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This paper presents a comparative study on the application of artificial intelligence (AI) 

for optimizing External Lightning Protection Systems (ELPS) in photovoltaic power 

(PV) plants. The research addresses the critical need for advanced protection systems in 

solar installations, which are particularly vulnerable to lightning strikes due to their 

expansive outdoor configurations. Through a detailed comparative analysis, the study 

evaluates multiple AI approaches, including metaheuristic algorithms and machine 

learning models. The investigation reveals that metaheuristic algorithms often have 

lower accuracy compared to modern AI techniques. All comparisons are based on a 

multi-level optimization framework, systematically addressing air termination design, 

grounding system configuration, and overall system integration. The results show 

superiority in sensitivity analysis in the transformer model. Compared to other models, 

the random forest (RF) model, along with the artificial neural network (ANN) model, has 

a higher speed in data analysis. However, physics-informed neural networks (PINN) 

achieve remarkable improvements, delivering 93% protection coverage with only 3.2% 

grounding error while significantly reducing design convergence times. 

 

NOMENCLATURE    

𝐴𝑝 Protection area provided by termination rods 𝑟 Radius of the rolling sphere 

𝐴𝑝𝑣 Total area of the PV power plant 𝑟𝑝 Protection radius of an air termination pole 

𝑑𝑒 Diameter of a ground electrode 𝑅𝑒 Resistance of a single ground electrode 

𝐷 Distance between the electrodes 𝑅𝑒0 Ground resistance while the soil moisture is zero 

ℎ𝑝 Height of an air termination pole 𝑅𝑡 Total resistance of the entire grounding system 

𝐼𝑚𝑎𝑥 Maximum lightning current 𝑇𝑑 Number of thunderstorm days per year 

𝑘 Grounding electrode spacing factor 𝑉𝑚𝑎𝑥 Maximum lightning voltage 

𝐿𝑒 Length of a ground electrode 𝛼 Protection angle 

𝑁𝑒 Number of ground electrodes  𝜌 Soil resistivity 
𝑁𝑝 Number of air termination poles 𝜓 Protection Level 

𝑚 Moisture percentage 𝜎 Empirical constant depending on the soil conditions 

I. Introduction 

A. Motivation 

Lightning occurs when the imbalance in electrical charges 

between clouds or between clouds and the ground becomes 

too great, leading to a sudden discharge [1, 2]. The basic 

principle of lightning protection is to create controlled paths 

that can safely conduct the resulting high current to the 

ground. While arresters effectively control lightning currents 

in power systems [3], installations at risk require additional 

protection. This is why comprehensive external lightning 

protection systems (ELPS) are implemented. These types of 

protection systems can provide complete protection in 

addition to arresters [4, 5]. An adequately designed ELPS 

consists of three critical components that work together. 

Aerial terminals prevent lightning strikes, down conductors 

conduct the current downward, and an extensive grounding 

system safely dissipates the energy to the ground [6]. This 

rapid deflection serves two critical purposes: it prevents 

equipment damage from surges while significantly reducing 

the risk of damaging electromagnetic induction in adjacent 
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systems [7]. While these protection systems are essential for 

electrical infrastructure, they are equally critical for any 

structure vulnerable to lightning, including commercial 

buildings, industrial facilities, and especially solar power 

installations [8]. Solar farms present unique challenges in 

lightning protection due to their outdoor locations. Their 

vastness makes them prime targets for lightning. When 

lightning strikes an unprotected solar array, it affects all PV 

elements. PV panels can be destroyed, inverters can be 

damaged, and connection systems can melt. For these 

reasons, a thorough lightning risk assessment and properly 

engineered protection systems are not only recommended for 

solar installations but are critical for financial and 

operational sustainability [9]. 

B. Literature review 

Recent advances in ELPS modeling have shifted from 

traditional approaches to advanced AI-based techniques. 

Much research has been conducted on computational 

methods for optimizing lightning protection systems. For 

example, in [10, 11] used genetic algorithms (GA) to model 

ground electrode configurations, while another study [12] 

used random forest classification [13] to analyze weather 

patterns for lightning prediction. Simulation-based 

approaches have also been valuable, and mathematical 

algorithms have been applied to design efficient grounding 

systems [14]. This field has seen interesting advances in 

optimization algorithms. Studies [15-19] have compared 

particle swarm optimization (PSO), genetic algorithms, and 

hybrid HGA-PSO methods for grounding system design. 

Recently, neural network approaches have emerged as 

promising alternatives. In [20] introduced a multi-stage 

neural network model that proposed innovative ELPS 

configurations – using fewer but taller poles and shorter 

ground electrodes compared to traditional ATP/EMTP 

methods. Beyond electrical performance, contemporary 

research has begun to examine practical installation factors.  

The effects of protection poles’ shading on solar panels 

have become an important design consideration. A case 

study [21] of an 8 MW solar power plant demonstrated a 

successful balance of concerns related to shading, tower 

height, and current discharge capacity. Comprehensive 

analyses [22] have also confirmed that passive ELPS isolated 

with galvanized grounding provides optimal protection for 

photovoltaic installations. Comparison of algorithms has 

yielded valuable insights. When the NSGA and MOPSO 

methods [23] were tested for distribution system protection, 

the results showed that NSGA exhibited superior 

performance in both grounding optimization and overall 

system reliability enhancement. Parallel research [24, 25] 

specifically focused on minimizing the impact of lightning 

rod shading while maintaining protection effectiveness—a 

critical consideration for solar farm layouts. 

C. Contributions  

According to the literature review, ELPS design studies 

have moved towards the use of artificial intelligence (AI) 

models. Where traditional methods rely on empirical 

calculations and manual iterations, modern research 

increasingly employs both meta-heuristic optimization 

techniques and machine learning models to solve this 

complex engineering challenge. While meta-heuristic 

methods have dominated early applications, machine 

learning approaches are now demonstrating remarkable 

potential when supplied with comprehensive training 

datasets that capture real-world variability. Perhaps less than 

machine learning models are used for optimization, but with 

appropriate training data, a suitable system can be designed 

to optimize and estimate ELPS parameters. Therefore, 

considering the gap in optimization studies based on 

artificial intelligence, this article has reviewed and compared 

artificial intelligence models that can be used for 

optimization in ELPS design. It is worth mentioning that 

multi-level optimization models are used to estimate 

parameters in a step-by-step manner. This comparative 

investigation evaluates artificial intelligence models across 

the full spectrum of design conditions encountered in 

practice. The analysis considers how different models 

respond to variations in local weather patterns, including 

thunderstorm frequency, site-specific photovoltaic array 

characteristics, soil conductivity properties, 

and international protection standards. As a result, the best 

model can be selected for design considering all conditions. 

D. Paper organization  

The rest of this paper is structured as follows: Section 2 

details the External Lightning Protection System that would 

cover air termination parameters and grounding system 

design. Section 3 introduces the proposed multi-level 

optimization framework in ELPS. Section 4 presents the 

results and comparative analysis, and discussion. Finally, 

Section 5 summarizes the conclusions and discusses 

implications for future research. 

 

II.  External Lightning Protection System 

     ELPS provides power system protection at the desired 

level in an outdoor environment. ELPS consists of two parts: 

air terminal and ground connection. The parameters of the 

air terminal include the height of the poles (hp) and the 

number (Np). The coverage area is estimated based on the 

pole protection radius (Rp). In addition to these parameters, 

the parameters of the ground system include the number of 

electrodes (Ne), electrode length (Le), and electrode 

diameter (de). Electrical indices, including the resistance 

value of each electrode (Re) and the total resistance (Rt), are 

calculated using these parameters. Considering the 

importance of using ELPS in outdoor solar power plants, it 

is valuable to design the optimal parameters according to the 

constraints of a PV power plant. 
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A. Air Termination Parameters 

      The first component of an ELPS system that is usually 

struck by lightning is the aerial terminal. The installation 

height of this terminal (hp) plays a decisive role in the 

efficiency of the protection system, as it directly affects the 

size of the protection radius. Based on the accepted principle 

that lightning strikes the highest point in an area, as the 

installation height increases, the radius of the area covered 

by the protection increases, while the corresponding 

protection angle decreases. This relationship is shown in 

Equation (1)[7]: 

𝑟𝑝 = ℎ𝑝 × 𝑡𝑎𝑛𝛼                                                                                                                       (1) 

      In this regard, α represents the protection angle. As can 

be seen, although increasing the height increases the area 

covered by the protection, it also decreases the protection 

angle. For this reason, instead of increasing the height, a 

more efficient option is to increase the number of protection 

rods. Proper distribution and dispersion of the protection 

rods provides a better solution than increasing the height. 

Other factors also play a vital role in the design of this 

system, including the required protection level and the 

frequency of lightning days in the area. The average number 

of days with lightning in an area can be an effective indicator 

for determining the optimal number of protection rods 

required to achieve the desired protection level. An increase 

in this average means an increase in the probability of sudden 

lightning strikes, and as a result, increases the necessity of 

deploying the ELPS system in various areas. To calculate the 

radius of protection (rp) and measure the area covered, the 

standard “rolling sphere” method is used. The geometric 

performance of this method is illustrated in Figure 1. In 

accordance with the IEC standard and using the radius of the 

rolling sphere (r) whose values are given in Table I, the value 

of rp can be obtained through the following equation: [26, 

27]: 

𝑟𝑝 = √ℎ𝑝(2𝑟 − ℎ𝑝)                                                                                                                       (2) 

therefore, the protection area (Ap) can be calculated as 

follows: 

𝐴𝑝 = 𝜋𝑟𝑝
2                                                                                                                       (3) 

B. Grounding Parameters    

    The grounding system, as a vital component of the ELPS, 

plays a crucial role in transferring the fault current to the 

ground. The resistance value of the grounding electrode 

depends on factors such as the length of the rod and the 

distance between the electrodes. This resistance can be 

calculated using the following equation [28]: 

𝑅𝑒 =
𝜌

2𝜋𝐿𝑒
(𝐿𝑛 (

4𝐿𝑒

𝑑𝑒
) − 1)                                                                                                                       (4) 

where 𝜌 is the specific resistance of the soil. Considering the 

importance of the number of electrodes, the total resistance 

is calculated with the number of electrodes as follows [29]: 

𝑅𝑡 =
𝑅𝑒

𝑁𝑒
(1 +

𝑁𝑒−1

2
𝑘)                                                                                                                       (5) 

where 𝑘 is the space factor and can be calculated according 

to the following equation [28-30]: 

𝑘 =
1

ln⁡(
𝐷

𝑑𝑒
)
                                                                                                                       (6) 

 

Fig. 1. Schematic view of rolling sphere method geometry. 

TABLE I. IEC standard lightning protection level 

classification. 

Protection 

levels 

radius of rolling 

sphere (m) 

Description 

1 20 Highly critical structures 

2 30 Important infrastructure 

3 45 Standard commercial structures 

4 60 Low-risk structures 

     

where D is the distance between the electrodes. The 

parameters of the number of electrodes, their length, 

diameter, and distance between them play a significant role 

in eliminating the fault caused by lightning. The specific 

resistance of the soil based on [31] can have different values 

according to the humidity and climate of the region. 

However, from an electrical perspective, the maximum 

current during a fault should be reasonably correlated with 

the resistance value of the electrodes. Optimal resistance 

values ensure the effective conduction of electrical current in 

the soil environment, allowing for safe fault clearance. 

According to [32], the maximum current that the ELPS is 

able to protect, can be approximated through the following: 

𝐼𝑚𝑎𝑥 = √𝑟
0.75

                                                                                                                       (7) 

Based on the protection level, the value 𝐼𝑚𝑎𝑥⁡is calculated. 

According to [33], based on the maximum lightning voltage 

in an area, the grounding resistance relationship can be 

expanded as follows: 

𝑅𝑒 = 𝑅𝑒0𝑒
−𝜎𝑚                                                                                                                       (8) 
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where 𝑅𝑒0  is earth resistance while the soil moisture is zero, 

m is the moisture percentage, and 𝜎⁡is an empirical constant 

depending on the soil conditions. In order to simplify the 

calculation of the electrode resistance, the following 

equation can be proposed to estimate it based on electrical 

parameters: 

𝑅𝑒 =
𝑉𝑚𝑎𝑥

𝐼𝑚𝑎𝑥
× 𝑒−𝜎𝑚                                                                                                                       (9) 

Therefore, considering equations (7) and (9) and also the 

relationship with them, equations (4) and (5), the number of 

electrodes (Ne), their length (Le), and their diameter (de) can 

be calculated based on the maximum protective current [32, 

34, 35]. 

 

III. Multi-Level Optimization in the ELPS  

According to the different parts of ELPS that are explained 

in the previous section, its design includes several 

interconnected parameters. In the first stage, the goal is to 

design the optimal air termination parameters. Np and hp are 

calculated according to the input data based on Equations (1) 

and (2). The input data include the PV area and PV 

parameters, the protected area, and the number of 

thunderstorm days. According to [20], there is a relationship 

between Td and the optimal number of Np. This relationship 

is obtained according to the training data of the first stage 

neural network by the artificial intelligence model and is 

considered in the optimal design. Finally, the defined input 

variables are considered to produce the Np and hp outputs, 

and the following equation is defined: 

1( ), , ,p p AI d pN h f T A=    

( )

( ).1

2 .2( )
{  :

hp tan Eq

p hp r hp Eq
subject to r

 →

− →
=                                                                                                                   

(10) 

 

where  denotes the protection level (IEC standard), and r 

is the rolling sphere radius from Table I. In Equation (10), 

the model  fAI1 predicts the optimal number of air 

termination poles (Np) and their heights (hp) using inputs 

such as thunderstorm days (Td), protected PV area (Ap), soil 

resistivity (ρ), and the protection level (Ψ). The protection 

radius (rp) is derived via either the empirical tangent method 

or the rolling sphere method (IEC 62305), ensuring 

compatibility with site-specific requirements. This replaces 

traditional heuristic approaches with a data-driven model 

trained on historical lightning strike data and PV plant 

configurations. The objective of the first optimization level 

is to determine the optimal configuration of the air 

termination system. The primary goal is to minimize both the 

number and height  of protection poles. The design variables 

for this level are formally defined as the vector X₁ = [Np, 

hp]. This optimization is subject to several critical 

constraints. First, the total area of the photovoltaic plant 

(Apv) must be completely contained within the total 

protected area, governed by the 

inequality Apv~ ≤ Np × π × rp². Second, the protection 

radius for each pole must be derived strictly in accordance 

with the IEC 62305 standard, based on the selected 

protection level (Ψ) and its corresponding rolling sphere 

radius, as specified in Table I. The governing equation for 

the protection radius, Equation 2, ensures the design adheres 

to the standardized rolling sphere method. The outputs of the 

first stage are considered as the input of the second stage. 

Also, according to the calculation of hp and Np and Table I, 

the ground resistance can be calculated using Equations (7) 

to (9). This resistance can be measured based on the outputs 

of the first stage, including hp and Np, using Table I to 

calculate Re and finally using the maximum lightning 

voltage and current. In this study, the maximum lightning 

voltage is assumed to be constant. The following formula is 

also designed for optimization in the second stage to 

calculate Re: 

2 ), , ,(AI p p max maxRe f h N V I=  

( )1/4:   . 7maxwith I r from Eq=  
(11) 

The second level focuses on defining the performance 

requirement for the grounding system. The key variable for 

this stage is X₂ = [Re]. It must be sufficiently low to ensure 

that the voltage rise during a maximum fault current does not 

exceed the system's insulation withstand capability. This 

fault current level (Imax) is naturally linked to the protection 

level. It is calculated via the governing Equation 7. The target 

resistance is therefore not a fixed value but a function of the 

outputs from first stage and the chosen protection level. 

In the third stage, the output of the second stage is 

considered as an input. Considering the soil resistivity (ρ), 

the desired total resistance (Rt), and the electrode spacing 

coefficient (k), the number of electrodes (Ne) and the length 

of the electrodes (Le) can be calculated based on equations 

4 to 6. In this case, the optimization equation of the third 

stage is defined as follows: 

3, , , , ,

1)
  )

)

: ( )

(

)2 /

(
(1

( ( )

e e AI e

e e
t

e e

N L D f R k

N N
constrained R

R ln D d

=

+
−

=
                                                                                                                       

(12) 

In the third stage, according to the output of the second 

stage, equation 4 is formed. This is the first optimization 

constraint in this stage. Then, equation 5 is developed 

according to the total resistance requirement, and the second 

constraint is also established. This constraint, along with 

Equation 6, is actually the basic constraint of this stage. 

Therefore, using this constraint, the optimization model can 

be run, and the best values for RE and LE can be calculated. 

Table II is a representation of some of the data used to train 

the neural network used in this study. The data in Table II is 

a hybrid dataset, combining simulated parameters in 

ATP/EMTP with relationships derived from the cited 

literature and standards. This data has been collected based 
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on  [35, 36] studies. The machine learning optimization 

process is a multi-level approach that separates the design of 

all parameters into three sections. First, various AI models 

are trained on an extensive historical dataset that matches 

site conditions—like the number of local storm days, the size 

of the solar farm, and soil type—to their optimal protection 

system parameters. Once trained, this AI assistant is used in 

a practical, three-step design process. In the first step, it takes 

the new site's conditions and instantly predicts the best 

number and height for the lightning poles. The results from 

this step are then passed to a second AI model, which 

calculates exactly how low the electrical resistance of the 

grounding system must be to handle the energy from a strike 

safely. Finally, a third AI model uses that resistance target to 

design the physical grounding system itself, specifying the 

number, length, and diameter of the ground rods needed. 

 

TABLE II. Neural network training dataset specifications 

Td Apv Ap ρ Rs Rt k 

130 5369 6563 30 7.32 1.85 0.13 

102 20164 21737 300 46.79 12.70 0.18 

109 17984 22269 150 18.52 5.51 0.13 

124 10438 13769 400 88.70 48.02 0.17 

127 31533 34281 1000 139.74 75.15 0.15 

114 25262 25850 100 12.48 3.17 0.13 

115 14500 18000 50 9.45 2.50 0.14 

108 22000 24000 200 25.30 7.80 0.16 

121 8500 12000 250 65.20 32.10 0.19 

132 42000 45000 800 120.50 65.30 0.14 

105 18000 21000 120 15.75 4.20 0.12 

118 32000 35000 600 95.40 52.60 0.17 

126 12500 16000 350 72.80 40.50 0.18 

111 19500 23000 180 22.10 6.90 0.15 

129 38000 41000 900 130.20 70.80 0.16 

107 16500 19000 90 11.20 3.05 0.13 

 

In general, what distinguishes multi-level optimization 

based on artificial intelligence from traditional models is the 

unique ability to find optimal points concerning suitable 

training data. If the data is selected appropriately, this type 

of optimization can bridge the gap between heuristic and 

meta-heuristic models such as genetic, PSO, and other such 

models. In this study, an attempt has been made to examine 

various artificial intelligence models for the purpose of 

multi-level optimization and to present a comprehensive 

comparative study. Each of these models has its strengths 

and weaknesses in the design of ELPS in a PV system. 

Finally, considering the different inputs, a suitable model can 

be designed for the design of an ELPS suitable for 

installation in a PV power plant.  

Figure 2 shows the proposed scheme for optimizing the 

design of a lightning protection system. The model breaks 

down a significant, complex problem into three smaller, 

easier-to-understand parts. The first step is to design the 

lightning rods. The AI uses information about the weather, 

the size of the solar farm, and safety standards to decide on 

the number of rods needed and their height. This solves the 

problem of protecting the area from lightning strikes. The 

second step uses the results of the first step to calculate the 

target of the grounding system. This step determines how 

low the electrical resistance should be to handle lightning 

energy safely. This step connects the design of the above-

ground rods to the underground electrodes. The final step is 

to design the grounding system itself. Using the resistance 

target from the second step, the AI calculates how many 

ground rods are needed, how long they should be, and how 

wide they should be. This ensures that the lightning current 

can be safely absorbed into the ground. 

 

 
Fig. 2. Flowchart of multi-level optimization framework.  

 

IV. Results and Discussion 

In order to analyze the presented model, according to the 

flowchart of Figure 2, 400 test data samples based on Table 

II have been examined. The PINN, RF, Transformer [37, 38] 

, and artificial neural network (ANN) [39, 40] models have 

been implemented for AI purposes. The GA, PSO, and HGA-

PSO models have been changed to metaheuristic models [41, 

42]. 

A. Performance Analysis 

Optimization of ELPS for PV power plants requires a 

careful examination of computational efficiency and 

protection effectiveness. A comparative analysis between 

traditional metaheuristic approaches and modern AI-based 

methods is investigated in three criteria: convergence time, 
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protection score, and ground fault. The results of these 

investigations are shown in Table III. 

In the first part, the convergence time is investigated based 

on the same data. Genetic algorithms (GA) show the slowest 

approach with 142 seconds, while particle swarm 

optimization (PSO) shows a 31% improvement with 98 

seconds. The combined HGA-PSO method has a more 

suitable improvement with convergence in 76 seconds due to 

the integration of the effective points of both previous 

algorithms. However, AI models show superior efficiency, 

with RF providing the fastest results in only 18 seconds. The 

ANN model shows an average result of 22 seconds. Physics-

based neural networks require a slightly longer time of 28 

seconds due to their inherent physical limitations, while 

transformers come in at 34 seconds. This significant time 

reduction – up to 88% compared to GA – allows for rapid 

design iterations and real-time adjustments as environmental 

conditions change. 

TABLE III. Comparative performance metrics of 

optimization methods 

Method Convergence 
Time 

Protection 
Score 

Grounding 
Error 

GA 142 sec 82% 12.3% 

PSO 98 sec 85% 9.7% 

HGA-PSO 76 sec 88% 7.1% 
ANN 22 sec* 91% 5.9% 

PINN 28 sec 93% 3.2% 

Transformer 34 sec 90% 4.1% 
RF 18 sec* 89% 6.7% 

 

The Protection Score is a quantitative metric that 

evaluates the effectiveness of the air termination system 

design. It is calculated as the percentage of the total 

photovoltaic plant area (Apv) that is successfully covered by 

the protective zones of the lightning poles, as defined by the 

rolling sphere method. Protection effectiveness shows a 

steady improvement from traditional to modern methods. 

GA provides a baseline protection coverage of 82%, while 

PSO and HGA-PSO achieve 85% and 88%, respectively. AI 

methods outperform these results, with ANNs achieving 

91% and PINNs providing the highest protection score of 

93%. The 11% difference between GA and PINN represents 

a significant increase in system reliability, potentially 

preventing costly lightning damage to sensitive PV 

components. The transformer models perform slightly below 

PINNs at 90%, while the RF maintains a remarkable 

protection score of 89%. 

The Grounding Error measures the accuracy of the 

grounding system design predicted by the optimization 

algorithm. It is defined as the relative difference between the 

algorithm's predicted total grounding resistance (Rt predicted) 

and the target resistance (Rt target) calculated as necessary for 

safety in Level 2. Optimizing the grounding system is 

particularly challenging for traditional methods. GA exhibits 

an error rate of 12.3% in ground resistance calculations, 

while PSO reduces this to 9.7%. The combined HGA-PSO 

approach achieves an error rate of 7.1%, demonstrating the 

benefits of hybrid optimization strategies. AI methods show 

significant improvements in this critical parameter – ANN 

reduces errors to 5.9%, while PINN achieves an exceptional 

error rate of 3.2% through its physics-constrained 

architecture. This 74% error reduction compared to GA 

translates into more reliable fault current dissipation and 

improved system safety. The transformer models maintain 

their strong performance with an error of 4.1% and the RF 

with 6.7%. 

Figure 3 provides a representation of the performance 

characteristics of the different ELPS optimization methods. 

The scatterplot divides the solution space into two distinct 

regions: metaheuristic methods (GA, PSO, HGA-PSO) 

cluster in the lower right quadrant and show slower 

convergence times and moderate accuracy, while AI-based 

approaches (ANN, PINN, Transformer, RF) dominate the 

upper left quadrant and achieve faster computations and 

superior protection scores. Notably, the position of PINN 

emerges as the most balanced solution, offering near-optimal 

performance in both dimensions. This visualization 

effectively demonstrates how hybrid approaches such as 

HGA-PSO act as transitional methods between the two 

clusters. At the same time, pure AI implementations push the 

Pareto frontier toward the ideal starting point of 

instantaneous and perfect accuracy. 

 
Fig. 3. Scatterplot of method performance 

B. Comparative Analysis of AI 

The performance benefits of AI methods are particularly 

evident when examining the trade-off between 

computational speed and accuracy. While meta-heuristic 

approaches require transaction speed for accuracy, AI 

models achieve both faster results and superior conservation 

metrics. PINNs emerge as the most balanced solution, 

combining physical fidelity with computational efficiency. 

Their ability to directly encode the fundamental equations in 

the network architecture ensures compliance with 

international standards while maintaining a practical design 

timeline. 

Figure 4 shows the three-dimensional visualization 

critical for the performance trade-offs of different AI 

approaches. The Figure reveals that while RF offers the 
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lowest computational complexity at 0.7 MFLOPs, making it 

suitable for edge devices and rapid prototyping, it achieves 

only 89% protection with a relatively high 6.7% grounding 

error. At the other extreme, Transformer models demand 2.5 

MFLOPs of computation but deliver only marginally better 

protection, about 90%, than simpler methods. The PINN 

method emerges as the most balanced solution, achieving the 

highest protection score with 93% and 1.8 MFLOPs 

computational requirements and a 3.2% grounding error.  

This performance of PINN is better than others because it 

can add fundamental physical equations directly into its 

architecture. So, it can solve solutions that comply with IEC 

standards based on Table I while maintaining computational 

efficiency. The ANN represents a middle ground, offering 

91% protection at 1.2 MFLOPs, but with 5.9% grounding 

errors, it has a higher error than PINN. The results 

demonstrate that computational power (Transformers) does 

not guarantee optimal results, while PINN achieve better 

accuracy with reasonable computational demands. 

Therefore, for practical implementation, PINN should be the 

default choice. In comparison, RF remains applicable for 

quick assessments in resource-constrained environments. 

 
Fig. 4. 3D visualization of computational efficiency trade-off 

Figure 5 illustrates that the radar chart provides a 

multidimensional comparison of four AI approaches for 

optimizing ELPS. The visualization demonstrates that PINN 

offer the most balanced performance profile, excelling 

particularly in grounding accuracy and protection coverage 

while maintaining reasonable computational efficiency. Its 

uniform shape on the sides indicates better performance than 

other models. In contrast, the RF model shows a sharply 

spiked profile, highlighting its exceptional computational 

speed and FLOP efficiency but significantly poorer 

performance in grounding system design. The Transformer 

model presents an interesting middle ground, with decent 

protection capabilities but higher computational demands, 

while ANN demonstrates competent all-around performance 

without any standout weaknesses. The radial format 

effectively communicates how each approach makes distinct 

trade-offs between physical fidelity and computational 

efficiency, with PINNs emerging as the most robust solution 

for comprehensive lightning protection system design in PV 

applications. 

Figure 6 shows the performance of various models under 

the same data to estimate ELPS parameters. In this figure, 

the learning convergence of different AI approaches for 

ELPS design is presented. The logarithmic scale loss values 

show that PINN achieves the fastest convergence and the 

lowest final error. This demonstrates the effectiveness of 

incorporating physical constraints into the training process. 

While RF shows fast initial convergence, it reaches a steady 

state at a relatively high error level. The Transformer model 

shows slower initial progress but eventually outperforms the 

ANN in final accuracy, indicating that its attention 

mechanisms become increasingly effective with further 

training cycles. The ANN shows continuous improvement 

but cannot match the final accuracy of PINN, highlighting 

the value of physics-based regularization. 

 
Fig. 5. Radar chart of AI model capabilities 

The parameter sensitivity analysis in Figure 7 reveals 

fundamental differences in how each AI model prioritizes 

input variables for lightning protection system design. PINN 

demonstrates the most physically intuitive sensitivity profile, 

showing a strong dependence on soil resistivity with a value 

of 0.45. This contrasts sharply with RF, which overweight 

the PV area with a value of 0.35, while underweighting soil 

conditions with a value of 0.25, explaining its poorer 

grounding accuracy. The Transformer model shows balanced 

but somewhat diffuse sensitivity across parameters, while 

ANN's moderate sensitivity to protection level with a value 

of 0.35 reflects its data-driven approach. Notably, PINN's 

low sensitivity to thunder days, with a value of 0.08, suggests 

robust performance across varying weather conditions. 

Generally, the patterns show the sensitivity analysis of each 

model and the effect of each parameter in models. PINN's 

physics-aware architecture naturally emphasizes the most 

physically significant parameters, while data-driven 

methods like RF and ANN tend to overemphasize more 

readily measurable but less critical inputs. This is while the 

transformer model is less sensitive to data and can be 

considered a good advantage of this model. Figure 8 shows 

the failure probability comparison. Based on the results, 
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PINN has high reliability for lightning protection systems, 

with its 5.41% failure rate representing an improvement over 

Transformer and ANN models. The Transformer's 

intermediate 9.95% failure rate suggests its attention 

mechanisms provide some robustness benefits over 

conventional ANN. Furthermore, PINNs have a remarkable 

reduction compared to RF. These field validation results 

directly reflect each method's underlying architecture. In 

fact, PINN's physics-constrained design prevents unphysical 

solutions that could lead to protection failures, while RF's 

data-driven approach proves particularly vulnerable to edge 

cases not represented in training data. 

 
Fig. 6. Learning convergence curves results 

 
Fig. 7. Parameter sensitivity analysis of AI models 

 
Fig. 8. Field failure probability comparison results 

To strengthen the validation, new data are generated 

through simulation based on Table 2. A comparative study is 

conducted using the new data, and the results are analyzed 

and compared. The results are shown in Figures 9-11. Figure 

9(a) shows the lightning protection coverage of each AI 

model. The PINN model achieves the highest protection 

score of 93%. The 2-4% difference between PINN and the 

other models indicates an improvement in system reliability 

in this AI model. ANN is the closest model in terms of 

protection capability with 91%, while Transformer and RF 

show lower protection effectiveness with 90% and 89%, 

respectively. Figure 9(b) shows the substantial differences in 

the accuracy of the ground system. In this case, PINN has a 

significant error rate of 3.2%. The Transformer model shows 

an acceptable performance with an error rate of 4.1%. In 

contrast, ANN and RF show higher error rates of 5.9% and 

6.7%, respectively, indicating limitations in the design of the 

ground system. These results confirm the results of the 

comparative study conducted in the previous section. 

Figure 10 presents both the protection score and 

grounding accuracy metrics. The results clearly demonstrate 

the dual superiority of PINN. The visual comparison 

emphasizes that the physics-based approach of PINN 

successfully bridges the gap between theoretical protection 

requirements and practical implementation constraints. 

These results also confirm previous results using new data. 

Figure 11 introduces a performance ratio metric (protection 

score divided by grounding fault) that quantifies the overall 

effectiveness of the system. PINN achieves the highest ratio 

of approximately 29.1, significantly outperforming other 

models. This metric effectively captures the essential 

balance between protection coverage and implementation 

accuracy, providing a single comprehensive measure of 

design quality. 

Statistical analysis performed on several random samples 

conclusively shows that PINN achieves a strong and 

consistent performance advantage over other AI models. The 

results of this evaluation are shown in Table 4. The PINN 

model consistently achieved the highest average protection 

score and the lowest average ground fault across all 10 seeds. 

While models such as the standard ANN and Transformer 

showed greater sensitivity to initial conditions, the RF model 

also showed very low variance (±0.5% and ±0.4%) due to its 

ensemble nature, where the average is calculated over many 

decision trees. However, its average performance was lower 

than PINN. PINN consistently produced the highest 

protection score and the lowest ground fault with minimal 

deviation. 

C. Recommended Implementation 

Based on the comprehensive performance analysis of 

various optimization methods for ELPS in PV installations, 

the PINN model is offered as the most robust solution. It 

should perform as the primary design approach for most 

applications. PINN demonstrates good performance across 
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all critical metrics, achieving a 93% protection score with 

only 3.2% grounding error while maintaining reasonable 

computational efficiency. Its physics-constrained 

architecture provides unmatched reliability and has a lower 

failure rate compared to conventional ANN approaches and 

RF methods. This performance advantage stems from 

PINN's unique ability to use fundamental physical equations 

directly into the model. Using equations alongside training 

data significantly helps to obtain better results but may 

increase sensitivity and reduce performance speed, as shown 

in the results.  

 
Fig. 9. Combined metrics of protection score and grounding 

accuracy 

 
Fig. 10. Comprehensive analysis of protection system effectiveness 

 

TABLE IV. Performance Metrics across 10 random seeds 

(Mean ± Standard Deviation) 

Model Protection 

Score (%) 

Grounding 

Error (%) 

Convergence 

Time (s) 

PINN 92.7 ± 0.4 3.4 ± 0.3 29.1 ± 2.1 

ANN 90.8 ± 0.7 6.1 ± 0.6 22.3 ± 1.8 

Transformer 89.5 ± 1.1 4.3 ± 0.5 35.2 ± 3.0 
RF 89.2 ± 0.5 6.9 ± 0.4 18.5 ± 1.2 

 
Fig. 11. Comparative validation of AI models for ELPS 

optimization based on new data. (a) Protection coverage score 

(b) Grounding system design error 

Despite its demonstrated advantages, the proposed PINN 

approach has limitations. Its training phase is 

computationally more intensive than that of standard ANNs 

or RF due to the evaluation of physical equations. 

Furthermore, its performance is inherently tied to the 

accuracy of the underlying physical model; incorrect or 

oversimplified governing equations would lead to biased 

predictions. While PINNs reduce the demand for vast 

empirical datasets, they still require high-quality data to 

calibrate the physics to real-world conditions. Finally, the 

implementation complexity of PINNs is higher, requiring 

expertise in both machine learning and domain-specific 

physics. For large-scale PV installations, PINN should be 

implemented throughout the entire design workflow. It 

means from initial pole configuration using their multi-stage 

optimization framework to final grounding system design 

with their dual-path neural network approach. The RF 

method remains useful for rapid prototyping due to its 

computational efficiency, and Transformers offer value for 

complex spatial optimization in mega-scale farms. PINN 

provide the optimal balance of accuracy, reliability, and 

practical implementation requirements in PV protection. The 

method's consistent performance across varying 

contamination levels and weather conditions makes it 

particularly valuable for real-world deployment where 

environmental factors fluctuate significantly. However, the 

ANN is an option for smaller-scale PV. The ELPS design is 

not complex, and the pole numbers and their location are 

constraints. 



International Journal of Industrial Electronics, Control and Optimization (IECO). yyyy, *(*)          

10 

 

V. Conclusions 

This study presents a comparison of several AI-based 

optimization methods for designing lightning protection 

systems. Physics-based neural networks emerge as the most 

effective solution, outperforming traditional optimization 

methods and conventional machine learning approaches. 

Field validation results confirm the superior reliability of 

physics-based AI models, with a significantly lower failure 

rate compared to alternative approaches. For practical 

implementation, the findings indicate that large-scale 

photovoltaic installations benefit most from comprehensive 

PINN-based design workflows, while smaller systems may 

benefit from simpler ANN configurations. The behaviour of 

the RF model is also very similar to that of the ANN model. 

However, a large scatter is observed in the transformer model 

analysis. PINN demonstrates superior protection 

effectiveness with a 93% coverage score, significantly 

outperforming genetic algorithms at 82% and particle swarm 

optimization at 85%. In terms of grounding system accuracy, 

PINN achieves a remarkable 3.2% error rate, representing a 

74% improvement over GA's 12.3% error rate. While 

random forest algorithms show the fastest convergence at 18 

seconds, their 6.7% grounding error and 89% protection 

score prove less reliable than PINN's balanced performance 

at 28 seconds of computation time. The multi-level 

optimization framework successfully addresses critical 

interactions between air termination design and grounding 

parameters that single-stage methods often neglect. Field 

validation data confirms PINN's practical reliability with a 

5.41% failure rate, nearly half that of transformer models at 

9.95%. 

Future research directions include the hybrid use of the 

proposed models at each of the optimization levels, which 

could yield even better results. Furthermore, adding more 

constraints, including optimal location, shadow size of the 

poles, and other limiting factors, can help design a more 

accurate and practical ELPS. Looking forward, this research 

opens several promising future directions. First, it can be 

investigated using hybrid modeling, where a PINN is used 

for the critical grounding system design, and a faster RF 

model is used for the air termination layout. Second, 

integrating additional practical constraints, such as dynamic 

shadow analysis, topological limitations, and detailed 

economic costing, into the optimization framework is a 

crucial next step. Finally, exploring transfer learning 

techniques for PINNs could drastically reduce their 

computational overhead for new, unseen site conditions, 

making this powerful approach more accessible. 
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Appendix A  

AI Artificial Intelligence 

ANN Artificial Neural Network 

ELPS External Lightning Protection System 

GA Genetic Algorithm 

HGA-PSO 
Hybrid Genetic Algorithm - Particle Swarm 

Optimization 

IEC International Electrotechnical Commission 

PINN Physics-Informed Neural Network 

PSO Particle Swarm Optimization 

PV Photovoltaic 

RF Random Forest 

Appendix B  

1. Neural Network Architectures & Hyperparameters 

All neural network models (ANN, PINN, Transformer, and RF) 

are implemented using TensorFlow v2.8 and Keras. The models 

for each of the three optimization levels shared similar base 

architectures but were tailored to their specific input-output 

dimensions. 

• ANN Architecture: 

o Structure: A feedforward network with 3 

hidden layers. 

o Layer Sizes: Input Layer → (128 neurons) 

→ (64 neurons) → (32 neurons) → Output 

Layer. 

o Activation Functions: ReLU for all hidden 

layers. Linear activation for the output layer 

(suitable for regression). 

o Initialization: He Normal initialization. 

o Regularization: L2 regularization (λ = 

0.001) was applied to the kernel weights of 

each layer to prevent overfitting. 

• PINN Architecture: 

o Structure: The PINN shared the same base 

architecture as the ANN (128-64-32) to 

ensure a fair comparison. 

o Physics-Informed Component: The physics 

loss was calculated based on the governing 

equations (Eqs. 4, 5, 6 for grounding; Eqs. 

1, 2, 3 for air termination) and added to the 

standard mean squared error (MSE) data 

loss. 

o Loss Function: Total_Loss = MSE (Data) + 

λ * MSE (Physics), where the physics 

constant λ was set to 0.5 after a sensitivity 

analysis. This enforced that the network's 

predictions adhered to physical laws. 

• Transformer Architecture: 

o Structure: 2 Transformer encoder blocks. 

o Key Parameters: Embedding dimension = 

64, Number of heads = 4, Feedforward 

dimension = 128. 

o Input Processing: The tabular data was first 

projected into a higher-dimensional space 

using a dense layer. A learnable positional 

encoding was added, as the order of the 

input parameters (e.g., Td, Apv, ρ) is not 

sequential. 

o Output: The [CLS] token output from the 

final encoder block was passed through a 3-

layer MLP (64 → 32 → output) to generate 

the prediction. 

• Random Forest (RF): 

o Number of Trees: 100 estimators. 

o Other Parameters: max_depth = 

None (nodes expanded until 

pure), min_samples_split = 

2, min_samples_leaf = 1. These parameters 

were chosen to allow the model to fully fit 
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the training data without excessive 

constraint. 

2. Training Parameters & Hyperparameter Tuning 

• Common Training Parameters: 

o Optimizer: Adam. 

o Learning Rate: A starting learning rate of 

0.001 was used for all models, with a 

reduction by a factor of 0.5 if the validation 

loss plateaued for 10 epochs. 

o Batch Size: 32. 

o Train/Validation/Test 

Split: 70%/15%/15%. The split was 

performed randomly but consistently across 

all models to ensure a fair comparison. 

o Epochs: Training was stopped early if the 

validation loss did not improve for 25 

consecutive epochs (Early Stopping 

callback), preventing overfitting. The 

maximum number of epochs was set to 500. 

• Hyperparameter Tuning Process: 

o A Bayesian Optimization process was 

conducted using the Hyperopt library for 

the neural networks (ANN, PINN). 

o Search Space: 

▪ Number of hidden layers: [2, 3, 4] 

▪ Number of units per layer: [32, 

64, 128, 256] 

▪ Learning Rate: Log-uniform 

distribution between 1e-4 and 1e-

2 

▪ L2 Regularization (λ): [1e-4, 1e-

3, 1e-2] 

o The objective was to minimize the Mean 

Absolute Error (MAE) on the validation set. 

o The final architectures and parameters 

reported above represent the best 

configuration found after 50 trials for each 

model type. 

 


