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 In this paper, a multi-group salp swarm algorithm (MGSSA) is presented for 

estimating the photovoltaic (PV) solar cell models. The SSA is a 

metaheuristic technique that mimics the social behavior of the salp. The salps 

work in a group that follow a certain leader. The leader approaches the food 

source and the rest follows it, hence resulting in slow convergence of SSA 

toward the solution. For several groups, the searching mechanism is going to 

be improved. In this work, a recently developed algorithm based on several 

salp groups is implemented to estimate the single-, double-, triple-, 

Quadruple-, and Quintuple-diode models of a PV solar cell. Six versions of 

MGSSA algorithms are developed with different chain numbers; one, two, 

four, six, eight and half number of the salps. The results are compared to the 

regular particle swarm optimization (PSO) and some of its newly developed 

forms. The results show that MGSSA has a faster convergence rate, and 

shorter settling time than SSA. Similar to the inspired actual salp chain, the 

leader is the most important member in the chain; the rest has less significant 

effect on the algorithm. Therefore, it is highly recommended to increase the 

number of leaders and reduce the chain length. Increasing the number of 

leaders (number of groups) can reduce the root mean squared error (RMSE) 

and maximum absolute error (MAE) by 50% of its value. 
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1. INTRODUCTION 

The world energy demand (WED) continues to increase as a result of the population and economic 

growth and the raise in the living standard of human being. Most of the WED is generated from the 

combustion of fossil fuels. The high greenhouse gas emissions released from burning of fossil fuel are 

responsible for the air pollution and global warming. Another challenge is the extraction of fossil fuels 

reserves at higher rate (depletion of natural resources) due to the increase in energy demand. To address all 

these energy challenges from fossil fuel, sustainable and renewable energy systems are needed. Among 

alternative sources of energy, solar photovoltaic energy has gained a great attention. PV (photovoltaic) solar 

system is one of the most used solar devices for direct conversion of solar energy to electrical power due to 

its silent operation and ecofriendly mature (zero CO2 emissions). Photovoltaic sources (PVs) have become 

https://creativecommons.org/licenses/by-sa/4.0/
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the most widely adopted source of renewable energy with 98 GWe (Gigawatt of electricity obtained by a PV 

system) with the new installations in 2017 [1]. The power output and the electrical performance from the PVs 

depend on environmental factors such as solar irradiance and temperature. 

PVs are made of solar PV panels that consists of solar cells combined in a defined manner. Thus, the 

dynamic behavior of PVs depends upon the basic building block known as solar cell. The datasheet provided 

by the manufacturer is usually at standard test conditions (STC), which hardly are met in real environmental 

conditions. Although the provided data is crucial, it is not enough to accurately predict the I-V curve under 

varying solar temperature and irradiance. The parametric values are also varying with time due to material 

degradation [2]. Therefore, the method employed to predict the behavioral parameters have gained significant 

importance in the modelling of PVS [3]. Several modelling techniques are established in literature to exhibit 

the solar cell behavior. The equivalent electronic circuit models are the most used [4]. Among the equivalent 

circuit models, the single-diode model (SDM) is considered as the reference model due to its wide 

acceptance and balanced trade-off between accuracy and complexity [5]. The SDM has five key parameters 

to describe the non-linearity of the solar cell. The other models include the ideal cell model [6], the double-

diode (DDM) [7], and the multi-diode (MDM) [8], which have more complexity relations and calculations. 

Several analytical methods and numerical techniques are applied to determine the key parameters of 

the SDM. The analytical methods are based on data provided by the solar PV manufacturer in datasheet [9] 

while the numerical methods have used iterative calculation or optimization techniques [10]. Iterative 

calculation techniques largely depend on initial conditions and have large tendency to converge on local 

minima and maxima. The large number of iterations also increases the computational cost. In the 

optimization techniques, the problem of the extraction of the key parameters is converted into an 

optimization problem [10]. The main target of any optimization technique is to design the cost function that 

is used to minimize the error between the predicted and the actual or measured data [11]. Metaheuristics 

techniques have become popular optimization solving methods due to their flexibility and robustness. The 

meta-heuristic techniques are further classified to evolutionary and swarm intelligence algorithms. 

Evolutionary algorithms are based on natural evolution patterns. The well-known genetic algorithm is an 

example of this class which has adopted the evolution theory [12]. In genetic algorithm, a set of random 

solutions are proposed and are evaluated based on specified control objective functions. Several other 

algorithms such as differential evolution [13], evolutionary programming and biography based optimization 

[14] are also known evolutionary algorithms. Contrarily, swarm intelligence techniques are based on 

intelligence pattern of swarm, herds or flocks in nature. The group behavior of individuals is the foundation 

of these algorithms. Ant colony optimization [15], artificial bee colony [15], whale optimization [16], fire fly 

optimization [17], particle swarm optimization (PSO) [18]-[21], cuckoo search [22], grey wolf optimization 

[23] and harmony search [24] represent the swarm intelligence algorithms. Besides of all the merits of 

metaheuristic algorithms, no individual algorithm is a best fit for all the optimization problems. 

Salp swarm algorithm (SSA) is a metaheuristic technique that was developed by Mirjalili et al. in 

[25] for solving engineering optimization problems. SSA has been inspired from the movements of salps 

during the navigation and foraging in deep oceans. Salps establish long swarm chain called salp chain. In salp 

chains, the first salp is the leader and the remaining salps are known as the followers. The leader has the 

responsibility for the direction and locomotion of the whole chain. This behavior enables the salps to gain 

swift motion towards the food source [25]. Salp chain formation overcomes the problem of local optima but 

cannot always perform well in real conditions. Occasionally, the algorithm fails to maintain the balance 

between exploration and exploitation phases and results in false solution. The best optimization algorithm has 

the characteristics of avoiding local optima, fast convergence rate (CR) and less complexity [25]. Researchers 

have adopted SSA in different field such as emission estimation of CO2 [26], for feature sections [10], 

chemical compound activities [27], power system stabilizer [28], fraction order PID controller [29] and PID-

fuzzy controller [30]. 

In the current study, the SSA is adopted to extract the key parameters of SDM and MDM for the 

characteristic IV-Curve of a solar cell. A brief comparison is done to show the effectiveness of the proposed 

algorithm. The paper organization is: section 2 describes the SSA and multi-group SSA (MGSSA), section 3 

represents the research methods, section 4 presents the results and discussion, and section 5 includes the 

conclusions.  

The main contributions of this work can be briefed is:  

− Study the effect of the leaders on the performance of SSA. Then, use the MGSSA with several group 

levels to optimize an equation. According to the authors’ knowledge, this never done before. 

− Derive SDM and MDM models. These includes DDM, triple (TDM), Quadruple (QdD), and Quintuple 

(QtD) models. According to the authors’ knowledge, only SDM, DDM, and TDM models were studied 

in the literature. 

− Find the parameters of SDM and MDM PV models from experimental data that is reported in [31].  
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− Study the effect of the model complexity on the performance. 

− Comprehensive comparison between models and methods is conducted including the root mean squared 

error (RMSE), maximum absolute error (MAE), CR, min-max-mean of the iterations (MMM), and how 

many times the method reached the final value (RFV). 

The core objective of this study is to examine a newly developed algorithm in improving the 

accuracy of parametric estimation, and to estimate the parameters of the SDM and MDM modules in order to 

improve the maximum power point tracking and the results of the simulations of solar PV systems. 

Several models were proposed to mimic the PV solar cell (PVSC) behavior. The most famous 

representations in the literature are the SDM and MDM [32], [33], shown in Figure 1 and Figure 2, 
respecively. These PVSC models are characterized by (1): 

 

 

 
 

Figure 1. Single-diode model [32, 33] 

 
 

Figure 2. Multi-diode model [32, 33] 

 

 

𝐼 = 𝐼𝑝ℎ − ∑ 𝐼𝑑𝑖
(𝑒

𝑞(𝑉+𝐼𝑅𝑠)

𝑛𝑖𝑘𝑇 − 1)𝑚
𝑖=1 −

𝑉+𝐼𝑅𝑠

𝑅𝑠ℎ
 (1) 

 

Where 

𝐼𝑝ℎ , 𝐼𝑑 , 𝐼𝑑𝑖
 and 𝐼 Photo-, diode, diode i, and PVSC currents (𝐴), respectively 

𝑞, 𝑘, 𝑚 Electron charge, Boltzmann’s Constant and number of diodes, respectively. 𝑚 = 1 for 

SDM. 

𝑅𝑠 , 𝑅𝑠ℎ  Series and Shunt Resistances (Ω), respectively 

𝑛, 𝑛𝑖 Diode and Diode i, Ideality Factor 

𝑇, 𝑉 PVSC Temperature (𝐾 ), and Voltage of the PVSC (𝑉), respectively.  

The parameters 𝐼𝑝ℎ , 𝐼𝑑/𝐼𝑑 𝑖, 𝑅𝑠 , 𝑅𝑠ℎ and 𝑛/𝑛𝑖 are the unknown parameters that need to be obtained 

based on the I-V curve as the one in [34]. These parameters are required to determine the cell behavior, and 

hence, needed for the determination of the maximum power. Several works have been conducted in [3], [4], 

[9], [32]-[41] to find these parameters. The salp swarm optimization (SSA) and several newly developed 

methods of PSO such as the time-varying accelerated PSO (PSOTAC) [42], modified PSO (PSOM) [43], and 

the improved PSO (PSOI) [44] are used to obtain the above-mentioned parameters. The goal of the 

optimization method is to minimize the cost function, 𝐽, in order to obtain correct values for the parameters. 𝐽 

is defined, for N data points, as 

 

𝐽 = √
1

𝑁
∑ (𝐼 − 𝐼𝑝ℎ + ∑ 𝐼𝑑𝑖

(𝑒
𝑞(𝑉+𝐼𝑅𝑠)

𝑛𝑖𝑘𝑇 − 1)𝑚
𝑖=1 +

𝑉+𝐼𝑅𝑠

𝑅𝑠ℎ
)

2𝑁

𝑘=1

 (2) 

 

 

2. PROPOSED ALGORITHM 

2.1.  Introduction- salp swarm algorithm (SSA) 

Salp, shown in Figure 3, belongs to the salpidae family and it has a similar behavior of the jellyfish 

in terms of movements and body transparency. The salp lives in swarms called salp chain. Some works 
claimed that the chain helps the salp to achieve better and faster maneuvering and foraging. Similar to 

particle swarm optimization, it starts with selecting locations in the subspace to be a candidate set for the 

problem, refers to as food source, and then improves these locations iteratively to reach the food location, 

hence, improves the performance. The entire process mimics the social behavior of a salp flock trying to find 

a food source. The algorithm of SSA is illustrated using the pseudo-code as shown in Figure 4. 
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Figure 3. Salp body [45] 

 
 

Figure 4. Pseudo-code for SSA 

 

 

The salps move within the space trying to reach the food in their location; 𝐹𝑖. Each salp memorizes 

its position and food source position, which are defined for 𝑛 particles as 𝑥𝑖 = [𝑥𝑖1 𝑥𝑖2 … 𝑥𝑖𝑛] and 𝐹𝑖 =
[𝑝𝑖1 𝑝𝑖2 … 𝑝𝑖𝑛], respectively. These are initialized randomly, but then they are enhanced by (3) and (4) [25]: 

 

𝑥𝑖
1 = 𝐹𝑖 + 𝑐1 × 𝑟𝑎𝑛𝑑𝑛 × (𝑢𝑏𝑖 − 𝑙𝑏𝑖) + 𝑙𝑏𝑖 (3) 

 

𝑥𝑖
𝑡+1 = 0.5(𝑥𝑖

𝑡+1 + 𝑥𝑖
𝑡 ) (4) 

 

where 

𝑥𝑖
𝑡 The 𝑡𝑡ℎ salp position at iteration 𝑖. 

𝑐1 Learning coefficient of the individual best solutions found, it has a value of 2𝑒−(4𝑙/𝐿)2
, where 𝑙 

and 𝐿 are the current and maximum iteration, respectively. 

𝑟𝑎𝑛𝑑𝑛 It is a random number in [-1,1]. 

𝑢𝑏𝑖 , 𝑙𝑏𝑖 Parameters upper and lower bounds. 

 

2.2.  Proposed algorithm - multi-group salp swarm algorithm 

In [46], a novel method was presented. This method was referred to as memetic/multi-group salp 

swarm algorithm, where several groups/chains tried to find the solution as illustrated in the pseudo-code 

given in Figure 5. The chains regroup after each conducted iteration based on their evaluated fitness function 

values (FFs) as shown in Figure 6. The salps are organized from the least to the most FFs. Then, the salps 

with the least FFs become the leaders for the chains. The rest of the salps are distributed alternatively among 

the chains; one salp to chain 1, one to chain 2, … then coming back to chain 1 and so on. 

 
 

 
 

Figure 5. Pseudo-code for memetic salp swarm 

algorithm 

 
 

Figure 6. Regrouping method in memetic SSA [46] 

 

 

3. RESEARCH METHOD 

The effects of the chain number and population size on the MGSSA solution are examined in this 

section. To do that, the method is tested on several benchmarks before it is applied into PV model problem. 

Several benchmark functions from [42]-[44], [46] are examined and studied in this section using MGSSA 
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with different chain numbers. These functions are summarized in Table 1 with a dimension of 30, and they 

should be optimized toward a value of zero. The results are obtained for MGSSA with single, double, triple 

and quadruple groups/chains and few of them are listed in Table 2. Each method runs with populations of 10, 

20, 30 or 40 particles and last for 1000 epochs. To remove the randomization issue in initialization, each run 

is repeated 1000 times. The performance in terms MAE, RMSE, CR, and simulation time are recorded. The 

MGSSA has the same equations as those for SSA. However, they are calculated for each group separately.  

 

 

Table 1. Benchmark functions in [42]-[44], [46] 
 Range Function Type 

𝑓1 [-100,100] ∑ 𝑥𝑖
2 Unimodal 

𝑓2 [-10,10] ∑(|𝑥𝑖|) + ∏|𝑥𝑖| Unimodal 

𝑓3 [-100,100] max(|𝑥𝑖|) Unimodal 

𝑓4 [-30,30] 100 ∑[(𝑥𝑖 − 𝑥𝑖−1
2 )2 + (𝑥𝑖−1 − 1)2] Unimodal 

𝑓5 [-100,100] |(𝑥𝑖 + 0.5)|0.2 Unimodal 

𝑓6 [-500,500] 𝑥𝑖 sin(|𝑥𝑖|
0.5) + 418.9829 × 𝑑𝑖𝑚 Multi-modal 

𝑓7 [-5.12,5.12] (𝑥𝑖
2 − 10 cos(2𝜋𝑥𝑖) + 10) Multi-modal 

𝑓8 [-32,32] −20 exp (−0.2 (
∑(𝑥𝑖

2)

𝑑𝑖𝑚
)

0.5

) − exp (
1

dim
∑ cos(2𝜋𝑥𝑖)) + 20 + exp(1) Multi-modal 

𝑓9 [-50,50] 0.1 × (
𝑠𝑖𝑛(3𝜋𝑥1)2 + ∑[(𝑥𝑖 − 1)2(1 + sin(3𝜋𝑥1)2)]

+(𝑥𝑛 − 1)2(1 + sin(2𝜋𝑥𝑛)2)
) + {

−100(𝑥𝑖 + 5)4, 𝑥 < −5

100(𝑥𝑖 − 5)4, 𝑥 > 5
 Multi-modal 

 

 

Some observations are derived from the results of the benchmarks and they are: 

− The RMSE and CR is improved as the number of particles increases. 

− The RMSE is improved as the number of leaders and chains increase. 

 

 

Table 2. Results of MGSSA at different group numbers for the function 1 of Table 1 
Number 

of 
particles 

Number  

of 
chains 

  

𝑓𝑖 

RMSE MAE 
Simulation  

time 

Converge to 

RMSE<0.01 

Converge to 

RMSE<0.01 

𝑥̅ 𝜎2 𝑥̅ 𝜎2 𝑥̅ 𝜎2 𝑥̅ 𝜎2 𝑥̅ 𝜎2 

10 1 1 7E-08 1E-18 2E-08 3E-17 5E-02 2E-05 725 27 673 29 
10 2 1 5E-08 3E-18 3E-08 8E-17 5E-02 6E-06 729 27 677 27 

10 3 1 2E-08 2E-16 9E-08 5E-15 5E-02 7E-06 736 32 683 36 

10 4 1 9E-09 1E-17 5E-08 4E-16 5E-02 8E-06 733 26 679 29 

 

 

From these results, it is obvious that increasing the number of leaders and populations improves the 

models’ performance. Consequently, MGSSA is used in this paper to compare between different models of 

PVSC. In this paper, the conventional SSA method will be tested along with MGSSA with two, four, eight 

and N/2 chains. These will be referred in this paper to as SSA, MGSSA2, MGSSA4, MGSSA8, and 

MGSSAN, respectively. These are applied to measure the performance of SDM, DDM, TDM, QdM and QtM 

of a PVSC obtained from [31]. For comparison purposes, MGSSA is compared to PSO, PSOTAC [43], 

PSOM [43], and PSOI [44].  

 

 

4. RESULTS AND DISCUSSIONS  

The algorithms mentioned in section 3 were examined using the experimental I-V data of a silicon 

PVSC reported in [31]. Silicon PVSC is selected because it is currently occupying more than 90 % of 

existing PVSCs. The irradiation was 1000 W/m2 and the temperature was 33oC. The implementation was 

conducted in Matlab environment. The simulation was conducted for SDM and MDM of section 2, each for 

1000 times at population of 25, 50, 75, 100, 250 and 500, and the maximum iteration time was set to be 1000 

for each. A comparison between the mentioned methods is made in terms of RMSE, and MAE of the final 

iteration, the CR to reach RMSE of 1.25% and 2.5%, and the total simulation time after setting the simulation 

environment to be identical; same number of loops and shortcuts. The best results are shown in Table 3. The 

CR with different number of populations is shown in Figures 7 (a) and 7 (b). Figure 8, including Figures 8(a), 

8(b), 8(c), 8(d), and 8(e), and Figure 9, including Figures 9(a) and 9(b), are dedicated to show the effects of 

number of diodes, and groups, respectively, on the MGSSA performance. 
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Table 3. Comparison between the best solutions of MGSSA and PSO versions for MDM 

 Method 
No.  

Diode 
No.  

Agent 
No.  

Team 
Sim Time 

(sec) 
Iter. to Conv.  

to 0.01 
Iter. to Conv.  

to 0.02 
RMSE  
(mA) 

MAE  
(mA) 

MGSSA 1 100 50 1.988 560 506 2.54 5.45 

MGSSA 5 250 1 2.273 558 512 2.56 5.39 

MGSSA 1 75 37 2.251 565 518 2.56 5.39 

MGSSA 5 100 1 3.068 574 527 2.57 5.41 
MGSSA 1 1000 1 10.6 750 744 34 28 

PSOTAC 1 1000 1 15.9 814 516 19 16 

PSOI 1 1000 1 16 915 607 21 18 

PSOM 1 1000 1 15.9 972 676 23 19 

 

 

Based on Tables 1 and 2, and Figures 7 to 9, the following observations were obtained: 

− Generally, increasing the number of diodes in the model should improve the model performance. 

However, it increases the complexity of the system, the number of unknown parameters, and the 

computational time. Moreover, the results showed that the simulation time increased with increasing the 

number of diodes. On the other hand, SDM gave the best performance among the other models. The 

QtM came in the second place, followed by DDM, TDM and then QdM. Although QtM was in the 

second place, its performance was questionable. Some models of QtM were from best 50 models, while 

others were from the worst 50 models. This made the SDM to be the best candidate for the given set of 

data.  

− Increasing the number of groups improved the performance. Better results could be achieved by 

increasing the number of groups instead of increasing the size of populations. From Table 3, the best 

performance was obtained from populations with size of 75 and 100, and number of groups of 37 and 

50, respectively. The group itself consisted of two candidates, one leader, and one follower. The 

simulation time increased when the number of groups increased. However, this increment could be 

neglected, as it is less than 2%. Increasing number of groups reduced the box and whiskers sizes, and 

reduced outliner solutions. 

− Generally, increasing the number of populations in metaheuristic techniques improved the method’s 

performance. However, it increased the computational time. For MGSSA, this was not fully true. The 

simulation time was increased as expected. This occurred due to the calculations of the followers, which 

took place in a recursive manner. On the other hand, the performance improvement was not guaranteed. 

The results showed that a population of 75 gave better results than a population of 500 by 2% for QtM.  

− For the PSO and its versions, PSOTAC gave the best performance, followed by PSOI, PSOM and then 

PSO. It is worth to mention that the best performance of PSO versions had a RMSE that was almost 7.4 

times the one obtained from the selected MGSSA. Moreover, it needed around eight times the 

simulation time and around 1.5 number of iterations to conclude its results compared to the proposed 

method.  

− Increasing the number of diodes, groups, and/or population reduced the number of iterations required to 

reach a RMSE of 0.01 (A), and a RMSE of 0.02 (A).  

 

 

 
(a) 

 
(b) 

 

Figure 7. Convergence rate of SSA at (a) 25, and (b) 500 population 
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(a) 

 
(b) 

 

 
(c) 

 

 
(d) 

 

 
(e) 

 

 
(f) 

 

Figure 8. Effect of number of diodes on the MGSSA results for 8 groups, and 25 agents, (a) Key figure to 

represent the statistical analysis graphically, (b) SDM, (c) DDM, (d) TDM, (e) QdDM, and (f) QtDM 

 

 

 
(a) 

 
(b) 

 

Figure 9. Effect of group’s number on MGSSA results for SDM, 100 agents, and (a) 1 group(s), 

(b) 8 group(s) 

 

 

5. CONCLUSIONS  

In this work, the performance of PVSC was investigated using multi-group salp swarm algorithm 

(MGSSA). The MGSSA was proposed to estimate SDM, DDM, TDM, QdM and QtM of a PV solar panel. 
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Several groups (chains) were developed and their performance was evaluated using an I-V curve benchmark. 

The results were compared to PSOTAC, PSOM and PSOI in terms of RMSE, MAE, CR to RMSE values of 

0.02 (A) and 0.01 (A), and the simulation time. MGSSA with highest number of leaders had the best results 

compared to other algorithms in terms of CR, RMSE, and MAE. MGSSAs were better than PSO versions in 

term of CR, RMSE and MAE. Moreover, using high group numbers resulted in better model estimate with 

lower number of populations. The RMSE and MAE values could be reduced by 50 % by increasing leaders’ 

number or groups’ number. Based on this study, it is recommended to add diodes to the solar cell model, 

which would result in faster computing time and hence better performance of PVSC. 

 

 

REFERENCES 
[1] IEA PVPS, Snapshot of Global Photovoltaic Markets, 2018. 

[2] Gomes RCM, Vitorino MA, de Rossiter Correa MB, et al., “Shuffled Complex Evolution on Photovoltaic 

Parameter Extraction: A Comparative Analysis,” IEEE Trans Sustain Energy, 8:805–815, 2017, 

https://doi.org/10.1109/TSTE.2016.2620941. 

[3] Jordehi AR, “Parameter estimation of solar photovoltaic (PV) cells: A review,” Renew Sustain Energy Rev, 

61:354–371, 2016.  

[4] Chin VJ, Salam Z, Ishaque K, “Cell modelling and model parameters estimation techniques for photovoltaic 

simulator application: A review,” Appl Energy, 154:500–519, 2015, 

https://doi.org/10.1016/j.apenergy.2015.05.035. 

[5] Humada AM, Hojabri M, Mekhilef S, Hamada HM, “Solar cell parameters extraction based on single and double-

diode models: A review,” Renew Sustain Energy Rev, 56:494–509, 2016, 

https://doi.org/10.1016/j.rser.2015.11.051. 

[6] Jena D, Ramana VV, “Modeling of photovoltaic system for uniform and non-uniform irradiance: A critical 

review,” Renew Sustain Energy Rev, 52:400–417, 2015, https://doi.org/10.1016/j.rser.2015.07.079. 

[7] Sudhakar Babu T, Prasanth Ram J, Sangeetha K, et al., “Parameter extraction of two diode solar PV model using 

Fireworks algorithm”, Sol Energy, 140:265–276, 2016, https://doi.org/10.1016/j.solener.2016.10.044. 

[8] Soon JJ, and Low K-S, “Optimizing Photovoltaic Model for Different Cell Technologies Using a Generalized 

Multidimension Diode Model,” IEEE Trans Ind Electron, 62:6371–6380, 2015, 

https://doi.org/10.1109/TIE.2015.2420617. 

[9] Pindado S, and Cubas J, “Simple mathematical approach to solar cell/panel behavior based on datasheet 

information,” Renew Energy, 103:729–738, 2017, https://doi.org/10.1016/j.renene.2016.11.007. 

[10] Abbassi R, Abbassi A, Heidari AA, Mirjalili S, “An efficient salp swarm-inspired algorithm for parameters 

identification of photovoltaic cell models,” Energy Convers Manag, 179:362–372, 2019, 

https://doi.org/10.1016/j.enconman.2018.10.069. 

[11] Mafarja M, Aljarah I, Heidari AA, et al., “Binary dragonfly optimization for feature selection using time-varying 

transfer functions,” Knowledge-Based Syst, 161:185–204, 2018, https://doi.org/10.1016/j.knosys.2018.08.003. 

[12] Dizqah AM, Maheri A, Busawon K, “An accurate method for the PV model identification based on a genetic 

algorithm and the interior-point method,” Renew Energy, 72:212–222, 2014, 

https://doi.org/10.1016/j.renene.2014.07.014. 

[13] Hultmann Ayala HV, Coelho L dos S, Mariani VC, Askarzadeh A, “An improved free search differential evolution 

algorithm: A case study on parameters identification of one diode equivalent circuit of a solar cell module,” 

Energy, 93:1515–1522, 2015, https://doi.org/10.1016/j.energy.2015.08.019. 

[14] Niu Q, Zhang L, Li K, “A biogeography-based optimization algorithm with mutation strategies for model 

parameter estimation of solar and fuel cells,” Energy Convers Manag, 86:1173–1185, 2014, 

https://doi.org/10.1016/j.enconman.2014.06.026 

[15] Oliva D, Ewees AA, Aziz MA El, et al., “A Chaotic Improved Artificial Bee Colony for Parameter Estimation of 

Photovoltaic Cells,” Energies, 10:865, 2017, https://doi.org/10.3390/en10070865. 

[16] Xiong G, Zhang J, Shi D, He Y, “Parameter extraction of solar photovoltaic models using an improved whale 

optimization algorithm,” Energy Convers Manag, 174:388–405, 2018, 

https://doi.org/10.1016/j.enconman.2018.08.053. 

[17] Louzazni M, Craciunescu A, Aroudam EH, Dumitrache A, “Identification of Solar Cell Parameters with Firefly 

Algorithm,” In 2015 Second International Conference on Mathematics and Computers in Sciences and in Industry 

(MCSI), IEEE, pp 7–12, 2015. 

[18] Rezaee Jordehi A, “Enhanced leader particle swarm optimisation (ELPSO): An efficient algorithm for parameter 

estimation of photovoltaic (PV) cells and modules,” Sol Energy, 159:78–87, 2018, 

https://doi.org/10.1016/j.solener.2017.10.063. 

[19] M. Alshabi, C. Ghenai, and M. Bettayeb, “Modified Asymmetric Time-varying Coefficient of Particle Swarm 

Optimization,” In: 2020 Advances in Science and Engineering Technology (ASET) International Conferences, 

IEEE, 2020, Dubai, UAE. 

[20] M. Alshabi, C. Ghenai, and M. Bettayeb, “Sinusoidal Asymmetric Time-varying Coefficient of Particle Swarm 

Optimization,” In: IEEE (ed) 2020 International Conference on Communications, Signal Processing, and their 

Applications (ICCSPA), 2020, Sharjah, UAE. 



                ISSN: 2252-8938 

 Int J Artif Intell, Vol. 10, No. 2, June 2021:  398 – 406 

406 

[21] M. Alshabi, C. Ghenai, and M. Bettayeb, “Improved Asymmetric Time-varying Coefficient of Particle Swarm 

Optimization,” In: 2020 IEEE Canadian Conference on Electrical and Computer Engineering (CCECE), 2020, 

IEEE, Canada. 

[22] T. Kang, J. Yao, M. Jin, S. Yang, and T. Duong, “A novel improved cuckoo search algorithm for parameter 

estimation of photovoltaic (PV) models,” Energies 11(5):1060, 2018, https://doi.org/10.3390/en11051060. 

[23] Darmansyah, and Robandi I, “Photovoltaic parameter estimation using Grey Wolf Optimization,” In: 2017 3rd 

International Conference on Control, Automation and Robotics (ICCAR). IEEE, pp 593–597, 2017. 

[24] Askarzadeh A, and Rezazadeh A, “Parameter identification for solar cell models using harmony search-based 

algorithms,” Sol Energy, 86:3241–3249, 2012, https://doi.org/10.1016/j.solener.2012.08.018. 

[25] Mirjalili S, Gandomi AH, Mirjalili SZ, et al., “Salp Swarm Algorithm: A bio-inspired optimizer for engineering 

design problems,” Adv Eng Softw., 114:163–191, 2017, https://doi.org/10.1016/j.advengsoft.2017.07.002. 

[26] Zhao H, Huang G, Yan N, “Forecasting energy-related CO2emissions employing a novel ssa-lssvm model: 

Considering structural factors in China,” Energies 11(4): 781, 2018, https://doi.org/10.3390/en11040781 

[27] Hussien AG, Hassanien AE, Houssein EH, “Swarming behaviour of salps algorithm for predicting chemical 

compound activities,” 2017 IEEE 8th Int Conf Intell Comput Inf Syst ICICIS, pp 315-320, 2018, 

https://doi.org/10.1109/INTELCIS.2017.8260072. 

[28] Ekinci S, and Hekimoǧlu B, “Parameter optimization of power system stabilizer via Salp Swarm algorithm,” 2018 

5th Int Conf Electr Electron Eng ICEEE, 143–147, 2018, https://doi.org/10.1109/ICEEE2.2018.8391318. 

[29] Mohapatra TK, and Sahu BK, “Design and implementation of SSA based fractional order PID controller for 

automatic generation control of a multi-area, multi-source interconnected power system,” In: 2018 Technologies for 

Smart-City Energy Security and Power (ICSESP). IEEE, pp 1–6, 2018. 

[30] Baygi SMH, Karsaz A, Elahi A, “A hybrid optimal PID-Fuzzy control design for seismic exited structural system 

against earthquake: A salp swarm algorithm,” 2018 6th Iran Jt Congr Fuzzy Intell Syst CFIS, pp 220–225, 2018, 

https://doi.org/10.1109/CFIS.2018.8336659. 

[31] Mirjalili S, Lewis A, Sadiq AS, “Autonomous Particles Groups for Particle Swarm Optimization,” Arab J Sci Eng., 

39:4683–4697, 2014. 

[32] Abbassi R, Abbassi A, Jemli M, Chebbi S, “Identification of unknown parameters of solar cell models: A 

comprehensive overview of available approaches,” Renew Sustain Energy Rev, 90:453–474, 2018, 

https://doi.org/10.1016/j.rser.2018.03.011 

[33] Mares O, Paulescu M, Badescu V, “A simple but accurate procedure for solving the five-parameter model,” Energy 

Convers Manag., 105:139–148, 2015, https://doi.org/10.1016/j.enconman.2015.07.046. 

[34] Ishaque K, Salam Z, Taheri H, “Simple, fast and accurate two-diode model for photovoltaic modules,” Sol Energy 

Mater Sol Cells, 95:586–594, 2011, https://doi.org/10.1016/j.solmat.2010.09.023. 

[35] Khanna V, Das BK, Bisht D, et al., “A three diode model for industrial solar cells and estimation of solar cell 

parameters using PSO algorithm,” Renew Energy, 78:105–113, 2015, https://doi.org/10.1016/j.renene.2014.12.072. 

[36] Ma J, Bi Z, Ting TO, et al., “Comparative performance on photovoltaic model parameter identification via bio-

inspired algorithms,” Sol Energy, 132:606–616, 2016, https://doi.org/10.1016/j.solener.2016.03.033. 

[37] Raj S, Kumar Sinha A, Panchal AK, “Solar cell parameters estimation from illuminated I-V characteristic using 

linear slope equations and Newton-Raphson technique,” J Renew Sustain Energy, 5(3), 2013, 

https://doi.org/10.1063/1.4803748. 

[38] Easwarakhanthan T, Bottin J, Bouhouch I, Boutrit C, “Nonlinear Minimization Algorithm for Determining the 

Solar Cell Parameters with Microcomputers,” Int J Sol Energy, 4:1–12, 1986, 

https://doi.org/10.1080/01425918608909835. 

[39] Gottschalg R, Rommel M, Infield DG, Kearney MJ, “The influence of the measurement environment on the 

accuracy of the extraction of the physical parameters of solar cells,” Meas Sci Technol, 10:796–804, 1999, 

https://doi.org/10.1088/0957-0233/10/9/306. 

[40] Ma J, “Optimization Approaches for Parameter Estimation and Maximum Power Point Tracking (MPPT) of 

Photovoltaic Systems,” 26–61, 2014. 

[41] AlRashidi MR, AlHajri MF, El-Naggar KM, Al-Othman AK, “A new estimation approach for determining the I-V 

characteristics of solar cells,” Sol Energy, 85:1543–1550, 2011, https://doi.org/10.1016/j.solener.2011.04.013. 

[42] Jordehi AR, “Time varying acceleration coefficients particle swarm optimisation (TVACPSO): A new optimisation 

algorithm for estimating parameters of PV cells and modules,” Energy Convers Manag., 129:262–274, 2016, 

https://doi.org/10.1016/j.enconman.2016.09.085. 

[43] Tang Z, Zhang D, “A modified particle swarm optimization with an adaptive acceleration coefficients,” Proc - 

2009 Asia-Pacific Conf Inf Process APCIP, 2:330–332, 2009, https://doi.org/10.1109/APCIP.2009.217. 

[44] Bao GQ, and Mao KF, “Particle swarm optimization algorithm with asymmetric time varying acceleration 

coefficients,” 2009 IEEE Int Conf Robot Biomimetics (ROBIO), pp 2134–2139, 2009, 

https://doi.org/10.1109/ROBIO.2009.5420504. 

[45] https://www.rnz.co.nz/national/programmes/ourchangingworld/audio/2018676118/salps-a-surprising-jelly-like-

relative. 

[46] Yang B, Zhong L, Zhang X, et al., “Novel bio-inspired memetic salp swarm algorithm and application to MPPT for 

PV systems considering partial shading condition,” J Clean Prod, 215:1203–1222, 2019, 

https://doi.org/10.1016/j.jclepro.2019.01.150. 

 


