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Abstract Modeling solar cell involved the formulation
of the current versus voltage (I — V ) non-linear curve.
Obtaining the accurate model parameters value is
important for better performance evaluation, simulation
and control of solar cell and module. Extracting these
values using traditional methods required more resources,
therefore, the used of meta heuristic optimization method
become an attractive choice. Some optimization algorithms
have been used to estimate the model parameters. However,
more investigation is needed to improve model estimation.
In this paper, the performance of Animal Migration
Optimization (AMO) technique in identifying the unknown
parameters of solar cell double diode model is studied. A
measurement data of a 57 mm diameter commercial (R.T.C.
France) silicon solar cell is used to observe the
performance of this algorithm and the consistency of
accurately estimating various parameters. The results show
that the estimated and experimental data are accurately
fitted and certify a good agreement. Furthermore,
comparative study among different parameter estimation
techniques is presented to demonstrate the effectiveness of
the proposed approach.

Keywords Animal Migration Optimization, Double
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1. Introduction

Modeling the solar cell involves the formulation of the
non-linear current vs. voltage (I — V) curve. The single
diode model (SDM) and double diode model (DDM) are
commonly used to describe this relationship [1]. The

saturation current, ideality factor, generated photocurrent,
series and shunt resistance are the main parameters that
describe the models behaviour of solar cell. Determining
the accurate value of these parameters leads to better
performance evaluation, simulation and control of solar
cell and solar module [1, 2].

Metaheuristic optimization has gained enormous
attention as a method for solving engineering problems
such as extracting the fuel cell parameters [3, 4],
determining the angle for multilevel inverter switching
pattern [5, 6], obtaining the MPPT parameters [7, 8],
solving the ED [9] and determining the solar cell
parameters [1, 10-14]. In determining the solar cell
parameters, Oliva, D. et. all. [13] purposed an improved
version of Whale Optimization algorithm (WOA) known
as Chaotic Whale Optimization algorithm (CWOA) to
estimate the solar module parameters. They used the
chaotic Singer map to improve the performance of WOA.
As a result, the performance of proposed algorithm
surpasses many reported algorithms such as the Bird
Mating Optimizer (BMO) and Simplified
Teaching-Learning Based Optimization (STLBO). Elaziz,
M.A and Oliva, D. [11] also proposed another variant of
WOA to extract the solar cell and module parameters. They
called the Opposition Based Whale Optimization algorithm
(OBWOA). This algorithm also shows great performance
when comparing with other algorithms.

Moreover, Farhana et. all. [1] proposed hybrid method
between Particle Swarm Optimization and
Nelder-Mead(NM-PSO) to determine the solar cell and
module parameters. This algorithm surpasses the BMO
when comparing their performance. Other than that, there
are many metaheuristics algorithms have been used to
study their performance in extracting the solar cell model
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parameters such as improved JAYA optimization
algorithm (IJAYA) [14], Ant Lion Optimizer (ALO) [10]
and Hybrid Flower Pollination algorithm (GOFPANM)
[12].

In this paper, the performance of AMO in extracting the
solar cell parameters is being studied. The proposed
algorithm is used to determine the double diode model
parameters of 57 mm France [11] solar cell. Furthermore,
the best result is then being compared with other methods
reported in the literature to observe the performance of
AMO. The rest of this paper is structured as follows:
Preliminaries Section presents the problem formulation of
DDM. In Animal Migration Optimization Section, the
operation of AMO is described. In Results and Analysis
Section, the obtained results are analysed and compared
with other optimization methods. Finally, the conclusion is
drawn in Conclusions Section.

2. Preliminaries

This section described the mathematical formulation of
Double Diode Model (DDM) used in this work, followed
by the description of the objective function.

2.1. Mathematical Formulation of DDM

A solar cell double diode model equivalent circuit is

shown in Figure 1. This model (with R, and R) has been
proposed by many researchers [1, 11-15]. The output
current | of the cell is given as:

Is = Iph - Idl - Id2 - IRp (1)

where Iy, is the photo-generated current, lg; and Iy, are the
first and second diode current, correspondingly, and IRp is
the shunt resistor current. Using the Shockley equation for
the diode currents and substituting the current of the shunt
resistor, 1 can be rewritten as following equation:

|8_|ph—|M{expvs+'BRg}lo{expvﬁ'BRB}—V“'SRS 2)
alVI 2VI R

p

where ly; and |y, are the diffusion and saturation currents of
diode 1 and diode 2, respectively, Vs is the solar cell output
voltage, a; and a, are the diode ideality factor and Vt
represents the thermal voltage which is given as:

kT
q

Vi (3

The parameter k is the Boltzmann constant
(1.3806503x10 > J/K), q is the electron charge
(1.60217646 x 10" C) and T is the temperature of the
solar cell in Kelvin (K). In order to reflect the solar cell
performance as well as that of the actual system, the
identification of the parameter is important. For further
simplification, several researchers assumed a; =1 and a, =
2 [16, 17].
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Figure 1. Double diode model equivalent circuit.
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2.2. Problem Formulations

The solar cell parameters for different models from IV
can be extracted using the optimization algorithms.

In DDM, there are 7 unknown parameters, namely, Iy,
lo1, lo2,ReRs, @ and @&, as shown in equation 2. Before
continuing with the optimization operations, an objective
function should be defined. In this work, the root mean
square error (RMSE) between the output current of the
actual solar cell and the model output current is chosen as
the objective function [1]:

1 N
RMSE = —E . —1.)?
\/N i:1(5|,m 5|)

where lg, m is the measured output current of the actual
solar cell, Isi is the model output current, and N is the
number of the experimental data point. During the
optimization process, the objective function is minimized
with respect to the parameters range. The upper and lower
boundaries of the parameters, used by most researcher in
the literature [1, 11, 12, 14], are shown in Table 1. The
model parameters are continuously adjusted by the
optimization algorithm, until a termination criterion is met
(basically set by the number of iteration). The aim is to
minimize the objective function.

(4)

Table 1. Upper and lower range of the solar cell parameters

Parameter Lower Upper
‘i'ph (nA) 0 1
lo (peA) 0 1
Rs (1) 0 0.5
Ry (£) 0 100
a 1 2

3. Animal Migration Optimization
algorithm

There are two main processes in AMO algorithm which
are the migration process and population updating process
[18-20]. In this algorithm, itstarts with random
initialization of a set of N, animal positions. Each animal
position, x; is a feature vector with D, dimension, which is
uniformly distributed between the lower initial parameter
bound a and the upper initial parameter bound b. Therefore,
the initialization of the jth component of the ith vector can
be written as:

x,;=a;+rand ;(b,-a;),i=1..,N_,j=1..,D, (5

where rand;; is a uniformly distribution random number
between 0 and 1.

3.1. Migration Process

In migration process, the algorithm simulates behaviours
of animal groups moving to a new position. The new
positions of individuals are determined based on the
direction of animal movement, where they must follow
three migration rules[18-20]: 1) moving in the same
direction as its neighbours; (2) remaining close to its
neighbours; (3) avoiding collisions with its neighbours.
Then, the individual position is updated according to the
positions of their neighbours using the following formula:

XiG+1 = XiG + §(Xneighbourhood6 - XiG) (6)

where Xig.+1 is the new position of the ith individual, xig is
the current position of the ith individual, & is produced
using a random number generator controlled by a Gaussian
distribution, and Xneighbournooda 1S the current position of the
randomly selected neighbourhood.

3.2. Population Updating Process

In this process, the algorithm simulates how some
animals leave the group and new animals join in the new
population. Assuming the number of available animals is
fixed, individuals will be replaced by some new animals
with probability according to the quality of the fitness. The
probability of the individual with best fitness is set to 1, and
the probability of the individual with worst fitness, is set to
1/Np . This process can be shown as follows:

fori=1to N
for j=1to D
if rand > P,
Tig,, = Trig + r(m(l.(::rg;(.-gr(_. — Ty (_.)
+rand.(zro; — i)
end if
end for
end for

where ry, 1 = €[1, ...,N] are randomly chosen integers,
and ry # r, #= i. The fitness of new solution xigs1 will be
evaluated and compared with the fitness of Xis. The
individual with a better objective fitness is chosen. The
standard AMO algorithm can be described as the
followings [20]:
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1: begin
2. Set the generation counter, (¢ = (); and
randomly initialize a population of N,
animal x;
3:  Evaluate the fitness for each individual in PP
4:  while stopping criteria is no satisfied do
5 for i=1to N, do
6: for j=1to D, do
T Tinyy = Tig + f]_[i~3"|ar'i-‘;n’ioz.‘:‘hr;r;rj’{; — Tig ]
8 end for
9 end for
10: for i =1 to N, do
11: Ewvaluate the fitness of the offspring =, |
12: if fitness x;, , is better than fitness =,
then
13: Ty = Tig,,
14: end if
15: end for
16: for i =1 to N, do
17: for j=1to D, do
18: select randomly r{ #ry # 1
19: if rand > F, then )
20: Tig,, = Trig + rand.(Teest; — Tag )
+rand.(Trze — Tig)
21: end if '
22: end for
23: end for
24 for i =1 to N, do
25: Evaluate the fitness of the offspring =, ,
26: if fitness x;,,, is better than fitness x;
then
27: T = Tig,,
28: end if
20: end for
30: Memorize the best solution achieved so far
N end while
32: end

4. Results and Analysis

In this section, the results of the application of AMO for
estimating the DDM parameters of experimental 1-V data
collected from a 57 mm diameter commercial (R.T.C
France) silicon solar cell under standard test conditions will
be presented and analysed. The data for RTC France are
taken from [11] and are widely used in the literature to test
their algorithm [1, 11, 12, 14, 21]. The performance of
AMO is validated by comparing with a couple of state of
the art algorithms including the  Improved
Opposition-Based ~ Whale  Optimization  algorithm
(OBWOA)[11], improved JAYA optimization algorithm

(NAYA) [14], Hybrid Flower Pollination algorithm
(GOFPANM) [12] and, Hybrid Nelder-Mead And
Modified Particle Swarm Optimization (NM-MPSO) [1].
The compared algorithms have been run for 50 times. The
population size is set to be 150 and the maximum number
of iteration is 10000 which is similar with [11]. All the
simulation work, presented in this paper, made use of
MATLABR 2015a environment, working at Intel R
CoreTMi5 CPU, 2.5 GHz and 4 GB RAM.

4.1. Performance Analysis

In this subsection, the performance analysis of AMO in
estimating DDM parameters of RTC France silicon solar
cell at 33°C and full sun (irradiation of 1000 W/m?) is
presented. As stated in the problem formulation section, in
the DDM, the number of decision variables is seven. The
AMO has been run for 50 times and the best objective
value of each run is shown in Figure 2. Observing this
figure, the best, mean and worst objective values are 1.043
x 107, 1.0 x 10 and 9.8545 x 10 respectively. Over the
50 runs, only 18 times the best objective values are above
mean value and the rest are below it. The standard
deviation value is 1.4104x10°° which is low and indicating
the consistency of the algorithm optimizing the model
parameters. The convergence curve for the best objective
value is plotted in Figure 3. Looking at this figure, the
AMO starts to produce lower objective value after 100
iterations and obtained the relative stability of the objective
value after 3000 iterations. Other than that, this curve also
shows that the algorithm stag at local optima recovers from
it for few times along the way to final iterations. This
proves the robustness of the algorithm. To further assess
the reliability of the AMO, the I-V curve and the P-V curve
fitting is drawn between calculated and measurements as
illustrated in Figure 4 and Figure 5, correspondingly. These
figures show that the estimated and the experimental data
are accurately fitted and certify a good agreement.
Furthermore, both of the individual absolute error (IAE)
and the relative error (RE) are used to evaluate the error
among the estimated and measured data. These two
indexes are respectively defined by equations 7 and 8:

IAE =1, - 1] (7)

RE=-—" 1 8)
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The experimental and calculated data along with the IAE and the RE are given in table 2. The IAE values are less than

1.37 x 10~ and the RE values are within the range of —2.095 x 10~ to 7.2050 x 10 >. These prove that the calculated data
from the estimated optimal parameters of AMO are in consistent with the experimental data.
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Table 2. Relative error and individual absolute error for each measurement

Data Iﬂmasurﬂd{:q] Icaicuiﬂicd{ﬁl] RE IAE
1 0.764000 0.764065 -0.000085 0.000065
2 0.762000 0.762648 -0.000851 0.000648
3 0.760500 0.761348 -0.001115 0.000848
4 0.760500 0.760154 0.000455 0.000346
5 0.760000 0.759061 0.0012325 0.000939
6 0.759000 0.758052 0.001248 0.000948
7 0.757000 0.757103 -0.000136 0.000103
8 0.757000 0.756153 0.001119 0.000847
9 0.755500 0.755092 0.000529 0.000408
10 0.754000 0.753659 0.000452 0.000341
11 0.750500 0.751368 -0.001156 0.000868
12 0.746500 0.747311 -0.001087 0.000811
13 0.738500 0.740047 -0.002004 0.001547
14 0.728000 0.727342 0.000904 0.000658
15 0.706500 0.706905 -0.000573 0.000405
16 0.675500 0.675260 0.000255 0.000240
17 0.632000 0.630863 0.001799 0.001137
158 0.573000 0.572066 0.001620 0.000934
19 0.499000 0.499468 -0.000938 0.000468
20 0.413000 0.413454 -0.001099 0.000454
21 0.316500 0.317163 -0.002005 0.000663
22 0.212000 0.212038 -0.000181 0.000038
23 0.103500 0.102664 0.008080 0.000836
24 -0.010000 -0.009280 0.072050 0.000720
25 -0.123000 -0.124363 -0.011081 0.001363
26 -0.210000 -0.209125 0.004168 0.000875
Mean 0.002752 0.004482
5. Conclusions
The solar cell parameter estimation is a multimodal
optimization problem with multiple local optima. In REFERENCES

multimodal problems, meta heuristic algorithms are more
likely to converge to local optima, due to their premature
convergence problem. In this paper, performance of the

AMO in extracting the parameters for DDM is investigated.

An RTC France silicon solar cell has been used as the case
study of this research. The findings show that the AMO can
extract the parameters of DDM and produce good results.
However, it cannotsurpass all the other compared with
algorithms including the OBWOA, IJAYA, GOFPANM
and NM-PSO. This is due to stagnation problem and early
convergence issue and clearly can be seen at the
convergence curve. Therefore, it is necessary to improve

the exploration and exploitation capability of the algorithm.

With this improvement, it will improve the efficiency,
accuracy and reliability by decreasing the mean error,
relative error, standard deviation and average objective
values while increasing the success rate value.
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