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1. Introduction 

Recently, renewable energy sources such as solar and wind energy have been highly utilized in 

different applications, either stand-alone or grid-connected, as a result of their features of 

sustainability, low working costs, and zero pollution production [1], [2]. Solar energy is considered 

the most renewable energy widespread in various places over the world. PV panels are characterized 

by a shortened installation period, uncomplicated design, noisiness, and long operation life [3]-[6]. 
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 One of the most important and desirable options for moving toward clean 

electric energy sources is solar energy. Therefore, a PV system's 

characteristics play a significant role in determining how effective it is 

across a range of temperature and radiation scenarios. One can consider the 

PV model's parameter estimation to be a nonlinear optimization situation. 

This work makes use of a novel application of the smell agent optimizer 

(SAO) created to forecast the undefined parameters of the PV model's 

single- and two-diode equivalent circuits.  The goal of this effort is to create 

an accurate photovoltaic model that can accurately represent its 

performance under variable operating conditions. The square of the mean 

squared error between the actual measured curve and the current-voltage 

curve derived from the model defines the intended objective function. The 

suggested system is constructed and tested experimentally in a range of 

temperature and light conditions. Next, the MATLAB software is used to 

create the simulated PV model integrated with the SAO. The PV 

parameters are then predicted by comparing the experimental data with the 

convergence of the SAO based on the PV model. Based on the observed 

properties, the suggested approach for determining the parameters of an 

actual solar cell has been put into practice and contrasted with eight other 

optimization techniques. The outstanding efficacy of the method utilized 

compared with alternate methods is demonstrated by the statistical 

comparison of the ideal objective function resulting from the difference 

in the current-voltage curve produced from the optimized circuit model and 

the measurement. 
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The singular solar cell (SC) produces only a mean voltage of 0.5-0.65 V [7]. For the generation of a 

higher effective voltage, it has become necessary to bind several SCs in series to build a single 

module [8]-[10]. Adding numerous modules in series and parallel can increase V and I, respectively; 

this arrangement of several modules has formed an array [11]. There are three key points in PV 

datasheets relating to the I/V relationship of the PV system in ordinary atmospheric conditions. This 

includes produced voltage at no-load (𝑉𝑛𝑙), current at short circuit (𝐼𝑠𝑐), as well as voltage (𝑉𝑚𝑝) and 

current (𝐼𝑚𝑝) with maximum generated power (𝑃𝑚𝑎𝑥). Nevertheless, these aforementioned points are 

not enough to describe such PV systems for further studies. In reality, these conditions alter 

continuously. To ensure a satisfactory performance analysis of PV systems under various operating 

conditions, SCs, modules, and arrays must always have a correct I/V relationship. SCs' I/V 

characteristics can be predicted using two familiar models, namely the one-diode and two-diode 

models (ODM and TDM), respectively. To define ODM efficiently, five uncertain parameters must 

be defined, including diode ideality factor, photo-generated current, saturation current, series 

resistance, and shunt resistance, TDM also requires seven unknown parameters. Moreover, there is 

a triple diode model that can be employed to model PV models. This model involves nine unknown 

parameters. Still, both ODM and TDM have been given special attention in the current study [12]-

[14]. 

Modeling and simulating the behavior of PV system components, including SCs, is essential in 

the design or analysis phase of PV systems. In general, the simulation of PV systems includes two 

stages of mathematical modeling and formulation and then the estimation of model parameters. ODM 

and TDM models are usually used to model SCs. After choosing the desired model, to obtain the 

necessary parameters, one must use the characteristics of the SC provided by the manufacturers in 

their catalog. The basic characteristic used to estimate the parameters of the solar cell model is their 

I-V curve, which is obtained practically and by measuring in the laboratory under certain conditions. 

In ODM and TDM models, there are 5 and 7 unknown parameters, respectively, which should be 

estimated as accurately as possible [15], [16]. Because the modeling error in one SC, due to their 

very large number in a PV system and especially in high-capacity power plants, will lead to a 

significant error in the modeling of the entire system. Therefore, one of the main challenges in 

modeling solar cells is an accurate and appropriate estimation of their equivalent circuit parameters 

[17]-[19]. The current methods used to estimate these parameters are divided into two categories: 

analytical methods and numerical methods. In analytical methods, generally, the information 

included in the product catalog, such as 𝑉𝑛𝑙, 𝐼𝑠𝑐, maximum power point (MPP) voltage, and MPP 

current, is used to obtain the I-V characteristic [20]-[22]. The implementation of these methods is 

easier, but their accuracy depends a lot on the initial points selected in the algorithm, and in some 

cases, they do not converge to a suitable solution. To overcome the problems of analytical methods, 

researchers use numerical methods in which all the measured points in the I-V curve are used, and 

as a result, the obtained solution will be reliable and valid. Numerical methods include two 

deterministic and meta-heuristic methods. In the deterministic method, classic optimization methods 

such as iterative curve fitting [23], Newton-Raphson method [24], and Lambert W-function [25] are 

used. Using the deterministic approach in optimization problems brings limitations such as 

differentiability and convexity of the objective function. On the other hand, the next drawback of 

these methods is high sensitivity to initial values and getting trapped in locally optimal solutions. 

In the past few decades, the use of meta-heuristic algorithms (MHAs) in engineering 

applications and problems has become very popular among researchers. MHAs have also been used 

in estimating the equivalent circuit parameters of SCs [26]. Most of the methods based on 

probabilistic and population-based MHA are modeled on the behavior of nature. In these methods, 

there is no need to establish the condition of convexity, continuity, and differentiability of the 

objective functions (OFs) [27], and therefore, these methods have found various applications in 

solving engineering problems, including the estimation of SC parameters. Several studies have 

attempted to determine the PV model parameters using various optimization strategies. Mainly 

genetic algorithms [28], particle swarm optimization (PSO) [29], harmony search (HS) [30], 
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simulated annealing (SA) [31], artificial immune system (AIS) [32], differential evolution (DE) [33], 

cat swarm optimization (CSO) [34], and artificial bee colony (ABC) [35]. 

Other recent heuristic-based optimizers include the enhanced leader PSO [36], forensic-based 

investigation algorithm [37], slime mold optimizer (SMO) [38], cuckoo search algorithm (CSA) [39], 

bird matting optimizer (BMO) [40], coyote approach [41], chaos PSO (CPSO) [42], grey wolf 

optimizer (GWO) [43], and generalized oppositional teaching learning based optimization 

(GOTLBO) [44] are employed to estimate the PV model ambiguous parameters. Other algorithms, 

in addition to the ones mentioned above, have been used to define the PV model parameters, 

including the chaotic whale optimization algorithm (CWOA) [45], bonobo optimizer (BO) [46], 

whippy harris hawks optimization (WHHO) [47], adaptive differential evolution algorithm [48], 

flower pollination algorithm [49], chaotic gradient-based optimizer (CGBO) [50], and ions motion 

optimization (IMO) [51]. 

The main challenges are the problem of estimating the parameters of SCs, identifying and 

choosing or providing an optimization algorithm with high search capability, and ensuring the 

appropriate scanning of the problem space to avoid local optima and achieve greater accuracy. 

Therefore, these techniques still need to be adjusted to determine the best optimum value for various 

PV modules. The best method for determining the optimal value of PV parameters has yet to be 

discovered. In this study, the first objective is setting up the experimental test bed PV system to 

extract the practical results at different operational conditions. The second objective is utilizing the 

recent optimization algorithm smell agent optimizer (SAO) in cooperation with the MATLAB 

program and based on practical results for precise identification of PV parameters. The performance 

and effectiveness of the utilized algorithm will be examined under various working conditions. In 

this research, the parameter estimation based on the measured curve of an SC for both ODM and 

TDM models is implemented with the new SAO, and its results are compared with the PSO, DE, SA, 

HS, TLBO, ABC, CSO, and BBO algorithms which for the same SC is applied under the same 

conditions and compared statistically under the same conditions. The statistical comparison, along 

with the examination of the convergence graphs in the same conditions shows the better and more 

reliable performance of the used method and also proves the necessity of using more accurate and 

reliable methods in solving the problem of estimating the parameters of the SC model. 

2. Equivalent Circuit of SCs with ODM and TDM Models 

The equivalent SCs can be expressed as is in Fig. 1. The corresponding mathematical model is 

then described in Eq. (1) to Eq. (5). The outputted current can then be expressed in function for all 

parameters and variables that appear in Fig. 1. Equivalent circuit model of a TDM solar cell shown 

in Fig. 2. 

The total current that moves in the SC is expressed in Eq. (1), and the diode current that can be 

exposed is presented as it is in Eq. (2). The diode voltage is then exposed as it is in Eq. (3), and the 

SC voltage can be exposed in the function of temperature constant as it is in Eq. (4). Finally, the total 

current outputted from the SC is like it is in Eq. (5). If the double diode model is used for simulating 

the SC comportment, then the corresponding mathematical model is as it is in Eq. (6) [13], [52]-[54]. 

 𝐼 = 𝐼𝑃𝑉 − 𝐼𝐷 − 𝐼𝑃 (1) 

 
𝐼𝐷 = 𝐼𝑠𝐷 [𝑒

(
𝑉𝐷
𝛼𝑉𝑡

)
− 1] (2) 

 𝑉𝐷 = 𝑉 + 𝑅𝑆𝐼 (3) 

 
𝑉𝑡 =

𝑘𝑇

𝑞
 (4) 
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𝐼 = 𝐼𝑃𝑉 − 𝐼𝑠𝐷 [𝑒

(
𝑉+𝑅𝑆𝐼

𝛼𝑉𝑡
)

− 1] −
𝑉 + 𝑅𝑆𝐼

𝑅𝑃
 (5) 

 
𝐼 = 𝐼𝑃𝑉 − 𝐼𝐷1 − 𝐼𝐷2 − 𝐼𝑃 = 𝐼𝑃𝑉 − 𝐼𝑠𝐷1 [𝑒

(
𝑉+𝑅𝑆𝐼

𝛼1𝑉𝑡
)

− 1] − 𝐼𝑠𝐷2 [𝑒
(

𝑉+𝑅𝑆𝐼
𝛼2𝑉𝑡

)
− 1] −

𝑉 + 𝑅𝑆𝐼

𝑅𝑃
 (6) 

 

Fig. 1. Equivalent circuit model of an ODM solar cell 

 

Fig. 2. Equivalent circuit model of a TDM solar cell 

If the ODM is selected, the determining parameters are 𝛼, 𝑅𝑃 , 𝑅𝑆, 𝐼𝑠𝐷 , 𝐼𝑃𝑉; however, if the TDM 

is selected, the determining parameters 𝛼1, 𝛼2, 𝑅𝑃 , 𝑅𝑆, 𝐼𝑠𝐷1, 𝐼𝑠𝐷2, 𝐼𝑃𝑉 . Determining the parameters of 

an ODM for a PV system is a crucial step in understanding its behavior and optimizing its 

performance. The ODM is widely used to represent the electrical characteristics of an SC or module, 

capturing the complex relationship between I, V, and the surrounding environmental conditions. The 

parameters of this model include the ideality factor, the series and shunt resistances, the saturation 

current, and the light-generated current. To determine these parameters, a variety of methods can be 

employed, such as curve fitting techniques, iterative algorithms, or experimental measurements 

under controlled conditions. These approaches involve analyzing the I-V and P-V curves of the PV 

system, taking into account factors like temperature, irradiance, and SC/module configuration. By 

accurately determining the parameters of the ODM, engineers and researchers can gain valuable 

insights into the PV system's performance, predict its behavior under different operating conditions, 

and devise strategies to enhance its overall efficiency and reliability. 

However, the TDM accounts for the complex behavior of the SC or module, considering both 

recombination and shunt effects that can significantly impact its performance. The parameters of this 

model include the ideality factors, the series and shunt resistances, the saturation currents, and the 

light-generated currents for both diodes. To determine these parameters, various techniques can be 

utilized, such as nonlinear regression analysis, optimization algorithms, or experimental 

measurements using specialized test setups. These methods involve analyzing the I-V and P-V curves 

of the PV system under different operating conditions, including variations in temperature, 

irradiance, and load. By accurately determining the parameters of the TDM, researchers and 

engineers can gain a deeper understanding of the PV system's behavior, predict its performance under 

diverse scenarios, and develop strategies to enhance its efficiency and reliability. This comprehensive 
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modeling approach enables more precise system design, optimization, and control, thereby 

facilitating the advancement of solar energy technologies. For all these conditions and specifications, 

the optimization tool will be used to resolve this optimization problem. 

3. Formulation and Problem-Solving Method 

The design in Fig. 3, shows the overall process and explains where the algorithm will be 

implemented for doing the parameter estimation. 

 

Fig. 3. Overview of the proposed structure of PV parameter estimation 

The OF consists of the difference between the modeled 𝐼𝑚𝑑𝑙(𝑥) and measured (𝐼𝑚𝑠𝑟𝑑) values 

based on root mean square error (RMSE). 

 

F(x) = √
1

𝑁
∑(Imdl(x) − 𝐼msrd)2

𝑁

𝑖=1

 (7) 

The vector variables for ODM are 𝑥 = [𝐼𝑃𝑉, 𝐼𝑠𝐷, 𝛼, 𝑅𝑆, 𝑅𝑃] 

The vector variables for TDM are 𝑥 = [𝐼𝑃𝑉, 𝐼𝑠𝐷1, 𝐼𝑠𝐷2, 𝛼1, 𝛼2, 𝑅𝑆, 𝑅𝑃] 

4. Applied SAO Algorithm 

The SAO is an innovative and nature-inspired optimization technique that draws inspiration 

from the olfactory system of the behavior of insects such as ants and the ability to communicate. To 

optimize the problems,  SAO was designed and developed as a metaheuristic algorithm, SAO is 

adjusted to solve complex optimization problems and does not impose a significant computational 
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burden by mimicking the behavior of agents that navigate their environment using smell as their 

guiding sense [55]-[57].  

SAO is a stochastic search technique that uses a population or swarm of individual elements 

where animals detect and follow the scent of food or other attractive sources. Each animal shows an 

independent achievement solution to a problem and adjusts its own flying experience in the boundary 

space to find the optimal solution. The agents converge towards favorable areas of the solution space 

by iteratively modifying and improving their positions based on the strength and direction of the 

encountered odors [55], [57]. 

These agents generate and release “smell” in the form of candidate solutions, which diffuse 

through the search space and attract other agents. By iteratively updating and improving their 

positions based on the intensity and direction of the encountered smells, the agents converge toward 

promising regions of the solution space. SAO's ability to exploit the principles of smell-guided 

navigation makes it a powerful and efficient optimization algorithm applicable to a wide range of 

real-world problems. Three essential steps define the SAO function [55], [57]. 

4.1. Sniffing Mode 

Sniffing mode is often used in the initial stages of optimization processing to gather information 

about the landscape and to generate a diverse set of candidate solutions. The idea of sniffing mode 

on the ability of a smell agent. As a result, the agent decides to move towards the direction of the 

smell molecules or move away from the smell molecules. The concept of agent is represented by a 

position particle and the velocity vector as follows [55], [57]: 

 𝑋𝑖
𝑛 =  [𝑥𝑖1, 𝑥𝑖2, 𝑥𝑖3 … 𝑥𝑖𝑛] (8) 

 𝑉𝑖
𝑛 =  [𝑣𝑖1, 𝑣𝑖2, … 𝑣𝑖𝑛] (9) 

where i is the particle number, and 𝑛 =  (1,2,3, … , 𝑁) is the iteration number. The agent determined 

the positions of particles with the best and worst sniffing fitness, respectively.  

4.2. Trailing Mode  

Once the sniffing mode completes processing, the agent instinctively follows racks the 

molecule's journey and tracks the trail position part of the smell molecules until its source is 

identified. As a result, the agent should now sniff the smell of every molecule, which was evaluated 

where initial velocity and position are updated. However, the agent constrained only the optimal one 

in the search process as follows [55], [57]: 

 𝑋𝑖
𝑛+1 =  𝑋𝑖𝑑

𝑛 +  𝑉𝑖𝑑
𝑛+1 (10) 

4.3. Modeling Assumptions 

To create the mathematical model of the SAO, the following presumptions were made [55], [57]. 

• Although each agent has a unique smell capacity, the agents all react to odorant molecules in 

the same way. 

• The smell molecules are not attracted to one another.  

• Every molecule has its unique concentration smell, even if they have more than one smell. 

Therefore, the smell molecules continuously evaporate from the smell source in the agent's 

direction.  

• In comparison with velocity of the smell agent, the evaporation of the smell molecule was 

negligible.  

The flowchart of the optimization process of the SAO algorithm is shown in Fig. 4. 
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Fig. 4. Overview of the algorithm flowchart 

Initially, all parameters that prerequisites, such as the position and the velocity of the smell 

molecules, are initialized in the algorithm. Next, the initial iterative optimization process begins 

randomly, and the position and the velocity of the molecules are updated every iteration. The 

movement of each molecule within the search space is calculated according to a given performance 

function that assesses the fitness of the molecules. In the next step, the position of each molecule can 

be changed based on its own local best solution. After that, evaluate the fitness of the sniffing mode 

and update the position of the agent with the position of a molecule having the best sniffing fitness 

with the best position of molecules. Then, the process continues, and the best fitness is retained while 

the worst fitness is discarded through greedy selection. Until the predefined number of iterations is 

met. The process is also terminated when predefined stopping criteria are satisfied, or no significant 

improvement is achieved over many iterations. 
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5. Simulation Results 

To estimate the parameters of the SC model, the measured I-V characteristic of the SC is needed. 

The SC considered in this article is a commercial R.T.C France silicon SC with a diameter of 57 mm. 

The characteristics of this SC include 26 pairs of current and voltage numbers at a temperature of 33 

°C and radiation of 1000 W/m2 [46]. The upper and lower limit values of the parameters for the ODM 

and TDM models are considered as follows [36]: 

𝑂𝐷𝑀: 𝑙 =  [0, 0, 1, 0, 0] 
           𝑢 =  [1, 0, 2, 0.5, 100] 
𝑇𝐷𝑀: 𝑙 =  [0, 0, 0, 1, 1, 0, 0] 
           𝑢 =  [1, 10 − 6, 10 − 6, 2, 2, 0.5, 100] 

In optimization, three important factors are 𝐸𝑤𝑜𝑟𝑠𝑡, 𝐸𝑏𝑒𝑠𝑡, and 𝑘𝑚𝑎𝑥 , which respectively 

indicate the number of elements produced with the worst fit value, the number of particles produced 

with the best quality of fit, and the maximum number of generations considered in the optimization 

process. Here, the adjustment parameters of the SAO are limited to these three factors, and based on 

the best solutions obtained in different iterations, 𝐸𝑏𝑒𝑠𝑡 =  20, 𝐸𝑤𝑜𝑟𝑠𝑡 =  0, and 𝑘𝑚𝑎𝑥  =  100 are 

obtained. The solution of the SAO has been compared with the results of 8 other algorithms including 

PSO [29], HS [30], SA [31], DE [33], CSO [34], ABC [35], TLBO [44], and BBO [58] to make an 

appropriate evaluation of the new method. The parameters of these algorithms have been applied 

based on the suggested settings in the relevant references and an attempt has been made to find the 

best solution as much as possible. Also, to compare the performance of the algorithms fairly, the 

number of iterations, the population in each iteration, and other involved parameters are set in such 

a way that each algorithm executes the objective function a maximum of 50,000 times during the 

optimization process. The execution of each algorithm was also repeated 25 times to provide an 

appropriate statistical analysis of their outputs. 

5.1. ODM and TDM Model Results 

The statistical results of optimization, including the minimum, median, mean, maximum, and 

standard deviation of the RMSE value for the ODM model of the SC, are shown in Table 1. In Table 

1, the accuracy of each algorithm can be evaluated and compared. Among the above indicators, the 

values of standard deviation express the reliability of each algorithm in obtaining the optimal solution 

in different iterations. The comparison of the values in Table 1 shows that the SAO has the best 

performance based on all the indicators, especially the standard deviation, with a difference. Also, 

SAO has the most reliability in terms of the difference in the optimal output solution in each run. 

DE, ABC, and PSO methods also provide suitable minimum solutions, but their median, average, 

maximum, and expressly standard deviation indices are far from the performance of the SAO. 

To better compare the performance of the used algorithms, the convergence curve is used to 

estimate the parameters of the ODM model is shown in Fig. 5. As is shown, the SAO has a better 

convergence performance in the same number of evaluations of the objective function and has 

converged to the optimal solution earlier in all numbers with the same number of iterations. The 

statistical results of optimization similar to ODM mode for the TDM model are shown in Table 2. 

Comparing the values in Table 2 shows that the SAO has the best performance based on all the 

indicators. Also, due to the standard deviation being much less than other algorithms, SAO has the 

highest reliability in terms of the difference in the optimal output solution every time it is executed. 

DE, TLBO, and HS methods also provide minimum suitable solutions compared to other methods, 

but their mean, median, maximum, and especially standard deviation indices are far from the results 

of the SAO. 

It is worth mentioning that, in general, the RMSE values in the TDM model are higher in most 

cases compared to the ODM model. The reason for this is the addition of two parameters and another 

nonlinear function to the problem. Especially since these two parameters are effective in the 

nonlinear part of the model (or the diode) and make the estimation problem more difficult. Another 
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advantage of the SAO is that the minimum and median value of RMSE in the TDM is lower 

compared to the ODM, while the performance of other algorithms has dropped in the TDM, except 

for the minimum in the DE algorithm. The convergence curve of all algorithms used to estimate 

TDM parameters is shown in Fig. 6. As is shown, the SAO has a better convergence performance in 

the same number of evaluations of the objective function. The superiority of the SAO is more evident 

in Fig. 6 compared to Fig. 5, and in the lower number of iterations, the distance of the optimal solution 

of this method is much greater compared to other methods. 

Table 1.  RMSE statistical results are obtained from different algorithms for the ODM model 

Algorithm Minimum Median Mean Maximum  Standard deviation 
PSO [29] 9.87146×10-4 1.02892×10-3 1.05433×10-3 1.19436×10-3 6.14225×10-5 

HS [30] 1.02934×10-3 1.41752×10-3 1.40162×10-3 1.58762×10-3 1.41871×10-4 

SA  [31] 1.09761×10-3 1.84634×10-3 1.79256×10-3 2.86389×10-3 6.09843×10-4 

DE [33] 9.78731×10-4 1.41132×10-3 1.47278×10-3 1.84312×10-3 2.75341×10-4 

CSO [34] 1.87712×10-3 4.04351×10-3 8.01189×10-3 4.47735×10-2 1.41341×10-2 

ABC [35] 9.78118×10-4 1.07712×10-3 1.12241×10-3 1.31872×10-3 1.11987×10-4 

TLBO [44] 9.87273×10-4 1.10441×10-3 1.02114×10-3 1.14315×10-3 5.71388×10-5 

BBO [58] 9.87431×10-4 1.50841×10-3 1.48352×10-3 2.18762×10-3 3.85681×10-4 

SAO 9.75041×10-4 9.75041×10-4 9.75041×10-4 9.75043×10-4 1.87357×10-9 

Table 2.  RMSE statistical results are obtained from different algorithms for the TDM model 

Algorithm Minimum Median Mean Maximum Standard deviation 
PSO [29] 1.09881×10-3 1.38379×10-3 1.47756×10-3 2.19432×10-3 2.78643×10-4 

HS [30] 1.10448×10-3 1.52431×10-3 1.37871×10-3 2.19457×10-3 2.43873×10-4 

SA  [31] 1.37631×10-3 2.46211×10-3 2.52671×10-3 3.72761×10-3 5.67342×10-4 

DE [33] 9.86437×10-4 1.19781×10-3 1.21461×10-3 2.03276×10-3 2.52761×10-4 

CSO [34] 2.28176×10-3 6.47543×10-3 6.01145×10-3 8.47641×10-3 8.11961×10-3 

ABC [35] 1.10675×10-3 1.10435×10-3 1.15367×10-3 1.54311×10-3 6.14743×10-4 

TLBO [44] 1.01734×10-3 1.10442×10-3 1.15742×10-3 1.56581×10-3 1.56614×10-4 

BBO [58] 1.22941×10-3 2.13765×10-3 2.39976×10-3 3.23651×10-3 9.14671×10-4 

SAO 9.72746×10-4 9.72723×10-4 9.75251×10-4 9.77614×10-4 2.43571×10-4 

 

Fig. 5. Convergence curve of different algorithms for the ODM model 

The parameters of the model in the best solution of each algorithm are presented in Table 3 and 

Table 4. In Table 3, the parameters of 𝐼𝑃𝑉, α, and RS are obtained to some extent close to each other, 

but the difference of other parameters in different algorithms is significant. In Table 4, with the 

addition of two other parameters, only IPV and RS have a small difference in different algorithms, 

and other parameters are far apart in comparison with different algorithms. Even the overall 

difference of the optimal parameters obtained in the DE, which provided the best solution among 
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other algorithms after the SAO, is very significant with the SAO. This issue shows the challenge of 

the existence of many local optima in the problem search space and the importance of appropriate 

search in the used algorithm and avoiding local optima, especially in the TDM model. 

 

Fig. 6. Convergence curve of different algorithms for the TDM model 

Table 3.  Estimated parameters for the ODM model by different algorithms 

Algorithm IPV (A) ISD (μA) α RS (Ω) RP (Ω) 

PSO [29] 0.76062 0.33414 1.48446 0.03626 55.03412 

HS [30] 0.76061 0.41856 1.49575 0.03531 63.58872 

SA  [31] 0.76138 0.33681 1.48571 0.03612 49.50272 

DE [33] 0.76088 0.31868 1.48002 0.03635 53.35951 

CSO [34] 0.76065 0.36103 1.50227 0.03511 89.85637 

ABC [35] 0.76081 0.34017 1.49332 0.03617 56.21632 

TLBO [44] 0.76079 0.33014 1.47941 0.03592 54.12121 

BBO [58] 0.76075 0.33503 1.49047 0.03641 63.84881 

SAO 0.76077 0.32301 1.48117 0.03636 54.65936 

Table 4.  Estimated parameters for the TDM model by different algorithms 

Algorithm IPV (A) ISD1 (μA) ISD2 (μA) α1 α2 RS (Ω) RP (Ω) 
PSO [29] 0.76014 0.01232 0.32517 1.67884 1.47974 0.03609 52.39113 

HS [30] 0.76037 0.18114 0.32558 1.71884 1.48562 0.03603 64.80515 

SA  [31] 0.76203 0.32712 0.00414 1.48243 1.87113 0.03601 44.58683 

DE [33] 0.76057 0.34154 0.00573 1.49111 1.97421 0.03615 55.51014 

CSO [34] 0.76204 0.03031 0.49841 1.68913 1.53243 0.03517 89.85637 

ABC [35] 0.76058 0.15132 0.23743 1.70517 1.51275 0.03637 56.21632 

TLBO [44] 0.76103 0.30246 0.14011 1.46974 1.99042 0.03648 54.12087 

BBO [58] 0.76056 0.13847 0.37884 1.45117 1.58952 0.03527 63.84881 

SAO 0.76078 0.33846 0.27869 1.99527 1.46879 0.03648 54.65926 

 

Also, to evaluate the best solution, the I-V and P-V characteristics of the SC obtained from the 

optimized model with the SAO, along with the measured points, are shown in Fig. 7 and Fig. 8, 

respectively. The very good matching of the output characteristics of the model and the measurement 

points in these figures indicates the very good performance of the SAO. Therefore, the better 

performance of the SAO for estimating the parameters of the SC model in both ODM and TDM 

models is proven. The accuracy of two optimized models, ODM and TDM, is shown in Fig. 9. The 

accuracy of both models is lower at high voltages and higher at low voltages. Also, the TDM model 

is more accurate at low voltages. Another interesting point is the drop in the accuracy of the model 
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after passing the MPP. Of course, the accuracy of the model in general and, especially around the 

MPP, is very suitable, and it is sufficient for engineering applications and analysis of PV systems. 

 

Fig. 7. Comparative characteristic in the TDM model: optimized model output with the measurement data 

 

Fig. 8. Comparative characteristic in the TDM model: optimized model output with the measurement data 

5.2. Implementation of the Effect of Temperature and Radiation on SC Performance 

SC panels perform better at low temperatures than at high temperatures. The power produced 

by the SC panel at low temperatures is much higher than at high temperatures. It should be noted that 

with the increase in temperature, the current changes are insignificant, which can be assumed to be 

constant, but the output voltage will decrease significantly, and as a result, the output power of the 

SC panel will decrease. Therefore, to reach the I-V characteristic, as well as the P-V under different 
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temperature and radiation conditions, the I-V characteristic can be defined in terms of temperature 

and radiation as Eq. (11). In which 𝛼𝐺 = 𝐺/𝐺𝑟𝑒𝑓 and K is the temperature correction factor [59]. 

 

Fig. 9. Comparison of the accuracy of ODM and TDM models 

 
𝐼(𝛼𝐺 , 𝑇) = 𝛼𝐺𝐼𝑃𝑉(𝑇) − 𝐼𝑠𝐷(𝛼𝐺 , 𝑇) [𝑒

(
𝛼𝐺[𝑉+𝐾𝐼(𝑇−𝑇𝑟𝑒𝑓)]+𝑅𝑆𝐼

𝛼𝐺𝑛𝑇
)

− 1] −
𝛼𝐺[𝑉 + 𝐾𝐼(𝑇 − 𝑇𝑟𝑒𝑓)] + 𝑅𝑆𝐼

𝛼𝐺𝑅𝑃
 (11) 

 𝐼𝑃𝑉(𝑇) =  𝐼𝑃𝑉,𝑟𝑒𝑓 + 𝜇𝐼𝑠𝑐(𝑇 − 𝑇𝑟𝑒𝑓) (12) 

 
𝐼𝑠𝐷(𝛼𝐺 , 𝑇) = 𝛼𝐺 [

𝐼𝑃𝑉(𝑇) − 𝑉𝑜𝑐(𝛼𝐺 , 𝑇)/𝑅𝑃

𝑒𝑉𝑜𝑐(𝛼𝐺,𝑇)/𝑛𝑇 − 1
] (13) 

 𝑉𝑜𝑐(𝛼𝐺 , 𝑇) = 𝑉𝑜𝑐,𝑟𝑒𝑓 + 𝑛𝑇𝑙𝑛(𝛼𝐺) + 𝜇𝑉𝑜𝑐(𝑇 − 𝑇𝑟𝑒𝑓) (14) 

 𝐼𝑠𝑐(𝛼𝐺 , 𝑇) = 𝐼𝑠𝑐,𝑟𝑒𝑓 ∙ 𝛼𝐺 + 𝜇𝐼𝑠𝑐(𝑇 − 𝑇𝑟𝑒𝑓) (15) 

Here, n is the coefficient of the ideality of the diode, T is the temperature, μIsc is the temperature 

coefficient of the short circuit current, and μVoc is the temperature coefficient of the open circuit 

voltage. To show the effect of temperature on the output power of the solar panel, an experimental 

test has been carried out. Fig. 10 shows a 245 W panel installed on the roof of the electrical 

engineering college of Azad University, Bushehr branch which has been the cooling of the SC panel 

has been done to understand the effect of temperature on the performance of the SC panel. As it is 

shown, to cool the SC panel, the space behind the panel is completely covered with spiral tubes, and 

the passage of water through it cools the panel. In addition, by using a PV-CHECKs measuring 

device, the amount of radiation, the temperature of the PV panel, the changes in I and V, and the 

changes in the power of the panel are measured at any moment. 

Now, at an ambient temperature of 34°C, a comparison has been made between the power output 

from the panel in normal mode and cooling mode. Table 5 shows the results of this comparison for 

the amount of radiation of 960 W/m2. For a better understanding, the effect of temperature on voltage 
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and power output from the panel is shown in Fig. 11. As can be seen, when the temperature of the 

panel was lowered to 14°C, the output power of the SC panel increased by 10%. 

 

Fig. 10. Back and front view of 245 W panel 

Table 5.  Effect of temperature on the output power of the SC panel 

Mode of 

operation 

Amount of radiation 

(W/m2) 

Panel temperature 

(°C) 

Panel output power 

(W) 
Without cooling 960 60 184 

With cooling 960 46 201 

 

Fig. 11. The comparative curve of the effect of temperature on the voltage and output power of the panel 

In the following, the performance of the SAO algorithm in estimating PV module parameters 

under the influence of temperature and radiation changes is evaluated. Table 6 shows the 

specifications of the PV module according to the catalog information. Fig. 12 and Fig. 13 show the 

performance of the SAO in modeling the optimal PV output with the points measured by the device, 

respectively, for the I-V and P-V characteristics for different radiations at a temperature of 25°C. 

Similarly, the mentioned characteristics at different temperatures for 1000 W/m2 radiation are shown 

in Fig. 14 and Fig. 15. As it is shown, with the increase of radiation, the maximum power produced 
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by the module increases, which, according to Eq. 11 and Eq. 12, is due to the increase of open circuit 

voltage and short circuit current. Also, with the increase in temperature, the maximum output power 

of the module will decrease. This is because with the increase in temperature, although according to 

Eq.12, the short circuit current increases slightly, the significant decrease in the open circuit voltage, 

according to Eq. 11 causes a decrease in the output power (in this case μIsc > 0 and μVoc < 0). 

Table 6.  Specifications of the PV module under study 

Type (Kyocera) Vmp Imp Pmax Voc Isc 

KD240GX-LFB2 29.8 8.06 240.188 36.9 8.59 

 

Fig. 12. I-V characteristic under different radiations at 25°C 

 

Fig. 13. P-V characteristic under different radiations at 25°C 

As is shown from the performance of the SAO, by matching the output of the optimized model 

with the measured points, the values of the PV module parameters have been estimated with better 

accuracy under various conditions. Finally, Table 7 shows the parameter values estimated by the 

SAO. 
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Fig. 14. I-V characteristic under different temperatures in 1000 W/m2 radiation 

 

Fig. 15. P-V characteristic under different temperatures in 1000 W/m2 radiation 

Table 7.  Values of estimated PV module parameters 

Type (Kyocera) IPV IsD Rs RP n Pmax (Calculated) 
KD240GX-LFB2 8.6134 3.22×10-11 0.3485 129.9159 0.0047 240.179 

6. Conclusion 

The smell agent optimization algorithm is used to help define the PV system parameters in 

variable conditions. This is the objective of this study, and the efficiency of the proposed solution is 
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shown in the given results by making a comparison with more than six other optimization methods. 

The test was made for a variable radiation form and variable temperature conditions, as it is known 

that the PV temperature is extremely variable due to the location of the overall PV generator. The 

given results have demonstrated a perfect estimation for the PV parameters, and this can help secure 

the panels from any future problems that can happen. More applications can be attached to this study 

in future endeavors and maybe testing more optimization tools can make the study more interesting 

to the researchers.  
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