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 Enhancing photovoltaic models' performance and dependability requires 

optimal parameter extraction. This paper presents a practical method for 

determining these values from experimental current-voltage data: the war 

strategy optimization algorithm. RTC France, PWP201, and STP6-120/36 

are the three PV models to which the war strategy optimization algorithm 

was successfully applied. According to the findings, the RMSE values for 

RTC France were 0.0000077298; PWP201 was 0.0020528; and STP6-

120/36 was 0.0014253. These results demonstrate the great potential of the 

warfare strategy optimization (WSO) to improve the accuracy of 

photovoltaic models and advance photovoltaic technology. 
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1. INTRODUCTION 

The global transition to sustainable energy systems has highlighted photovoltaic technology as an 

essential and indispensable element [1], [2]. Conclusively, the performance and efficiency of photovoltaic 

systems significantly rely on the accuracy of the component models articulated by a set of parameters 

extracted from a systematic analysis of the experimental current-voltage data of the modules [3], [4]. To 

properly design, the parameters must be extracted with accuracy and consistency, simulated, and operated on 

the photovoltaic modules [5], [6]. Unfortunately, the conventional parameter extraction poses stubborn 

challenges, including initial assumption sensitivity and convergence [7], [8]. The above limitations of past 

and existing models render them less reliable and efficient in operating photovoltaic systems [9]. It is 

imperative to devise creative and reliable ways out of the mentioned bottlenecks associated with the 

traditional extraction methods [10], [11]. 

Metaheuristic algorithms have become increasingly popular due to their strength in handling 

complex optimization problems. Metaheuristic algorithms are particularly effective in exploring complex 

search spaces and avoiding local optima [12], [13]. Among these methods, the warfare strategy optimization 

algorithm has proven efficient in solving various optimization challenges [14], [15]. 

In summary, we have achieved exceptional accuracy and reliability utilizing the warfare strategy 

optimization (WSO) algorithm to extract optimal parameters for three distinct photovoltaic models solely from 

the available experimental data. Our study is well-structured to facilitate the reader’s understanding. Section 2 

introduces fundamental photovoltaic models, and section 3 explains our methodology, with the use of the WSO 

algorithm. In turn, section 4 demonstrates that our use of WSO beats other models, and section 5 concludes the 

findings, presenting the ramifications for the further study of these most intricate living organisms. 

https://creativecommons.org/licenses/by-sa/4.0/
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2. MATHEMATICAL FORMULATION OF PV MODELS  

Figure 1 illustrates how the single diode model represents the incident flux irradiation using a 

current source. Two resistances, Rs and Rsh, which stand for the leakage current and the ohmic contacts, 

respectively, and a diode, which symbolizes the P-N junction, are connected in parallel with this source. 

The output current I is computed using the following [16], [17]. 

 

𝐼 = 𝐼𝑝𝑣 − 𝐼𝑑 − 𝐼𝑠ℎ (1) 

 

Here, Id is the diode current as calculated by the Shockley diode equation, Ipv is the photo-generated current, 

and Ish is the current passing through the shunt resistor. 

 

𝐼𝑑 = 𝐼0 [𝑒
(

𝑞(𝑉+𝐼.𝑅𝑠 

𝑛𝑁𝑇
)

− 1]       (2) 

 

𝐼𝑠ℎ =  
𝑉+𝐼.𝑅𝑠

𝑅𝑠ℎ 
     (3) 

 

The cell temperature in this instance is T in Kelvin (K), the electron charge is 𝑞 = 1.60217646 ×
10 − 19 C, the diode ideality factor is n, and the Boltzmann constant is 𝑁 = 1.3806503 × 10 − 23 J/K. It is 

possible to represent the output current using (1)-(3). 

 

𝐼 = 𝐼𝑝𝑉 − 𝐼0 [𝑒
(

𝑞(𝑉+𝐼𝐿.𝑅𝑠 

𝑎 𝑁𝑇
)

− 1] − 
𝑉+𝐼.𝑅𝑠

𝑅𝑠ℎ 
  (4) 

 

The five unknown parameters are Ipv, I0, Rs, Rsh, and n. 
 

 

 
 

Figure 1. The single diode model's corresponding electric circuit 
 

 

3. WAR STRATEGY OPTIMIZATION 

Ancient kingdoms, which kept military forces made up of many groups to repel enemy incursions, 

served as the model for the WSO [18]. Each kingdom created tactical strategies to counter enemy troops 

during battles, and the monarch or commander set up particular coordinating methods to achieve goals.  

WSO has two main strategies [19]. The first is "attack mode," in which every soldier shifts positions based 

on where the commander and king are. The soldier who is the most fit is crowned the next king in this mode 

[20]. Every soldier starts from the same starting point, and their ranks rise when they accomplish their goals: 

 

𝑌𝑖(𝑡 + 1) = 𝑌𝑖(𝑡) + 𝑟𝑎𝑛𝑑. 𝑊𝑖 . (𝐶 − 𝑌𝑖(𝑡)) + 2. 𝜌. (𝐾 − 𝑌𝑟𝑎𝑛𝑑(𝑡))  (5) 
 

The new soldier's position is represented by Yi(t + 1), the old soldier by Yi(t), the commander by C, 

the monarch by K, the weight by Wi, and the threshold value by ρ. The soldier will decide to remain in their 

present position if the attack power (fn) of the new one is less than the existing position's fp. 

 

𝑌𝑖(𝑡 + 1) = (𝑌𝑖(𝑡)) ∗ (𝑓𝑛 < 𝑓𝑝) + 𝑌𝑖(𝑡 + 1) ∗ (𝑓𝑛 ≥ 𝑓𝑝) (6) 

 

If a soldier can update their location, their rank (Ri) will be increased. 

 

𝑅𝑖 = 𝑅𝑖 ∗ (𝑓𝑛 < 𝑓𝑝) + (𝑅𝑖 + 1) ∗ (𝑓𝑛 ≥ 𝑓𝑝)      (7) 

 
The (8) determines the new weight based on the rank: 
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𝑤𝑖 = 𝑤𝑖 × (1 −
𝑅𝑖

𝑀𝑎𝑥_𝑖𝑡𝑒𝑟
)

𝛼

       (8) 

 

where the maximum number of iterations is Max_iter and α is a configurable parameter. The WSO 

algorithm's second position update method entails moving the commander, the monarch, and one soldier 

chosen at random while keeping the initial weight and rank adjustments. 

 

𝑌𝑖(𝑡 + 1) = 𝑟𝑎𝑛𝑑. 𝑊𝑖 . (C − 𝑌𝑖(𝑡)) + 𝑌𝑖(𝑡) + 2. 𝜌. (𝐾 − 𝑌𝑟𝑎𝑛𝑑(𝑡))    (9) 

 

Where Xrand is a random soldier's position. 

 

 

4. THE WSO'S PSEUDO-CODE 

The algorithm initializes max iterations (M), dimension (D), and soldiers (N), then deploys soldiers 

chaotically via a chaos map. For each soldier and each dimension, it computes the fitness (attack) and 

evaluates overall performance. During t < M, Yi(t+1) is updated according to a random threshold ρ1, then 

fitness is recalculated, and Wi is updated, with GA crossovers to form new positions. At the end, it identifies 

the weakest soldier and outputs the king’s position and fitness. Figure 2 shows the WSO flowchart, and the 

following is the pseudo-code for WSO. 

 

 

 
 

Figure 2. The WSO algorithm's flowchart for the PV parameter extraction use case 
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Algorithm 1. Pseudocode for WSO 
Start by setting the maximum number of iterations (M), issue dimension (D), and soldier 

size (N). 

To evenly and randomly deploy soldiers throughout the battlefield, use chaos mapping. 

For k = 1:N 

   For i = 1:D 

      Determine each soldier's fitness (attack force).            

   End 

End 

Assess each soldier's level of fitness. 

While t < M 

   For 1:N 

ρ1 = rand 

If ρ > ρ1 

    Utilizing (5), update Yi(t + 1)  

Else use(6) to update the Yi(t + 1). 

Final if condition 

    Determine each soldier's fitness level. 

    Update Yi(t + 1) 

    Utilizing (9) update Wi 

The for loop's end 

Determine which soldier is the weakest and least fit. Cross-mutations are added in 

conjunction with genetic algorithms to create the positions of new warriors. 

t = t + 1 

When the while loop ends 

Show off the king's position and fitness. 

 

 

5. THE WSO PARAMETERS ALGORITHM AND OBJECTIVE FUNCTION 

The proposed soft computing method determines five parameters, X = [I0, Iph, n, Rsh, Rs], using an 

optimization algorithm that minimizes a predefined objective function until a stopping criterion is met. 

Establishing an appropriate objective function is crucial before optimization, and this research uses the 

RMSE to define it [20]. 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ 𝑓(𝐼𝑒 , 𝑉, 𝑋𝑖)

2𝑁
𝑖=1       (10) 

 

Where xi denotes the vector of unknown parameters shown as 𝑋𝑖 = [𝐼0 𝐼𝑝𝑣  𝑛 𝑅𝑠ℎ 𝑅𝑠]. The 𝑓(𝐼𝑝𝑣 , 𝑉, 𝑥𝑖) is 

shown as (11) and (12). 

 

𝑓(𝐼𝑝𝑣 , 𝑉, 𝑥𝑖) =
𝑉+𝑅𝑠𝐼𝑝𝑣

𝑅𝑠ℎ
 + 𝐼𝑒 − (𝐼𝑝ℎ − 𝐼0 × {𝑒

[
𝑞(𝑉+𝑅𝑠𝐼𝑝𝑣)

𝑛𝐾𝑇𝑁𝑠
]

− 1})  (11) 

 

𝑅𝑀𝑆𝐸 = √1

𝑁
∑ {𝐼𝑒𝑥𝑝 − (𝐼𝑝ℎ − 𝐼0 × {𝑒

[
𝑞(𝑉+𝑅𝑠𝐼𝑝𝑣)

𝑛𝐾𝑇𝑁𝑠
]

− 1} −
𝑉+𝑅𝑠𝐼𝑝𝑣

𝑅𝑠ℎ
)}

2

𝑁
𝑖=1    (12) 

 

In the above objective functions, V and Ie are the experimental values of the voltage and current of the solar 

module, respectively. 

 

 

6. RESULTS AND DISCUSSION  

First, by forecasting the unknown parameters of the basic model, the suggested WSO method's 

accuracy, precision, and dependability are validated. To validate the proposed method, four sets of 

experimental data were selected: a commercial silicon solar panel with a diameter of  57 mm, called RTC 

France, which operates at 33 °C with a solar irradiance of 1000 W/m²; a photowatt-PWP-201 solar module, 

consisting of 36 polycrystalline silicon cells operating in series at 45 °C with an irradiance of 1000 W/m²; 

and a commercial module of type STP6-120/36, consisting of 36 polycrystalline silicon cells operating in 

series at 55 °C [21]. The I(V) and P(V) curves derived from the WSO algorithm show remarkable 

consistency with real data, as illustrated in Figures 3(a) and 3(b). A strong correlation is indicative of the high 

accuracy and reliability of our modeling approach. As shown in Table 1, the RMSE values demonstrate how 

our suggested method performs relatively better with a RMSE of 7.7298×10−4. For the fact that the RMSE 

values for the GAMNU method [22] and the PHHO method [23] are 9.8618×10−4 and 8.4043×10−4 
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respectively. These values confirm the proposed model’s superiority over the other optimization approaches. 

Furthermore, the WSO approach and other optimization techniques cited in the literature were used to 

determine the ideal values of the parameters, which are shown in Table 1. The correctness and resilience of 

our optimization approach for simulating the performance of RTC France's silicon cells are further supported 

by the favorable RMSE values and the concordance between the simulated and real data. 
 

 

  
(a) (b) 

 

Figure 3. Comparative evaluation of simulated and experimental data for RTC France:  

(a) P(V) and (b) I(V) features 
 
 

Table 1. RTC France's estimated parameters and RMSE values 
Algorithms Ipv (A) Rs (Ω) N I0 (A) Rsh (Ω) RMSE 

Proposed 0.76078 0.0365 1.47727 0.31069 52.8899 7.7298×10−4 

GAMNU [22] 0.760774 0.0363 1.482096 0.3255954 53.896860 9.8618×10−4 

PHHO [23] 0.76643 0.0304 1.57916 7.91×10−7 24.38538 8.404323×10−4 

 

 

Figures 4(a) and 4(b) illustrate the striking agreement between the I(V) and P(V) curves produced 

from data simulated using the WSO algorithm and real experimental data. This resilient and accurate 

optimization method for solar cell modeling is demonstrated by this strong correlation. The efficiency of our 

suggested approach is further demonstrated in Table 2, which obtains the lowest RMSE of the approaches 

examined, 0.205×10−3. For instance, the dichotomy technique [24] has a marginally higher RMSE of 

2.225×10−3 compared to 2.081×10−3 for the DONR method [25]. Other widely used techniques, including 

PMFO [23] and GAMNU [22], have RMSE values of 2.05×10−3 and 2.382×10−3  respectively. Additionally, 

the RMSE for AGDE [26] is 2.42×10−3. It is evident from these comparisons that our suggested approach 

performs noticeably better than alternative optimization strategies. The ideal values of the parameters 

determined by WSO and other optimization techniques from the literature are also shown in Table 2. Together 

with the positive RMSE values. The accuracy of our approach in accurately simulating photovoltaic system 

performance is further supported by the alignment of the simulated findings with real data. 
 

 

  
(a) (b) 

 

Figure 4. Comparative evaluation of simulated and experimental data for Photowatt-PWP201:  

(a) P(V) and (b) I(V) features 
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Figures 5(a) and 5(b) demonstrate the striking similarity between the P(V) and I(V) curves derived 

from data simulated using WSO and actual data. This demonstrates how well the WSO approach may mimic 

the actual behavior of the system. The RMSE values for various optimization techniques are shown in  

Table 3. Compared to the GAMNU [22] technique (2.382×10−3) and the TAPSO [27] method (2.077×10−3), 

the suggested method's RMSE of 1.4253×10−3 is substantially lower. These results demonstrate that the 

proposed method performs more accurately than existing optimization techniques. Table 3 also shows the 

optimal values of the undisclosed parameters as determined by WSO and as obtained from several 

optimization methods in the literature. This illustrates the effectiveness of the WSO approach in accurately 

optimizing these important model parameters. 

 

 

Table 2. Photowatt-PWP201's estimated parameters and RMSE values 
Algorithms Ipv(A) Rs(Ω) A I0(A) Rsh(Ω) RMSE 

Proposed 1.031 1.2356 47.598 2.63796 821.609 0.205×10−3 

DONR [25] 1.030 1.2179 48.195 3.09×10−6 952.867 2.081×10−3 

Dichotomy method [24] 1.033 1.2375 1.3250 2.70×10−6 710.39 2.225×10−3 

GAMNU [22] - - - - - 2.382×10−3 

PMFO [25] 1.0314 1.23563 1.322 2.64×10−6 821.647 2.05×10−3 

AGDE [26] 1.0304 1.1979 48.784 3.61×10−6 1021.173 2.42×10−3 

 

 

Table 3. STP6-120/36 's estimated parameters and RMSE values 
Algorithms Ipv(A) Rs(Ω) N I0(A) Rsh(Ω) RMSE 

Proposed 7.47528 0.16891 44.80118 1.93134 570.42878 1.4253×10−3 

GAMNU [22] - - - - - 2.382×10−3 

TAPSO [27] 1.03176 1.22412 47.81345 2.79331 793.86532 2.077×10−3 

 

 

  
(a) (b) 

 

Figure 5. Comparative evaluation of simulated and experimental data for STP6-120/36:  

(a) P(V) and (b) I(V) features 

 

 

7. CONCLUSION 

The results of this study confirm the effectiveness of the warfare strategy optimization approach in 

accurately determining the parameters of photovoltaic cells. Offering a new perspective on parameter 

optimization, the WSO method was rigorously evaluated using experimental data from three different PV 

cells: STP6-120/36, Photowatt-PWP201, and RTC France. A comparative analysis based on RMSE 

demonstrated that the WSO method achieves exceptionally low RMSE values, demonstrating its superior 

accuracy and alignment with experimental data compared to other optimization techniques. These results not 

only validate the performance of the WSO method for photovoltaic parameter estimation but also highlight 

its potential for broader applications, such as improving MPPT in photovoltaic systems and addressing 

challenges related to optimal power flow in electrical networks. This research contributes to the advancement 

of the field by providing a robust and accurate tool for photovoltaic system optimization and opens up 

avenues for future exploration. 
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