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Abstract: To simulate, manage, and control photovoltaic (PV) systems, it is necessary to identify unknown 
parameters that can be derived accurately and reliably. In this paper, a newly developed cheetah optimizer (CO) 
and improved CO (ICO) are proposed for extracting parameters from various PV models. Several basic strategies 
are included in this algorithm inspired by cheetah behavior during hunting: searching, siĴing and waiting, and 
aĴacking. Although this algorithm has shown remarkable capabilities in solving large-scale problems, it needs 
improvement concerning its convergence speed and computing time. Here, an improved CO (ICO) is presented 
to identify solar power model parameters for this purpose. The single-diode, double-diode, and PV module 
models are investigated to test ICO's parameter estimation performance. Statistical analysis uses minimum, 
mean, maximum, and standard deviation. Furthermore, to improve confidence in the test results, Wilcoxon and 
Freidman rank nonparametric tests are also performed. The ICO algorithm is proven to be highly reliable and 
accurate when identifying PV parameters. 

Keywords: solar energy; metaheuristics; optimization; energy management; solar cell; photovoltaic modeling 
 

1. Introduction 
A growing number of solar photovoltaic systems are being integrated with electric utilities due 

to their outstanding environmental, economic, and technical characteristics [1]. The availability of 
solar radiation in most regions of the world makes solar energy generation and storage systems an 
aĴractive option for customers looking for a quick and efficient method of upgrading their electrical 
systems. In PV systems, solar energy is converted into electricity. In addition to solar radiation and 
temperature, several other factors affect the capacity of solar energy to generate electricity. As a result, 
it is essential to analyze how PV systems perform in real time so that they are capable of being 
optimized, managed, and modeled [2]. Single-diode model (SDM), double-diode model (DDM), and 
PV module model (PVMM) are typically used despite the existence of many mathematical models 
for PV nonlinearity. These models must include parameters that can change with environmental 
changes, faults, and aging [3]. Thus, regardless of the model used, it is essential to accurately 
determine unknown parameters as early as possible by using a robust optimization 
algorithm. Therefore, developing an optimization algorithm capable of accurately estimating the 
properties of PV models using the current-voltage measurements of the PV cell and module is 
imperative [4]. 

An optimization problem can be established to extract PV cell and module parameters, which 
involves the formulation of an objective function and the establishment of a set of constraints. There 
is noise in the measured current-voltage data. There are, therefore, several local optima in the search 
space, resulting in a nonlinear and multimodal search space [5,6]. Deterministic and metaheuristic 
algorithms are commonly used to solve this challenging optimization problem. The former method 
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makes use of gradient information, as well as initial points. As a result, classical techniques are 
ineffective in identifying the parameters of photovoltaic models due to their non-linear and non-
convex nature [7–9]. There is a consensus that metaheuristic algorithms are more modern and easier 
to use than deterministic algorithms. Since then, there has been an increase in interest in metaheuristic 
algorithms for optimizing PV systems more efficiently and flexibly.   

The field of study has been subjected to extensive research in recent years. Various metaheuristic 
and analytical methods have been employed by researchers to estimate the parameters of the solar 
cell/module. They are performance-guided JAYA (PGJAYA) algorithm [6], differential evolution (DE) 
[10], genetic algorithms (GA) [11], particle swarm optimization (PSO) [12], war strategy optimization 
(WSO) algorithm [13], SEDE [14], an efficient salp swarm-inspired algorithm (SSA) [15],  improved 
JAYA (IJAYA) [16], RAO [17], modified artificial bee colony (MABC) [18], improved mosth-flame 
optimization (IMFO) [19], Shuffled frog leaping algorithm (SFLA) [20], triple-phase teaching-
learning-based optimization (TPTLBO) [21], improved chaotic whale optimization (ICWO) algorithm 
[22], Sine-cosine algorithm (SCA) [23], a new hybrid algorithm based on grey wolf optimizer and 
cuckoo search (GWO-CS) [24], Coyote optimization algorithm (COA) [25], Marine predators 
algorithm (MPA) [26], adaptive genetic algorithm (AGA) based multi-objective optimization [27], an 
improved equilibrium optimizer (IEO) [28], new stochastic slime mould algorithm (SMA) [29], and 
orthogonally adapted Harris hawks optimization (OAHHO) [30], An overview of some of these 
research papers is presented in Table 1. 

Table 1. A review of the solar PV parameter extraction methods. 

Algorithm PV Type PV 

model 

Disadvantage Advantage 

PGJAYA [6]  RTC France Si cell and 

PhotoWatt-PWP201 

SDM, 

DDM, 

PVMM 

Insufficient 

reliability  

Acceptable accuracy  

DE [10] SM55 Module SDM  The parameters 

need to be adjusted 

 Insufficient 

capability for 

exploitation 

 Accurate performance under 

a variety of operating 

conditions 

 Possessing good exploration 

capabilities 

PSO [12] Not specified SDM, 

DDM 

 Stuck in local 

minima 

 Convergence at the 

beginning 

 High level of accuracy in the 

solution 

 Ease of implementation 

 Robustness 

SEDE [14] RTC France Si cell and 

PhotoWatt-PWP201 

SDM, 

DDM, 

PVMM 

 High computation 

time 

 High accuracy and robustness 

WSO [13] RTC France silicon 

solar cell, Photo watt-

PWP 201, and STM6-

40/36 PV modules 

SDM, 

DDM, 

PVMM 

 Insufficient 

robustness 

 New optimization algorithm 

for parameter extraction of 

PV cells and modules, low 

CPU time 

SSA [15] TITAN-12-50 DDM  Caught within local 

minimums 

 Low computational time 
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 Convergence 

occurs early in the 

process 

IJAYA [16] RTC France Si cell SDM, 

DDM 

 Caught by local 

minima 

 Inaccurate solution 

 A simpler and more efficient 

algorithm 

 Convergence and robustness 

are high 

Rao [17] RTC France Si cell and 

PhotoWatt-PWP201 

SDM, 

DDM 

 Stuck in local 

minima 

 Commercial 

modules haven't 

been tested 

 Ease of implementation 

 The ability to explore well 

MABC [18] RTC France Si cell SDM, 

DDM 

 Excessive 

computation time 

 Parameters need to 

be adjusted 

frequently 

 Achieving 

convergence early 

 High accuracy and robustness 

 Insensitive to noise 

IMFO [19] Q6-1380 solar cell and 

CS6P-240P module 

SDM, 

DDM 

 It takes a long time 

to compute 

 Commercial 

modules have not 

been tested 

 Convergence speed is high 

 It is simpler 

SFLA [20] KC200GT and MSX-60 SDM  Not accurate 

 A lot of control 

parameters 

 Fast convergence 

TPTLBO [21] RTC France Si cell SDM, 

DDM 

 High 

computational costs 

 Uncertainty about 

the solution 

 Ease of implementation 

 Fewer control parameters 

 Fast convergence 

ICWO [22] KC200GT SDM, 

DDM 

 Inability to explore 

 Caught within local 

minimums 

 Convergence 

occurs early in the 

process 

 Easily implemented 

 A lower cost of computation 

 Capacity for fair exploitation 

SCA [23] KC200GT SDM  KC200GT module 

only tested 

 A local minimum 

trap 

 Easy to implement and 

simple to use 

 A fair degree of accuracy 
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GWO-CS 

[24] 

KC200GT SDM  The convergence 

speed is very slow 

 A robust design 

 Reduced possibility of local 

optima trapping 

 The accuracy of the solution is 

high 

COA [25] RTC France Si cell, 

PhotoWatt-PWP201, 

KC200GT, ST40, and 

SM55 

SDM, 

DDM 

 Insufficient ability 

to exploit 

 Convergence at an 

early stage 

 The quality of the solution is 

high 

 High convergence speed 

MPA [26] KC200GT and MSX-60 DDM  Convergence at an 

early stage 

 Stuck in local 

minima 

 A high degree of accuracy in 

the solution 

 Excel exploratory skills 

AGA [27] RTC France Si cell SDM  Caught in the trap 

of local minima 

 A lack of local 

search capability 

 A reasonable degree of 

accuracy 

 Identify promising search 

areas to find solutions 

IEO [28] RTC France Si cell, 

PhotoWatt-PWP201, 

ST40, and SM55 

SDM, 

DDM 

 Long computation 

times 

 High level of accuracy 

 A good ability to explore and 

exploit 

SMA [29] RTC France Si cell and 

PhotoWatt-PWP201 

SDM, 

DDM 

 It takes a long time 

to compute 

 A high degree of accuracy 

 A good ability to explore and 

exploit 

 

OAHHO 

[30] 

RTC France Si cell, 

PhotoWatt-PWP201, 

PVM 752 GaAs, ST40, 

and SM55 

SDM, 

DDM 

 Not specified  Rapid convergence rates 

 Avoiding local optimum 

situations 

 High-quality solutions 

 

Although researchers are developing and modifying meta-heuristic algorithms in light of the 
"No Free Lunch" theorem [31] to determine the parameters of PV models. According to the authors' 
knowledge, past algorithms have not provided a satisfactory balance between accuracy and reliability 
while maintaining a reasonable computing time. To improve the performance of metaheuristic 
algorithms, new ideas must be developed to produce simple and efficient methods for dealing with 
practical optimization problems.  

Recently, Akbari et. al., [32] introduced a new and powerful algorithm namely the CO algorithm, 
which is inspired by the behavior of cheetahs during the hunting process. However, it is necessary to 
test the performance of this algorithm on different optimization problems so that its strengths are 
known more, and its weaknesses are also identified and resolved. In this article, this algorithm is 
utilized for the first time to identify PV parameters. Based on the experiences of the authors, this 
algorithm has a relatively high computational volume, and its complexity needs to be simplified to 
be used in optimization problems. 

The purpose of this article is to introduce a simplified and improved version of CO, namely ICO, 
that can improve the features of CO while requiring significantly less computational effort.  As part 
of the ICO algorithm, the search phase is controlled according to the position of the leader, and its 
step length is also adjusted following the sorted population. This new operator also aids the 
algorithm's global search in addition to the local search. In addition, the interaction factor in the aĴack 
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phase is adjusted based on the prey position, and the turning factor is controlled by a random value. 
It is believed that the proposed aĴack operator will improve the behavior of the algorithm in the 
global search as well as its convergence speed. When it comes to estimating optimal parameters for 
PV cells and models, the CO and proposed ICO are compared to two recently well-established 
algorithms for parameter extraction of PV models, i.e., PGJAYA [6] and SEDE [14], and eight well-
known original algorithms, i.e., DE [33], PSO [34], GA [35], TLBO [36], JAYA [37], SSA [38], WSO [13], 
GWO [39]. 

Following is a summary of an overview of the remainder of the paper. In section 2, we describe 
in detail the SDM, DDM, and PVMM. The proposed ICO algorithm is presented in section 3. A 
simulation and evaluation of the results of the experiment are presented in Section 4. Finally, section 
5 makes some closing remarks. 

2. PV Modeling and Problem Formulation 
In the literature, many PV models are presented to describe the characteristics of solar cells and 

PV module models. Among these models are SDM, DDM, and PVMM. This section describes the 
mathematical model used to formulate the optimization problem of determining the optimal 
parameters for these models. 

2.1. The Model of a Solar Cell 
2.1.1. SDM 

For demonstrating the real-time characteristics of PV systems, their mathematical modeling is 
required by practical considerations. A PV array can be modeled using the cell as its basic unit. SDMs 
are widely used due to their simplicity and ease of implementation. According to Figure 1(a), the 
equivalent circuit for the SDM consists of a parallel resistor, a series resistor, a diode, and a current 
source. Calculating the output current can be accomplished using the following formula  [40]: ܫ௢ = ௣ܫ − ௦௛ܫ) +  ஽) (3)ܫ
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Figure 1. Equivalent representation of the (a) SDM, (b) DDM, and (c) PVMM. 

Where, ܫ௣, ܫ௦௛, and ܫ஽ are, respectively, the photogenerated, shunt resistor, and diode currents.  
Calculating ܫ௦௛  and ܫ஽  can be accomplished using Kirchhoff's Voltage Law (KVL) and 

Shockley's equation as follows: ܫ௦௛ = ௢ܸ + ܴ௦ܫ௢ܴ௦௛  (4) 

஽ܫ = ܫ ൤exp ൬ ௢ܸ + ܴ௦ܫ௢ݒݑ ൰ − 1൨ (5) 

here, ݑ  represents the non-physical diode ideality factor, whereas ܫ  represents the diode 
reverse saturation current; ௢ܸ represents cell output voltage; ܴ௦௛ represent shunt resistance; and ܴ௦ 
represents the series resistance.  

The junction thermal voltage can be calculated using the electron charge, 1.60217646)  ݍ ×10ିଵଽ  C), the junction temperature, ܶ , and Bolĵmann's constant, ݇  (1.8865033 × 10ିଶଷ J/K), as 
follows:     ݒ = ݍܶ݇  (6) 

Combining Equations (3) to (6) will result in the cell output current (ܫ௢) for SDM as 
follows: ܫ௢ = ௣ܫ − ௢ܸ + ܴ௦ܫ௢ܴ௦௛ − ܫ ൤exp ൬ ௢ܸ + ܴ௦ܫ௢ݒݑ ൰ − 1൨ (7) 
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2.1.2. DDM 
Although it is widely employed to simulate PV cells, SDM ignores recombination current in the 

depletion region. As shown in Figure 1(b), by combining the photo-generated current source, the 
shunt resistance, two rectifying diodes, and the series resistance, DDM can solve the problem. 

Using KCL, one can calculate the output current in DDM as follows: ܫ௢ = ௣ܫ − ௦௛ܫ) + ஽ଶܫ + ஽ଵܫ ஽ଵ) (8)ܫ = ଵܫ ൤exp ൬ ௢ܸ + ܴ௦ܫ௢ݑଵݒ ൰ − 1൨ (9) 

஽ଶܫ = ଶܫ ൤exp ൬ ௢ܸ + ܴ௦ܫ௢ݑଶݒ ൰ − 1൨ (10) 

Current flows through the first and second diodes (i.e., ܫ஽ଵ  and ܫ஽ଶ ) as described by the 
Shockley diode equations in (9) and (10). Diodes also have two ideality factors known as ݑଵ and ݑଶ. 
Diffusion and saturation currents are ܫଵ  and ܫଶ . Thus, substituting (5), (9) and (10), (8) can be 
rewriĴen as follows: ܫ௢ = ௣ܫ − ௢ܸ + ܴ௦ܫ௢ܴ௦௛ − ଶܫ ൤exp ൬ ௢ܸ + ܴ௦ܫ௢ݑଶݒ ൰ − 1൨ − ଵܫ ൤exp ൬ ௢ܸ + ܴ௦ܫ௢ݑଵݒ ൰ − 1൨ (11) 

2.2. PVMM 
A photovoltaic module may be designed to increase voltage and current by arranging several 

PV cells in parallel or series (see Figure 1(c)). Using the PVMM, the output current can be calculated 
as follows:  ܫ௢ = ௣ܫܯ − ௢ܸ + ܴ௦ܫ௢ ܰ ௦௛ܴ⁄ܯ ܰ ⁄ܯ − ܫܯ ቈexp ቆ ௢ܸ + ܴ௦ܫ௢ ܰ ݒݑ⁄ܯ ቇ − 1቉ (12) 

Here, a parallel arrangement consists of M solar cells, and a series arrangement consists of N 
solar cells. 

2.3. Problem Formulation  
The goal of the proposed optimization problem is to determine unknown parameters of PV cells 

and module accurately. An optimization algorithm is commonly employed to minimize the 
differences between the estimated and experimental I-V data obtained from the PV systems. Hence, 
as a rule, it is common to consider that the minimization of root mean square error (RMSE) is an 
objective function that should be considered when determining an estimate of current. 

Minimize RMSE = ඩ1ܵ ෍൫ܫመ௢,௦ − ௢,௦൯ଶௌܫ
௦ୀଵ  (13) 

Subject to: ݔ௜,୫୧୬ ≤ ௜ݔ ≤ ;௜,୫ୟ୶ݔ  ∀݅ = 1, 2, … 5 (SDM and PVMM models); ∀݅= 1, 2, … , 7 (DDM) 
(14) 

௢,௦ܫ = ଵݔ − ෠ܸ௢,௦ + ଷݔመ௢,௦ܫସݔ − ଶݔ ቈexp ቆ ෠ܸ௢,௦ + ݒହݔመ௢,௦ܫସݔ ቇ − 1቉ 
(15) 

௢,௦ܫ = ଵݔ − ෠ܸ௢,௦ + ସݔመ௢,௦ܫହݔ − ଷݔ ቈexp ቆ ෠ܸ௢,௦ + ݒ଻ݔመ௢,௦ܫହݔ ቇ − 1቉
− ଶݔ ቈexp ቆ ෠ܸ௢,௦ + ݒ଺ݔመ௢,௦ܫହݔ ቇ − 1቉ 

(16) 
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௢,௦ܫ = ଵݔܯ − ෠ܸ௢,௦ + መ௢,௦ܫସݔ ܰ ଷݔ⁄ܯ ܰ ⁄ܯ − ௣ܰݔଶ ቈexp ቆ ෠ܸ௢,௦ + መ௢,௦ܫସݔ ܰ ݒହݔ⁄ܯ ቇ − 1቉ 
(17) 

S is the number of experimental paired sample data. ܫመ௢,௦ and ܫ௢,௦ are the s-th measured sample, 
and the determined value of PV output current, respectively. Constraints (14) indicate the upper 
 bounds on the PV parameters (decision variables). For the SDM and PVMM (௜,୫୧୬ݔ) and lower (௜,୫ୟ୶ݔ)
five unknown parameters are ࢞ = ௣ܫ] , ,ܫ ܴ௦௛, ܴ௦, ࢞ ,.and seven decision variables, i.e , [ݑ ௣ܫ]= , ,ଵܫ ,ଶܫ ܴ௦௛, ܴ௦, ,ଵݑ  ଶ] should be defined for the DDM using an optimization technique. Finally, theݑ
calculated PV output current in each sample s, ܫ௢,௦, can be expressed using (15), (16), and (17) for 
SDM, DDM, and PVMM, respectively.  

3. Proposed Optimization Algorithm 
3.1. Overview of CO Algorithm 

Akbari et al. [32] recently developed the CO algorithm as a powerful optimization algorithm for 
mimicking specific cheetahs’ hunting strategies. This algorithm utilizes three important strategies: 
searching for prey, siĴing and waiting, and aĴacking. The algorithm introduces leaving the prey and 
returning home to avoid geĴing stuck in local optimal points. In this section, the mathematical model 
of the CO algorithm is explained, then the ICO algorithm is presented.  

Based on these strategies, as shown in Figure 2, cheetah populations are formed in different 
arrangements. The probable hunting arrangements of each cheetah are considered equivalent to the 
solution to the problem. It is assumed that the best position among the population determines the 
prey (best solution). Cheetahs adjust their possible arrangements to optimize their performance 
during the hunting period.  

…

…

Sit-and-wait Search

Attack

…

 
Figure 2. Representation of the CO algorithm. 

3.1.1. Searching Strategy 
A cheetah scans its surroundings or searches for suitable prey based on environmental 

conditions and hunting behavior. A mathematical model's searching phase looks like this [32]: ܺ௜,௝௧ାଵ = ܺ௜,௝௧ + .௜,௝ିଵݎ̂ ௜,௝௧ߙ  (18) 

So that ௜ܺ,௝௧  represents the current arrangement and ௜ܺ,௝௧ାଵ represents the new arrangement of 
cheetah ݅ at hunting time ݐ. The inverse of a normally distributed random number ̂ݎ௜,௝ represents 
the randomization parameter. Besides, the random step length is defined by ߙ௜,௝௧ , where is expressed 
for the leader as follows [32]: ߙ௜,௝௧ = 0.001 × ܶ/ݐ × ( ௝ܷ −  ௝) (19)ܮ
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Where ௝ܷ and ܮ௝ are the upper and lower limits of the variable ݆. The length of a hunting time 
is represented by ܶ. For other members of a group of cheetahs, the random step length is expressed 
based on the distance of the cheetah ݅ and arbitrarily selected cheetah ݇ in a group as follows [32]: ߙ௜,௝௧ = 0.001 × ܶ/ݐ × ( ௜ܺ,௝௧ − ܺ௞,௝௧ ) (20) 

3.1.2. SiĴing-and-Waiting Strategy 
Cheetahs are swift hunters. During the chase, speed and flexibility require much energy. 

Therefore, the duration of the aĴack and chase cannot be long. As a result, one of the important 
strategies of cheetahs during the hunting process is to wait until the prey is close enough to them. 
Then, they start the aĴack. Hunting success can be increased by this behavior, which is modeled as 
follows [32]: ܺ௜,௝௧ାଵ = ܺ௜,௝௧  (21) 

3.1.3. AĴacking Strategy 
At the appropriate time, cheetahs aĴack their prey. Speed and flexibility are two critical factors 

that the cheetah exploits during its aĴack. Cheetahs aĴack with maximum speed so that the cheetah 
must reach a close distance from their prey in the shortest possible time. In this case, the prey notices 
the cheetah's aĴack and starts to run away. Because of the cheetah's high speed and short distance 
from the prey, the prey prefers to escape by changing directions suddenly. Therefore, the cheetah 
uses its high flexibility to place the prey in unstable conditions and catch it. AĴacks may take place 
individually or in groups. In solo aĴack mode, the cheetah's position change is adjusted based on the 
position of the prey. This can be done interactively in a group aĴack based on the status of other 
members of the group and the prey. This strategy can be expressed using the following mathematical 
model [32]: ܺ௜,௝௧ାଵ = ܺ஻,௝௧ + .௜,௝ݎ̌ ௜,௝௧ߚ ௜,௝ݎ̌ (22)  =  (23) (௜,௝ݎߨ2)௜,௝|ୣ୶୮(௥೔,ೕ/ଶ)sinݎ|

Where ܺ஻,௝௧  is the prey position; ̌ݎ௜,௝ is the turning factor which reflects the sudden changes of 
the prey while fleeing; and ݎ௜,௝  is a randomly chosen value from a normal distribution. The 
interaction factor is defined by ߚ௜,௝௧  in (22) which is expressed as follows [32]: ߚ௜,௝௧ = ܺ௞,௝௧ − ܺ௜,௝௧  (24) 

3.1.4. Strategy Selection Mechanism 
Choosing the right strategy in the CO algorithm is done randomly [32]. Let ݎଶ and ݎଷ be two 

random numbers from a uniform distribution. If ݎଶ is greater than ݎଷ, the sit-and-wait strategy is 
selected; otherwise, one of the search or aĴack strategies takes place. There is a condition between the 
two strategies of search and aĴack, which is controlled based on the H factor (see Figure 3). This factor 
decreases with time, which is expressed as follows [32]:  ܪ = eଶ(ଵି௧/்) (2ݎଵ − 1) (25) 

where ݎଵ is a random value from [0, 1]. A condition has been set between these two strategies 
so that searching is the most likely choice at the start of hunting season. An aĴack will likely occur as 
the time of hunting progresses.  
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Figure 3. An overview of the strategy selection mechanism in the CO algorithm. 

The pseudo-code of CO is summarized in Algorithm 1 [32]. 

Algorithm 1: The CO Algorithm 

1: Define ݐܫݔܽܯ ,݊ ,ܦ 

2: Generate the initial population of cheetahs ௜ܺ(݅ = 1, 2, … , ݊) and evaluate the fitness of each cheetah 

3: Initialize the population’s home, leader, and prey solutions 

ݐ݅ :5 ← 1 

8: While ݅ݐ ≤  do ݐܫݔܽܯ

9:  Select ݉ (2 ≤ ݉ ≤  ݊) members of cheetahs randomly 

10:  For each member ݅ ∈ ݉ do  

11:  Define the neighbor agent of member ݅ 
12:   For each arbitrary arrangement ݆ ∈  {1, 2, … ,  do {ܦ

13:    Calculate ̂ݎ,   ܪ and ,ߚ ,ߙ ,ݎ̌

14:    
Apply the strategy selection mechanism to generate a new arrangement according to (18), (21), 

or (22) 

25:   End 

26:   Update the solutions of member ݅ and the leader 

27:  End 

29:  Apply the leave the prey and go back home strategy 

ݐ݅  :34 ← ݐ݅ + 1 

35:  Update the prey (global best) solution 

36: End 

3.2. Improved Cheetah Optimizer (ICO) Algorithm 
The CO algorithm has shown good capabilities in solving large-scale problems. However, as will 

show in the experimental results, it needs improvement in terms of convergence speed and 
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computing time in identifying the parameters of photovoltaic models.  For this purpose, a modified 
version of the CO algorithm is presented to cover these shortcomings.  

3.2.1. Searching Strategy 
In the search mode of the CO algorithm, each cheetah updates its position based on its previous 

position. This is when cheetahs usually follow the leader of the group and follow him. On this basis, 
the searching strategy in (18) is modified based on the leader position (second-best cheetah’s position 
in the population), ܺ௅,௝௧ , as follows: ܺ௜,௝௧ାଵ = ܺ௅,௝௧ + .௧ݎ̂ ௜,௝௧ߙ  (26) 

Where, the randomization parameter (̂ݎ௧), and random step length (ߙ௜,௝௧ ) are modified as follows: ̂ݎ௧ = ௜,௝௧ߙ (27) ′′ݎ/′ݎ = ܺ௞ᇱ,௝௧ − ܺ௜ᇱ,௝௧  (28) 

Here, ݎ′ and ݎ′′ are random values of the normal distribution function. ܺ௞ᇱ,௝௧  and ௜ܺᇱ,௝௧  are the 
position of k’th and i'th cheetahs in the sorted population.  

It is worth noting that updating the position of each cheetah around the position of the group 
leader can help the local search phase. In addition, the second term on the right side of the 
relationship (26) causes the diversity of solutions and thus contributes to the global search phase 
(exploitation phase). Also, by creating long steps during the hunting period, the random parameter 
will cause the solution to go out of the range of variables and thus be replaced with the new random 
solution in the population. Consequently, in addition to diversifying the solutions, it can prevent the 
algorithm from geĴing stuck in local optimal points. 

3.2.2. AĴacking Strategy 
Moreover, the aĴacking strategy in the ICO algorithm is reformulated as follows: ܺ௜,௝௧ାଵ = ܺ஻,௝௧ + .௧ݎ̌ ௜,௝௧ߚ  (29) 

Where ̌ݎ௧ is a random value from [0, 1]. 
In the CO algorithm, the interaction factor is expressed using the position of the adjacent cheetah 

(see Eq. (24)).  While cheetahs usually aĴack their prey singly. Therefore, their position should be 
adjusted based on the position of the prey. Hence, in this proposed aĴack strategy, each cheetah 
updates his/her position relative to the prey during the aĴack mode and moves towards it, which is 
defined as follows: ߚ௜,௝௧ = ܺ஻,௝௧ − ܺ௜,௝௧  (30) 

This proposed aĴack strategy helps the CO algorithm to find the near-optimal solution faster. 
Therefore, the local search capability (exploitation phase) of the CO algorithm is enhanced and its 
convergence speed will be increased.  

The pseudo-code of the proposed ICO is summarized in Algorithm 2. 

Algorithm 2: The ICO Algorithm 

1: Define ݐܫݔܽܯ ,݊ ,ܦ 

2: Generate the initial population of cheetahs ௜ܺ଴(݅ = 1, 2, … , ݊) and evaluate the fitness of each cheetah 

ݐ :3 ← 1 

4: While ݐ ≤  do ݐܫݔܽܯ

5:  Sort the cheetahs’ population, and select the prey (ܺ஻) and leader (ܺ௅) positions 

6:  Update ̂ݎ௧ and ̌ݎ௧  

7:  For each member ݅ do  
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8:   Select the neighbor agent of member ݅ and name it k 

9:   Select ݆ ∈  {1, 2, … , ݀ as a set of arrangements randomly with length  {ܦ = ඃ⌈3/ܦ⌉݅݀݊ܽݎ/ܦඇ 
10:   ௜ܺ,௝௧ ← ௜ܺ,௝௧ିଵ// sit-and-wait 

11:   Calculate ߙ ,ܪ, and ߚ using (25), (28), (30), respectively 

12:   If ܪ < 0.25 then 

13:    Generate new position using searching strategy, i.e., Eq. (26) // Searching strategy 

14:   Else 

15:    Generate new position using attacking strategy, i.e., Eq. (29) // Attacking strategy 

16:   End 

17:   Update the position of member ݅ and prey position in the population 

18:  End 

ݐ  :19 ← ݐ + 1 

20: End 

21: Return the prey position as the best solution 

4. Experimental Results 
The CO and ICO algorithms are evaluated in this section to show their performance on the 

parameter estimation of three types of PV models, i.e., SD, DD, and PVM models. The SD and DD 
tests are conducted on silicon solar cells with 57 mm diameters (R.T.C. France) to collect current-
voltage data [41]. Moreover, under 1000 W/m2 irradiance, a PV module (Photo WaĴ-PWP 201) with 
36 polycrystalline PV cells is used [41]. Experimental data is used to estimate the parameters of PV 
models using a variety of algorithms. The maximum and minimum limit for each parameter of the 
PV model is given in Table 2 [16]. 

Moreover, two recently developed algorithms including PGJAYA [6] and SEDE [14], as well as 
eight well-known original algorithms, i.e., DE [33], PSO [34], GA [35], TLBO [36], JAYA [37], SSA [38], 
WSO [13], GWO [39] are chosen to validate and verify the effectiveness of CO and ICO for identifying 
PV parameters. The maximum number of 50000 function evaluations is assumed for all case 
studies. As in the original literature, the other parameters of the applied algorithms are maintained. 
The statistical analysis is performed by running each algorithm 30 times independently in MATLAB 
2021b. 

Table 2. Parameters’ bounds for three models. 

Model 
,ܫ  ௣(A)ܫ  ,ଵܫ ,ݑ  ଶ(μA)ܫ ,ଵݑ  ଶ  ܴ௦(Ω)  ܴ௦௛(Ω)ݑ

 Min Max  Min Max  Min Max  Min Max  Min Max 

SDM  0 1  0 1  1 2  0 0.5  0 100 

DDM  0 1  0 1  1 2  0 0.5  0 100 

PV module  0 2  0 50  1 50  0 2  0 2000 

4.1. Population Size Analysis  
One of the parameters influencing the performance of any evolutionary algorithm is the size of 

the initial population. Therefore, the behavior of the proposed algorithm for optimal extraction of the 
parameters of three PV models has been investigated with the population size (n) of 10, 20, 40, 50, 80, 
and 100. For each of these population sizes, the ICO has been run 30 times and the statistical results 
are summarized in Table 3. As can be seen, for the SD and PVM models, the algorithm can achieve 
the best solution (Min value) for all population sizes. For the DD model, the algorithm has reached 
the best solution in 9.824849E-04 with n = 80. In addition, the proposed algorithm shows significant 
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robustness with all initial populations except population 10. The CPU times and Friedman test results 
through 30 runs are represented in the last three columns of this Table 3, and their average values for 
the three models are shown in Figure 4. Based on these results, it can be seen that the proposed 
algorithm with n = 80 has the best relative performance in three models with average sum rank of 80 
and CPU time of 39.5 sec. The population size of 40 and 50 rank second and third among all examined 
population sizes, respectively. 

Table 3. An analysis of the effect of population size on ICO performance for different PV models. 

Mode

l 
n Min Mean Max SD 

CPU time 

(sec.) 

Mean rank 

in the 

Freidman 

test 

Sum rank in 

the 

Freidman 

test 

SD 

10 9.860219E-04 1.006557E-03 1.268819E-03 5.47E-05 48.59 6.0 180 

20 9.860219E-04 9.860219E-04 9.860219E-04 8.17E-17 48.02 3.6 106.5 

40 9.860219E-04 9.860219E-04 9.860219E-04 6.30E-17 37.42 2.6 76.5 

50 9.860219E-04 9.860219E-04 9.860219E-04 3.24E-17 40.23 2.5 74.5 

80 9.860219E-04 9.860219E-04 9.860219E-04 4.85E-17 41.11 2.9 87 

100 9.860219E-04 9.860219E-04 9.860219E-04 4.66E-17 50.89 3.5 105.5 

DD 

10 9.849747E-04 1.046876E-03 1.199696E-03 5.90E-05 52.52 5.6 169 

20 9.832470E-04 9.909079E-04 1.016172E-03 8.43E-06 55.21 3.9 116 

40 9.824888E-04 9.869534E-04 1.002805E-03 4.35E-06 53.12 2.9 87 

50 9.825601E-04 9.861925E-04 9.948859E-04 2.43E-06 50.93 3.0 90 

80 9.824849E-04 9.860955E-04 9.895027E-04 1.43E-06 38.32 2.6 78 

100 9.836909E-04 9.878873E-04 1.014303E-03 6.14E-06 36.53 3.0 90 

PVM 

10 2.425075E-03 2.435752E-03 2.498069E-03 1.99E-05 48.36 6.0 180 

20 2.425075E-03 2.425075E-03 2.425075E-03 2.14E-16 44.27 4.1 124 

40 2.425075E-03 2.425075E-03 2.425075E-03 1.24E-16 46.07 2.7 81 

50 2.425075E-03 2.425075E-03 2.425075E-03 3.65E-17 44.76 2.8 84.5 

80 2.425075E-03 2.425075E-03 2.425075E-03 2.65E-17 39.16 2.5 75 

100 2.425075E-03 2.425075E-03 2.425075E-03 3.17E-17 39.84 2.9 85.5 
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Figure 4. Average ranks of the utilized population sizes in three models. 

In addition, the convergence characteristics of the algorithm with different population numbers 
are shown in Figure 5 for three models. When the population number is set above 10, almost the same 
convergence behavior is seen. However, for the first model, when the population is 40, the speed of 
convergence is almost beĴer. When the population of 80 and 100 is considered, the speed of 
convergence in the second model is the best. For the third model, all populations except 100 have 
almost converged on the same point.  For the population number of 10, the speed of convergence in 
SDM and DDM shows the worst situation among the tested populations, while for the third model, 
it shows a significant convergence behavior. 
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(b) 

 
(c) 

Figure 5. Convergence curves of ICO with different population sizes in solving (a) SDM, (b) DDM, and (c) PVMM. 

4.2. Results of Parameter Extraction Based on SDM 
For the SDM, the best solutions found by competitive algorithms with n = 40 and n = 80 including 

PV parameters and objective function (RMSE) values are summarized in Table 4. From the results, 
for the two tested population sizes, the best RMSE value of 9.860218778914E–04 is obtained from CO 
and ICO. For n = 40, SEDE and WSO, and for n = 80, WSO gives the second-best solutions. It should 
be noted that the lower values of the RMSE indicate a higher accuracy of the estimation of model 
parameters. The curves of current and power in terms of voltage are illustrated in Figure 6(a) and 
Figure 6(b) to verify the accuracy of the algorithm. Additionally, the values of IAEI and IAEP are 
drawn in Figure 6(c) and Figure 6(d) over the voltage ranges. In all cases, the individual absolute 
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error of current (IAEI) is less than 2.52E–3 and the individual absolute error of power (AIEP) is less 
than 1.375E–3, indicating that CO and ICO are highly accurate in estimating SDM parameters. 

Table 4. Optimal parameters of SDM obtained by different algorithms with n = 40. 

n Algorithm ܫ௣(A) ܫ (A) ܴ௦௛(Ω) ܴ௦(Ω) ݑ RMSE 

40 

ICO 0.761 3.23E-07 53.719 0.0364 1.4812 9.860218778914E-04 
CO 0.761 3.23E-07 53.719 0.0364 1.4812 9.860218778914E-04 
DE 0.763 3.18E-06 100.000 0.0243 1.7547 5.274028415510E-03 

PSO 0.761 2.67E-07 48.768 0.0371 1.4623 1.049908843005E-03 
GA 0.764 2.63E-06 70.532 0.0257 1.7285 5.028715197625E-03 

TLBO 0.761 3.77E-07 63.546 0.0358 1.4967 1.061394487359E-03 
SEDE 0.761 3.23E-07 53.719 0.0364 1.4812 9.860218778915E-04 
JAYA 0.761 6.08E-07 70.138 0.0337 1.5478 1.596303286167E-03 

PGJAYA 0.761 3.23E-07 53.713 0.0364 1.4812 9.860219332331E-04 
WSO 0.761 3.23E-07 53.719 0.0364 1.4812 9.860218778915E-04 
GWO 0.838 0.00E+00 1.139 0.0000 2.0000 2.228699161204E-01 
SSA 0.835 0.00E+00 1.162 0.0000 1.0000 2.228762271791E-01 

80 

ICO 0.761 3.23E-07 53.719 0.0364 1.4812 9.860218778914E-04 
CO 0.761 3.23E-07 53.719 0.0364 1.4812 9.860218778914E-04 
DE 0.763 1.54E-06 99.600 0.0296 1.6569 3.541687987531E-03 

PSO 0.761 3.54E-07 56.556 0.0360 1.4903 1.001530647734E-03 
GA 0.759 1.29E-07 46.427 0.0399 1.3938 2.248309383635E-03 

TLBO 0.761 3.40E-07 55.608 0.0362 1.4865 9.917684200620E-04 
SEDE 0.761 3.36E-07 54.054 0.0362 1.4852 9.902825250634E-04 
JAYA 0.762 9.73E-07 88.523 0.0312 1.6013 2.589835639165E-03 

PGJAYA 0.761 3.23E-07 53.722 0.0364 1.4812 9.860220454267E-04 
WSO 0.761 3.23E-07 53.719 0.0364 1.4812 9.860218778915E-04 
GWO 0.769 4.43E-06 24.455 0.0200 1.8059 9.281563258264E-03 
SSA 1.000 8.72E-07 1.098 0.0007 1.6512 1.525312427660E-01 
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Figure 6. Estimated and measured data of the RTC France silicon solar cell based on the SDM by ICO; (a) I–V, 
(b) P–V, (c) IAEI, and (d) IAEP. 

4.3. Results of Parameter Extraction Based on DDM 
The best solutions found by competitive algorithms for DDM models with n = 40 and n = 80, 

including PV parameters and optimal RMSE values, are represented in Table 5. From the table, it can 
be seen that CO obtains the best RMSE value of 9.824848822723E–04 for n = 40, followed by the ICO 
with RMSE of 9.824860991382E–04. Additionally, for n = 80, these optimizers get the best results out 
of 12 algorithms. Conversely, SSA and GWO produce the worst results.  Figure 7(a) and  Figure 7 (b) 
respectively illustrate the I–V and P–V curves using measured and estimated data for the DDM model. 
The corresponding IAEI and IAEP are illustrated in Figure 7(c) and Figure 7(d) indicating that CO 
and ICO are incredibly accurate in estimating DDM parameters. 

Table 5. Optimal parameters for DDM obtained by different algorithms with n = 40. 

n 
Algorith

m 
 ଶ RMSEݑ ଵݑ ଶ(A) ܴ௦(Ω) ܴ௦௛(Ω)ܫ ଵ(A)ܫ ௣(A)ܫ

4
0 

ICO 0.76078
1 
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04 
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PSO 
0.76073

3 1.71E-07 1.46E-06 
0.03675

7 61.054 
1.42

9 
2.000

0 
1.00247341473E-

03 

GA 
0.76327

1 
0.00E+0

0 4.23E-06 
0.02277

5 97.844 
1.67

0 
1.796

3 
5.99279194424E-

03 

TLBO 0.76009
0 

9.73E-08 2.76E-06 0.03697
5 

100.00
0 

1.38
7 

1.999
4 

1.30300020067E-
03 

SEDE 
0.76076

9 2.14E-07 8.07E-07 
0.03679

0 55.795 
1.44

7 
1.986

9 
9.82753663536E-

04 

JAYA 
0.75987

3 
5.29E-07 4.02E-11 

0.03443
8 

70.729 
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2 
1.889

4 
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03 
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2 
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7 

54.289 1.99
9 
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0 
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04 
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0 
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03 
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0 
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0 

2.000
0 
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01 
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0 
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0 
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0 
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0 
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01 

8
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Figure 7. Estimated and measured data of the RTC France silicon solar cell based on DDM by ICO; (a) I–V, (b) 
P–V, (c) IAEI, and (d) IAEP. 

4.4. PVMM-Based Photo WaĴ-PWP 201 
For PVMM, it can be observed from Table 6 that the best solutions are obtained from CO, ICO, 

SEDE, and WSO. However, in terms of RMSE, the best result is related to CO, and then ICO, WSO, 
and SEDE are placed in the next ranks respectively. Among competitive algorithms, for n = 40 and n 
= 80, CO, ICO, and WSO show stable behavior in finding the best optimal solution. From Figure 8(a) 
and (b), I–V and P–V characteristics of measured data are very similar to those obtained by ICO and 
CO. It can be seen that the IAEI and IAEP in this example are less than 0.0048 and 0.0798, respectively 
(see Figure 8(c) and (d)). The results of this study demonstrate the high accuracy of the estimated 
parameters by the CO and ICO for the PVMM. 

Table 6. Optimal parameters for PVMM by different algorithms with n = 40 and n = 80. 

n Algorithm ܫ௣(A) ܫ (A) ܴ௦௛(Ω) ܴ௦(Ω) ݑ RMSE 

40 

ICO 1.03051 3.48E-06 27.277 0.0334 1.3512 2.425074868095030E-03 
CO 1.03051 3.48E-06 27.277 0.0334 1.3512 2.425074868094980E-03 
DE 1.02991 1.49E-05 1065.617 0.0284 1.5261 5.266650305240960E-03 

PSO 1.02677 5.98E-06 88.261 0.0318 1.4111 2.864391667859010E-03 
GA 1.02370 1.52E-05 1944.805 0.0278 1.5294 6.099240455880790E-03 
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TLBO 1.02611 4.78E-06 75.270 0.0325 1.3855 2.700403640152360E-03 
SEDE 1.03051 3.48E-06 27.277 0.0334 1.3512 2.425074868095090E-03 
JAYA 1.02742 8.89E-06 911.208 0.0305 1.4586 3.697656950234140E-03 

PGJAYA 1.03052 3.48E-06 27.250 0.0334 1.3511 2.425077305006140E-03 
WSO 1.03051 3.48E-06 27.277 0.0334 1.3512 2.425074868095050E-03 
GWO 1.04843 5.00E-05 3.016 0.0000 1.7509 5.383466416567090E-02 
SSA 1.15116 5.00E-05 2.191 0.0129 1.7224 5.130174319081860E-02 

80 

ICO 1.03051 3.48E-06 27.277 0.0334 1.3512 2.425074868095010E-03 
CO 1.03051 3.48E-06 27.277 0.0334 1.3512 2.425074868094990E-03 
DE 1.02868 2.27E-05 1968.622 0.0264 1.5866 6.921126739647050E-03 

PSO 1.02664 6.66E-06 115.721 0.0314 1.4238 3.029451135597340E-03 
GA 1.03138 2.87E-05 2000.000 0.0252 1.6215 7.712963596737400E-03 

TLBO 1.02522 5.63E-06 881.405 0.0321 1.4034 3.244452302450550E-03 
SEDE 1.03013 3.56E-06 28.820 0.0333 1.3536 2.427164258722220E-03 
JAYA 1.02758 1.51E-05 1713.306 0.0277 1.5278 5.590302366807740E-03 

PGJAYA 1.02922 4.29E-06 33.745 0.0327 1.3739 2.518017787843970E-03 
WSO 1.03051 3.48E-06 27.277 0.0334 1.3512 2.425074868095060E-03 
GWO 1.07157 5.00E-05 5.528 0.0187 1.7213 2.019064583084870E-02 
SSA 1.06056 4.31E-05 12.652 0.0238 1.6888 1.554532543514840E-02 
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Figure 8. Estimated and measured data yielded by ICO for the PV module model based on Photo WaĴ-PWP 201; 
(a) I–V, (b) P–V, (c) IAEI, and (d) IAEP. 

4.5. Comparison of Statistical Results 
For a clearer understanding of the comparison, the statistical results are also saved. We record 

the maximum (Max), the minimum (Min), the mean (Mean), and the standard deviation (SD) of 
RMSE over thirty independent runs for each algorithm. By comparing the Min, Mean, and SD values 
of RMSE, one can measure the accuracy, the average accuracy, and the robustness of the applied 
algorithms. Tables 7 to 9 present the statistical results for 12 algorithms with n = 40 and n = 80 through 
30 runs to identify unknown parameters of three PV models. A bolded value indicates the algorithm 
that produced the best results. A Freidman test is used to determine the performance ranking of the 
comparative algorithms. In Freidman, the smallest value of mean/sum rank indicates that the applied 
algorithm is superior to the other 12 algorithms. To measure the significance between ICO and its 
competitors, the Wilcoxon signed rank test [54] is used with a significance level of 0.05. The symbols 
of "+" and “≈” in Tables 7 to 9 indicate ICO's performance is significantly superior and almost similar 
to its competitor. 

For SDM, as shown in Table 7, when n = 40, the ICO, CO, and SEDE give the best and average 
accuracy results in terms of Min and Mean values. However, in terms of robustness, ICO with an SD 
value of 3.091E–17 shows the best performance among competitive algorithms. PGJAYA and WSO 
show the second- and third-best accuracy, respectively. According to the Friedman test, CO shows 
the best performance and ICO the second-best performance among 12 algorithms, respectively. 
Besides, when n = 80, ICO and CO show the best accuracy and WSO shows the second-best accuracy. 
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However, in terms of reliability, ICO and CO respectively with the SD values of 5.21E–17 and 1.02E–
16 are the best and second best among competitive algorithms. Based on the Wilcoxon signed rank 
test, there is no significant difference between ICO and CO, while they obtain significantly superior 
results than other competitive algorithms. 

When it comes to DDM, as represented in Table 8, CO results in the best accuracy and ICO 
obtains the best average accuracy among the tested algorithms. ICO's accuracy in terms of the 
minimum value of RMSE is very similar to the result of CO, and other algorithms are unable to 
approach it. ICO and CO rank first and second in terms of robustness. In addition, when the 
population size is set at 40, SEDE provides the best performance and ICO provides the second-best 
performance based on Friedman's test. When n = 80, however, ICO is determined to be the best-
performing algorithm, while CO is determined to be the second-best-performing algorithm among 
the 12 competing algorithms.  Furthermore, when the population size is 40, the Wilcoxon signed rank 
test does not indicate a significant difference between ICO, CO, SEDE, and PGJAYA . Moreover, based 
on Wilcoxon tests of n = 80, ICO, CO, and PGJAYA perform similarly. 

Table 7. Statistical results of different algorithms with n = 40 and n = 80 for SDM. 

n 
Algorith

m 
Min Mean Max SD 

Mean 

rank 

Su

m 

ran

k 

Significan

ce 

4

0 

ICO 
9.86021877891E-

04 

9.86021877892E-

04 

9.86021877892E-

04 

3.091E-

17 
1.633 49 

 

CO 
9.86021877891E-

04 

9.86021877892E-

04 

9.86021877893E-

04 

2.299E-

16 
1.600 48 

≈ 

DE 
5.27402841551E-

03 

7.00472269280E-

03 

8.61400240318E-

03 

1.008E-

03 
8.200 246 

+ 

PSO 
1.04990884301E-

03 

2.59824261345E-

03 

5.43861383375E-

03 

1.215E-

03 
5.700 171 

+ 

GA 
5.02871519763E-

03 

1.85106717646E-

01 

3.05981702986E-

01 

1.178E-

01 
10.933 328 

+ 

TLBO 
1.06139448736E-

03 

3.05558085709E-

03 

7.98832352445E-

03 

1.489E-

03 
5.867 176 

+ 

SEDE 
9.86021877891E-

04 

9.86021877892E-

04 

9.86021877892E-

04 

4.368E-

17 
2.867 86 

≈ 

JAYA 
1.59630328617E-

03 

4.42292722271E-

03 

6.90548939964E-

03 

9.777E-

04 
6.933 208 

+ 

PGJAYA 
9.86021933233E-

04 

9.86276195755E-

04 

9.89060476576E-

04 

6.385E-

07 
4.133 124 

+ 

WSO 
9.86021877892E-

04 

1.58438200609E-

01 

6.30741696212E-

01 

1.452E-

01 
8.733 262 

+ 

GWO 
2.22869916120E-

01 

2.23053219785E-

01 

2.23414777753E-

01 

1.541E-

04 
10.600 318 

+ 

SSA 
2.22876227179E-

01 

2.23093108473E-

01 

2.23798438512E-

01 

1.976E-

04 
10.800 324 

+ 

8

0 
ICO 

9.86021877891E-

04 

9.86021877892E-

04 

9.86021877892E-

04 
5.21E-17 1.933 58 
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CO 
9.86021877891E-

04 

9.86021877891E-

04 

9.86021877892E-

04 
1.02E-16 1.267 38 

≈ 

DE 
3.54168798753E-

03 

7.44468352091E-

03 

8.66642059402E-

03 
8.63E-04 8.233 247 

+ 

PSO 
1.00153064773E-

03 

2.60127712828E-

03 

4.82228315158E-

03 
1.30E-03 5.633 169 

+ 

GA 
2.24830938364E-

03 

1.73964495048E-

01 

2.97093810571E-

01 
9.96E-02 10.767 323 

+ 

TLBO 
9.91768420062E-

04 

5.34155103461E-

03 

1.97944235719E-

02 
4.83E-03 6.600 198 

+ 

SEDE 
9.90282525063E-

04 

1.01400153629E-

03 

1.09363977975E-

03 
2.20E-05 4.033 121 

+ 

JAYA 
2.58983563916E-

03 

5.68192621557E-

03 

9.00499477318E-

03 
1.14E-03 7.067 212 

+ 

PGJAYA 
9.86022045427E-

04 

1.01574698584E-

03 

1.18949290801E-

03 
4.93E-05 3.767 113 

+ 

WSO 
9.86021877892E-

04 

3.86485383212E-

02 

2.99953326338E-

01 
8.23E-02 7.233 217 

+ 

GWO 
9.28156325826E-

03 

2.08662190383E-

01 

2.22887009586E-

01 
5.41E-02 10.650 

319.

5 

+ 

SSA 
1.52531242766E-

01 

1.76192424924E-

01 

2.22861399093E-

01 
2.22E-02 10.817 

324.

5 

+ 

Table 8. Statistical results of different algorithms with n = 40 and n = 80 for DDM. 

n 
Algorith

m 
Min Mean Max SD 

Mea

n 

rank 

Su

m 

ran

k 

Sign

. 

4

0 

ICO 
9.82486099138221E-

04 

9.87266271841069E-

04 

1.00565345910251E-

03 
5.0E-06 2.400 72 

 

CO 
9.82484882272263E-

04 

9.90014277022917E-

04 

1.02092378170200E-

03 
9.2E-06 2.667 80 

≈ 

DE 
6.28139269320691E-

03 

8.08813241671442E-

03 

8.93742409284825E-

03 
5.8E-04 7.867 236 

+ 

PSO 
1.00247341473318E-

03 

2.42462675866429E-

03 

4.70972999662043E-

03 
1.2E-03 5.233 157 

+ 

GA 
5.99279194423828E-

03 

9.40346251766308E-

02 

3.14531449266952E-

01 
9.2E-02 9.533 286 

+ 

TLBO 
1.30300020066498E-

03 

5.31395638216597E-

03 

1.95451852804007E-

02 
3.5E-03 6.533 196 

+ 

SEDE 
9.82753663536365E-

04 

9.96916197397831E-

04 

1.15176160603947E-

03 
3.4E-05 2.133 64 

≈ 
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JAYA 
1.93867560984064E-

03 

5.30491570084624E-

03 

1.95452348011886E-

02 
3.1E-03 6.567 197 

+ 

PGJAYA 
9.84193519571165E-

04 

1.00336927015568E-

03 

1.26370280495224E-

03 
5.6E-05 2.867 86 

≈ 

WSO 
1.43847589736749E-

03 

1.86584575264940E-

01 

6.30741696211904E-

01 
1.5E-01 9.967 299 

+ 

GWO 
1.54903625179668E-

01 

2.21100841293962E-

01 

2.24562995128955E-

01 
1.3E-02 

11.06

7 
332 

+ 

SSA 
2.22868413284217E-

01 

2.23443763002107E-

01 

2.24750772827690E-

01 
5.3E-04 

11.16

7 
335 

+ 

8

0 

ICO 9.8253894327E-04 9.8641995737E-04 9.9981923040E-04 
3.134E-

06 
1.633 49 

 

CO 9.8252842598E-04 9.9825780367E-04 1.0827441957E-03 
2.432E-

05 
1.900 57 

≈ 

DE 6.7301307958E-03 8.0618449324E-03 8.8108931833E-03 
6.169E-

04 
7.933 238 

+ 

PSO 9.8464870735E-04 2.3813391278E-03 5.5055357165E-03 
1.184E-

03 
4.533 136 

+ 

GA 2.3957393236E-03 2.2114853037E-02 1.1924927342E-01 
3.269E-

02 
7.800 234 

+ 

TLBO 9.9567709138E-04 1.8966303725E-02 6.2679374194E-02 
1.887E-

02 
7.700 231 

+ 

SEDE 1.4703775097E-03 2.6141249460E-03 4.0397037616E-03 
8.191E-

04 
4.833 145 

+ 

JAYA 3.5770988271E-03 6.7480847825E-03 9.7931015684E-03 
1.726E-

03 
7.067 212 

+ 

PGJAYA 9.8420014799E-04 1.0315913230E-03 1.3731176270E-03 
7.747E-

05 
2.700 81 

≈ 

WSO 9.8602187789E-04 1.1327669684E-01 2.9995332634E-01 
1.185E-

01 
9.700 291 

+ 

GWO 1.3874357437E-01 1.6797247572E-01 2.2219565068E-01 
1.317E-

02 

11.16

7 
335 

+ 

SSA 1.5712630505E-01 1.6563118085E-01 1.7878158052E-01 
5.962E-

03 

11.03

3 
331 

+ 

 
The best results are from utilizing ICO, CO, and SEDE for PVMM when looking at Min and 

Mean RMSE of Table 9. Despite WSO's ability to achieve the highest accuracy, its average accuracy 
and robustness cannot compete with ICO, CO, and SEDE. The lowest SD value is achieved by SEDE 
equals 2.319E–17, and the second and third-best values are obtained by ICO and CO, which achieved 
4.998E–17 and 1.105E–16, respectively. According to Friedman's test, ICO provides the best 
performance and CO provides the second-best performance when n = 40. For n = 80, this ranking is 
shifted. The final ranking of comparative algorithms for identifying the unknown parameters of SDM, 
DDM, and PVMM is shown in Figure 9. For these models, the best sum-ranking result among 12 
algorithms with n = 40 is obtained by ICO, followed by CO and SEDE. While n = 80, respectively CO, 
ICO, and PGJAYA exhibit first, second, and third sum-ranking results in three models. 
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Table 9. Statistical results of different algorithms with n = 40 and n = 80 for PVMM. 

n 
Algori

thm 
Min Mean Max SD 

Mean 

rank 

Sum 

rank 

Sign. 

40 

ICO 2.4250748680950E-03 2.4250748680950E-03 2.4250748680950E-03 4.998E-17 1.917 57.5  

CO 2.4250748680950E-03 2.4250748680950E-03 2.4250748680950E-03 1.105E-16 1.983 59.5 ≈ 

DE 5.2666503052410E-03 7.2566226992670E-03 9.6379708296680E-03 8.375E-04 8.433 253 + 

PSO 2.8643916678590E-03 5.0462723254080E-03 6.5034717549490E-03 1.123E-03 6.800 204 + 

GA 6.0992404558810E-03 1.7462237365350E-01 2.9547389242870E-01 1.059E-01 11.000 330 + 

TLBO 2.7004036401520E-03 3.8363781147850E-03 9.0053151975850E-03 1.277E-03 5.933 178 + 

SEDE 2.4250748680950E-03 2.4250748680950E-03 2.4250748680950E-03 2.319E-17 2.833 85 ≈ 

JAYA 3.6976569502340E-03 1.6079498126920E-02 3.2966678818700E-01 5.923E-02 7.333 220 + 

PGJA

YA 
2.4250773050060E-03 2.4419751596470E-03 2.4895343685670E-03 1.780E-05 4.467 134 

+ 

WSO 2.4250748680950E-03 7.5247794485460E-02 4.4356045864950E-01 1.357E-01 6.100 183 + 

GWO 5.3834664165670E-02 9.3745614784530E-02 2.7590077173170E-01 6.334E-02 10.633 319 + 

SSA 5.1301743190820E-02 1.1525567589300E-01 2.7696629442010E-01 8.570E-02 10.567 317 + 

80 

ICO 2.4250748680950E-03 2.4250748680951E-03 2.4250748680952E-03 3.193E-17 2.083 62.5  

CO 2.4250748680950E-03 2.4250748680950E-03 2.4250748680952E-03 4.371E-17 1.300 39 ≈ 

DE 6.9211267396471E-03 8.2205499846706E-03 9.1644830901135E-03 5.053E-04 7.733 232 + 

PSO 3.0294511355973E-03 5.6849600297253E-03 7.4169012983030E-03 1.083E-03 6.267 188 + 

GA 7.7129635967374E-03 1.8430319719111E-01 4.0758844972356E-01 1.287E-01 10.533 316 + 

TLBO 3.2444523024506E-03 5.3311216098958E-03 9.2734827389708E-03 1.343E-03 6.033 181 + 

SEDE 2.4271642587222E-03 2.4987409190963E-03 2.6543169613205E-03 5.638E-05 3.533 106 + 

JAYA 5.5903023668077E-03 6.1914139863795E-02 1.2797477931005E-01 3.926E-02 9.800 294 + 

PGJA

YA 
2.5180177878440E-03 2.8115756633088E-03 3.0907794548476E-03 1.572E-04 4.533 136 

+ 

WSO 2.4250748680951E-03 9.1707088610467E-02 4.4400407477152E-01 1.376E-01 5.983 179.5 + 

GWO 2.0190645830849E-02 8.4207804663943E-02 2.7422933458200E-01 9.724E-02 9.767 293 + 

SSA 1.5545325435148E-02 1.4408325701658E-01 2.7424833297126E-01 1.240E-01 10.433 313 + 
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Figure 9. Final ranking of applied algorithms for three models based on the Friedman test: (a) n = 40, and (b) n = 
80. 

Additionally, Figure 10 shows a box plot diagram of all competitive algorithms for a visual 
representation of the distribution of optimal RMSE obtained for three investigated models during 30 
runs. Based on the distribution of answers, it is clear that the ICO and CO perform the best in terms 
of robustness in finding the optimal solution. SEDE and PGJAYA also provide acceptable robustness. 
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(c) 

Figure 10. Boxplot of best RMSE in 30 runs for n = 40: (a) SDM, (b) DDM, and (c) PVMM. 

4.6. Computational Time 
To further evaluate the performance of competing algorithms, we recorded the computing time 

for 30 runs of each algorithm on three models and presented them in Figure 11. As can be seen from 
this figure, different times were spent to identify the parameters of each model of the algorithm. 
Among the 12 algorithms, GA takes the longest time to solve three models, while JAYA takes the least 
time for SDM and DDM. Besides, SSA requires the least computational time to solve PVMM, followed 
by GWO, JAYA, and ICO. For SDM, after JAYA, ICO requires the least computing time. DDM, PSO, 
GWO, WSO, and SSA have almost the same computing time, and ICO needs a liĴle more time than 
them. As compared to the original algorithms such as JAYA, GWO, WSO, and SSA, the time spent by 
ICO is comparable. Its superior performance over these algorithms, however, is significant from a 
statistical perspective. In addition, although CO, SEDE, and PGJAYA show significant performance 
in terms of statistical results, they require more computational time than ICO. As compared to CO, 
the main advantage of ICO is its ability to reduce computing time while maintaining or even 
improving its performance. 
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Figure 11. CPU time over 30 runs by different algorithms with n = 40 for SDM, DDM, and PVMM. 

4.7. Convergence Characteristics 
According to Figure 12, each algorithm's convergence curve is depicted for each model and 

indicates the average RMSE performance across 30 independent runs. As can be seen from Figure 12, 
it is evident that ICO achieves a competitive or faster convergence rate than other algorithms for three 
PV models, demonstrating its capability to maintain a good balance between exploration and 
exploitation. It is worth noting that the convergence behavior of CO seems beĴer than other 
conventional algorithms such as DE, GA, PSO, WGO, SSA, TLBO, JAYA, and WSO. 
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Figure 12. Convergence curves of comparative algorithms with n = 40 for three models; (a) SDM, (b) DDM, and 
(c) PVMM. 

4.8. Exploration and Exploitation Analysis 
Keeping exploration and exploitation in balance can be achieved by ensuring sufficient diversity 

among individuals. In this way, an algorithm can avoid being trapped in a local solution and 
ultimately produce a beĴer solution to a particular optimization problem. However, exploration-
exploitation and diversity measurements alone can't prove that one algorithm is beĴer than another 
for solving optimization problems. Some experiments are presented in this section to evaluate 
exploration-exploitation and diversity of solutions in the comparative algorithms on the SDM 
problem. During iterations, Figure 13 shows variations in exploration, exploitation, and population 
diversity among individuals of competitive algorithms. Calculations are made under the procedure 
detailed in [42]. 

Figure 13(a) and (b) show that, in contrast to other algorithms, SSA and GWO exhibit a greater 
percentage of exploration during iterations than exploitation. It is shown in Figure 14 that these two 
algorithms have average exploration-exploitation ratios of 80%:20% and 76%:24%. This is due to the 
high diversity in the population in these two algorithms as shown in Figure 13(c).  Comparatively, 
GA and WSO provide the greatest level of exploitation capabilities, with an average value of 99%. 
Further evidence of this can be found in Figure 13(c), demonstrating that these two algorithms were 
unable to provide sufficient diversity throughout the iteration process. Thus, premature convergence 
is one of the main weaknesses of these algorithms. 

Figure 13(a) and (b) also show that ICO, CO, DE, PSO, GA, TLBO, SEDE, JAYA, PGJAYA, and 
WSO are all explorative at first, but after a few iterations, they are deemed exploitative algorithms. 
Similar results can be observed for the diversity measure in these algorithms which after a few 
iterations, it drops (see Figure 13(c)). It must be noted, however, that spikes in the population 
diversity characteristic are observed in CO due to the leave the prey and go back home strategy. 

 
Figure 13. Exploration-exploration and diversity of comparative algorithms on SDM. 
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Figure 14. Mean Exploration-exploitation of comparative algorithms on SDM. 

5. Conclusion 
This paper introduced a simplified and improved version of the CO algorithm and investigated 

its performance in identifying unknown parameters of PV cells and modules. An extensive set of 
experiments was conducted to assess the performance of CO and ICO in identifying parameters of 
different PV models, including SDM, DDM, and PVMM. It examined how the size of the initial 
population affects the performance of ICO. It was found that the algorithm performed well for 
populations with a number greater than 10.  The results obtained from ICO and CO were also 
compared to those obtained from other well-known algorithms in terms of accuracy, robustness, 
computing time, and convergence characteristics. Based on the Wilcoxon signed rank test and 
Friedman test, the performance of the algorithms was compared and determined. The results of these 
tests indicated the superiority of ICO compared to other competitive algorithms. Moreover, the 
further improvement made in CO revealed that ICO was able to significantly reduce computing time 
by maintaining or improving its features, and it also demonstrated enhanced performance. ICO will 
be applied in future studies to solve a variety of power system optimization problems, including 
placement of renewable distributed generations, economic load dispatch, and feeder reconfiguration. 
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