hidden neurons. Thus, derived neural
network proficiently predicts solar cell efficiency with
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MoenoBaHHA IPOCTOPOBUX XapPAKTEPUCTUK KPEMHIEBOr0 COHIYHOIO €JIEMEHTY:
Oiaxig mTyvYHol HeHPOHHOI MepesKi

R.S. Kamath!, R.K. Kamat?

L Department of Computer Studies, Chhatrapati Shahu Institute of Business Education and Research,
University Road, Kolhapur 416004, India
2 Department of Electronics, Shivaji University, Kolhapur 416004, India

VYV 1poMy DOCITIIKeHHI IIpeacTABIIEHO MOIE/IOBAHHS INTYy4YHOI HerpoHHOI Mepesxi (ANN) mpocropoBux
XapaKTepUCTUK KPeMHIEBIUX COHSYHUX esleMeHTiB. Habip masux oTpuMaHO 3 KOCTIKEeHb KPEMHIEBUX COHSI-
YHUX eJIeMeHTIB, ipoBegeHux B yHiBepcureti [lusamsi, [unis. CoHsyHl eeMeHTH HA OCHOBI KPEMHIIO HAJ-
3BUYANHO IIOITYJISIPHI 3aBISKY BUCOKIM eeKTHBHOCTI Ta OliIbmI TpuBasoMy TepMmiHy ekciryararii. ANN —
IIe MaTeMaTHYHa MOJeJIb HA OCHOBI 010JIOTIYHUX HEHPOHHUX CHUCTEM, IIPU3HAYEHUX JJIsT 300py B3a€MO3B'si3-
KIB JaHUX I 3a0e3redeHHs OLIbIIN0I TOYHOCTI IIPOTHO3yBaHHA. [IpecraBierHe MOCIIKEHHS CIIPAMOBAHE
HA CTBOpeHHsI HaWkparmol mMoskanBoi Momessi ANN muisgxoMm HajamTyBaHHA TAKWX ITApaMeTpiB, SK aJiro-
pUTM HaBUYaHHS, (PYHKIIIS aKTUBAII] Ta KIIBKICTH HEMPOHIB y IPUXOBAHUX IIapax. TaKkuM 4iMHOM, CTBOpEHA
momesib ANN BrITIOUae TpU HEHPOHM y MIPUXOBAHOMY IIapi Ta (PYHKIIIO JIOTICTHYHOI aKTUBAILII [JI KepoBa-
HOTO HABUAHHSI. Y Po0O0TI TAaKOXK 3HAMIEHO cepenHbokBaapaTnudy noMuiaky (RMSE) fans ominkm nparesna-
THOCT1 MOJeJIl.

Kmiouosi cinosa: llltyuna meiiponHa mepeska, KpemuieBuit comaunnii eeMenT, R mporpamysanus, Edex-
THBHICTB.
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