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Abstract: This paper proposes an Artificial Neural Network (ANN) model using a Multi-Stage method
to optimize the configuration of an External Lightning Protection System (ELPS) and grounding
system. ELPS is a system designed to protect an area from damage caused by lightning strikes.
Meanwhile, the grounding system functions to direct excess electric current from lightning strikes
into the ground. This study identifies the optimal protection system configuration, reducing the need
for excessive components. The ELPS configuration includes the number of protection pole units
and the height of the protection poles. In contrast, the grounding system configuration consists of
the number of electrode units and the length of the electrodes. This study focuses on the protection
system configuration at a Photovoltaic Power Station, where the area is highly vulnerable to lightning
strikes. Several aspects need to be considered in determining the appropriate configuration, such as
average thunderstorm days per year, ELPS efficiency, total area of photovoltaic module, area to be
protected, soil resistivity, electrode spacing factor, and the total required electrode resistance. The
proposed multi-stage ANN model consists of three processing stages, each responsible for handling a
portion of the overall system tasks. The first stage is responsible for determining the protection pole
configuration. In the second stage, the Lightning Protection Level (LPL) classification is performed.
Then, in the third stage, the process of determining the grounding configuration is handled. The
analysis results show that the Multi-Stage ANN model can effectively determine the configuration
with a low error rate: MAE of 0.265, RMSE of 0.314, and MPE of 9.533%. This model can also explain
data variation well, as indicated by the high R2 value of 0.961. The comparison results conducted
with ATP/EMTP software show that the configuration produced by ANN results in fewer protection
pole units but with greater height. Meanwhile, ANN produces a configuration with shorter electrode
lengths but fewer units in the grounding system.

Keywords: ELPS; grounding; PV Station; multi-stage; ANN

1. Introduction

Lightning is a natural phenomenon that occurs when an electrical charge is discharged
into the atmosphere [1]. This process happens due to a large electrical charge within a cloud.
The charge then forms an electrical jump towards an area with a lower charge, whether
within the cloud, between clouds, or to the ground [2]. A lightning strike to the ground
risks causing structural damage to buildings and even fires. The electromagnetic field
generated during a lightning strike can also induce electrical surges in electronic systems,
causing damage and operational disruptions [3–5]. According to the study conducted in [6],
transient voltage caused by lightning, whether direct or indirect, can lead to malfunctions
or even damage to electrical equipment, thereby disrupting the transmission process.
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An External Lightning Protection System (ELPS) is needed to prevent the fatal impacts
of lightning strikes. ELPS is designed to protect and reduce the risk of lightning strikes [7].
This system functions to capture, conduct, and safely disperse lightning energy into the
ground [8,9]. The main components of this system include the air termination, down
conductor, and grounding system. The air termination captures lightning strikes in the
air and then conducts the electric current through the down conductor to the grounding
system. The electric current must be directed promptly to reduce the risk of electromagnetic
induction [10]. The grounding system provides a safe path for the electric current to spread
into the ground and can prevent backflow currents from damaging nearby electronic
devices [11]. Several studies have examined the application of ELPS in various settings
to protect buildings, such as industrial buildings [12], radar towers [13], and residential
houses [14,15].

One of the systems highly vulnerable to lightning strikes is the Photovoltaic Power
Station (PV Station). This is due to its location in large and open areas. Consequently, PV
Stations have a high risk of direct lightning strikes [16]. A lightning strike can cause severe
damage to the photovoltaic module, inverters, and other electronic components, potentially
leading to financial losses and operational disruptions. Several studies have examined
the application of ELPS to protect PV Stations, such as the paper [17], which discusses the
impact of lightning strikes on PV systems and evaluates the necessary protection measures.
Additionally, the paper [18] discusses the grounding system in ELPS by evaluating rod and
plate electrode models. Furthermore, the paper [19] evaluates ELPS modelling using the
rolling sphere method to protect PV Stations’ electrical networks.

Lightning modelling is generally used for lightning prediction, ELPS design, and
grounding systems [20]. Modelling for lightning prediction involves analyzing weather
and climate conditions in a region by applying specific predictive algorithms, such as the
Random Forest Classification algorithm discussed in [21]. The design of ELPS usually
employs the rolling sphere method to determine the optimal protection radius, as discussed
in [22]. Meanwhile, grounding system modelling involves using specific algorithms to
determine electrode parameters, as explained in [23], which uses the Genetic Algorithm
(GA). The goal is to achieve the lowest possible grounding resistance so that lightning
current can be safely dispersed into the ground. The results of this study reveal that GA
is a powerful optimization method for finding solutions to complex problems. However,
GA has a slow optimization speed, so the model development process has yet to be fully
generalized for various physical conditions of the electrodes. Several other studies have also
examined lightning protection system modelling using specific methods. For instance, [24]
discusses modelling using the Adaptive Neuro-Fuzzy Inference System (ANFIS) to predict
lightning density in an area. This study produced the lowest RMSE during the training
and testing, depending on the selected membership functions and system configuration.
Additionally, the performance of ANFIS is highly dependent on the chosen parameters,
which may require careful tuning to achieve optimal results. This reliance on algorithms
and the selection of membership functions can be a weakness in ensuring the accuracy and
generalization of the model across various conditions. Furthermore, [25] uses three meta-
heuristic techniques: Particle Swarm Optimization (PSO), Genetic Algorithm Optimization
(GAO), and Hybrid Particle Swarm Genetic Algorithm Optimization (HPSGAO). This
study aims to design a grounding system by determining construction parameters that
minimize costs and ensure optimization by ANSI/IEEE Std. 80–2000 safety standards. The
study results indicate that HPSGAO, as the proposed method, yields lower total costs than
GAO and PSO. However, this research has limitations regarding generalization to situations
not covered in the study. In other words, the effectiveness of HPSGAO in reducing costs
may only be fully applicable to some types of grounding systems or varying environmental
conditions.

Additionally, other research uses Artificial Neural Network (ANN) algorithms as a
modelling method. ANN is a computational system inspired by the human biological
neural network and consists of layers of interconnected neurons. ANN can learn and
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recognize complex patterns from data. Due to its ability to model non-linear relationships
and handle unstructured data, ANN can be used as a predictive method, such as in ELPS
modelling, to enhance effectiveness and efficiency against lightning strikes, as reviewed
in [26]. This study examines the modelling of grounding resistance based on electrode types.
The results show that the ANN model can estimate grounding resistance with an error
rate of 5%. Furthermore, [27] discusses modelling to predict lightning locations. The study
results indicate that the ANN model successfully identified lightning location coordinates
with an average error of about 350 m. Then, in [28], a study was conducted on measuring
the atmospheric electric field to study the cloud lightning discharge phenomenon. These
measurement data were then processed using ANN to predict lightning activity. The
study produced predictions with an accuracy of 88.2% and a precision rate of 92.2%. The
paper [29] discusses the use of ANN as a model for estimating the risk of damage from
lightning strikes. Additionally, ANN is used to identify factors that influence lightning
strike risk, such as building location and environmental conditions. Risk assessment is
conducted by classifying these factors based on photographs of an area surrounding the
analyzed object. The study results indicate that using ANN for lightning risk assessment
can significantly benefit ELPS designers. Several other literature studies related to ANN
modelling in various lightning protection applications are also presented in Table 1. Based
on the study, the method used is still a single-stage ANN approach. The single-stage
ANN is the processing method, only performed in one stage without task division or
processing. The single-stage approach has the drawback of needing help to handle data
with significant variation, making it more challenging to update parts of the model without
retraining the entire network. On the other hand, there is multi-stage ANN, a variant of
ANN that involves several consecutive processing stages to enhance the model’s accuracy
and efficiency. In this method, each stage consists of one or more ANN layers responsible
for handling specific tasks. The results of each stage are then used as input for the next stage,
allowing the system to refine and improve prediction or classification results. Multi-stage
ANN is beneficial when the problem is complex and requires comprehensive analysis that
a single-stage ANN cannot achieve. As discussed in [30], the multi-stage ANN method can
reduce processing time and provide superior predictions. Additionally, [31] shows that the
results from applying multi-stage ANN achieve highly accurate statistical results that can
be used for system design and optimization.

Table 1. Literature review of ANN applications in lightning and grounding.

Paper Year Application Input Variables %Accuracy %Error

Kayabasi et al. [32] 2022 Classification
Soil Type Earth resistance 94.61 2.5

Chey et al. [33] 2021 Lightning Warning
System

Pressure, temperature,
relative humidity, precipitable

water, and wind
- -

Nialsen et al. [34] 2021
Estimating
Lightning
Damage

Peak current amplitude, rising
time, and decaying time - -

Wang et al. [35] 2019 Lightning Warning
System

Change rate of
electromagnetic field,

temperature, and humidity
93.9 -

Abdullah et al. [36] 2018 Lightning
Forecasting

Air pressure, humidity,
temperature, rainfalls,

and wind
- 11.05

Neamt et al. [37] 2017
Measurement

Grounding
Resistance

Electrode length, soil layer
thickness, and soil layer

resistivity ratio
- 7.88
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Table 1. Cont.

Paper Year Application Input Variables %Accuracy %Error

Androvitsaneas et al. [38] 2014 Ground Resistance
Forecasting

Rainfall of the day, rainfall
during a week, rainfall during

a month, and sinusoidal
functions of one year

- 17.29

Omar et al. [39] 2013 Predict Severity
of Lightning

Minimum humidity,
maximum humidity,

minimum temperature,
maximum temperature,

rainfall, week and month

70 14.67

Androvitsaneas et al. [40] 2012
Measurement

Grounding
Resistance

Soil resistivity for various
distances, average soil

resistivity, rainfall in the
previous week, rainfall in the
previous month, and rainfall

during the day

- -

Asimakopoulou et al. [41] 2011
Measurement

Grounding
Resistance

Soil resistivity for various
distances, average rainfall in
the previous week, rainfall

during the day, and average
resistance in the
previous week

- 1.71

Johari et al. [42] 2009 Lightning
Forecasting

Meteorological data, month
indicator, and

season indicator
- -

Salam et al. [43] 2006
Measurement

Grounding
Resistance

Electrode length and month 92.5 -

This study proposes an ANN modeling to obtain the appropriate configuration for
determining the required ELPS and grounding system to protect a PV Station area from
lightning strikes. The determined configuration includes the number of protection pole
units, the height of the protection poles, the number of electrode units, and the length
of the electrodes. Unlike previous methods that often use a single-stage approach, this
paper introduces a new ANN processing method that employs a multi-stage approach with
three stages processed sequentially. In the first stage, processing is performed to determine
the necessary protection pole configuration based on input such as average thunderstorm
days per year, protection system efficiency, the total area of PV module, and the area to
be protected. Next, in the second stage, processing is conducted to classify the Lightning
Protection Level (LPL) based on the number and height of protection poles processed in
the first stage. The result of the lightning protection level is then used to determine the
resistance of the single-electrode in the third stage. Finally, in the third stage, the processing
is conducted to determine the required grounding system configuration based on the input
of soil resistivity, single-electrode resistance, electrode spacing factor, and total electrode
resistance. This multi-stage approach can enhance lightning protection system design
adaptability compared to the single-stage methodology. The dataset was collected from
the Meteorology, Climatology, and Geophysics Agency and field measurements [44–48].
With these three processing stages, the ANN model can determine the ELPS and grounding
system requirements, provide a design guide for lightning protection systems for PV
Stations, and help reduce excessive components, thus making the protection system more
efficient and economical. The main contributions of this paper are as follows:

• We propose developing an ANN model using a multi-stage method to determine the
optimal and economical configuration for ELPS and grounding systems. The goal is to
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address the complexity of data, which is often challenging to solve with single-stage
methods.

• The proposed model consists of three stages processed sequentially. The first stage
determines the ELPS configuration, the second classifies the LPL, and the third de-
termines the grounding configuration. The goal is to overcome the shortcomings of
the single-stage method, which often analyzes these elements separately, potentially
leading to less integrated results. This model aims to create a more coherent solution
by dividing the process into three stages, thereby enhancing the effectiveness and
ensuring the utmost efficiency in determining ELPS and grounding configurations.

• We analyze the ANN model to determine performance levels through testing and
validation using actual data. Then, we compare it with ATP/EMTP software to ensure
that the proposed model configuration yields more optimal and economical results.

2. Materials and Methods

The model design in this work uses Python 3.10, a high-level programming language
used for computation, data analysis, and visualization. The model’s performance is then
compared with the application output of the Alternative Transients Program/Electromagnetic
Transients Program (ATP/EMTP). ATP/EMTP is simulation software used to model voltage
surges caused by lightning strikes and grounding systems, aiding in the design of lightning
protection and grounding systems.

2.1. External Lightning Protection System

The External Lightning Protection System (ELPS) is designed to protect areas or
buildings from the impact of lightning strikes. This system generally consists of three
main components: air termination, down conductor, and grounding system [49]. The air
termination is the first part that receives the lightning strike, typically a metal rod installed
at the highest point. In its implementation, the lightning protection system must consider
several essential factors to achieve adequate protection, such as the number and height
of the protection poles [50,51]. These factors will determine the coverage area to prevent
damage from lightning strikes. The height of the protection pole affects the area that is
protected. The higher the pole, the larger the radius of the protected area. Additionally, the
higher the lightning rod, the smaller the protection angle. Both statements are demonstrated
by the following equation [12],

rp = hp tan α◦ (1)

where, rp is the protection radius, hp is the height of the protection pole, and α◦ is the
protection angle. The height of the protection pole is directly proportional to the protection
radius, while the protection angle is inversely proportional to the height of the protection
pole. This principle is based on the theory that lightning will strike the highest object
in its vicinity, so installing a pole at the highest point will capture the lightning strike
before it hits lower objects [52]. Additionally, the number of protection poles is crucial
to creating an effective protection system. The number of poles installed will ensure that
the protected area is well-covered. Distributing ELPS at various points can help form an
effective protection network [53]. When determining the number and height of the poles,
factors such as the area size, average thunderstorm days per year, and the efficiency of the
lightning protection system must be carefully considered.

Average thunderstorm days per year is a metric that measures the average number
of days in a year during which a location experiences thunderstorms. This parameter
provides insight into the frequency of lightning activity in an area [54,55]. The value
can vary significantly depending on geographical and climatic factors. Tropical regions
such as Indonesia, Central Africa, and parts of South America tend to have high average
thunderstorm days, potentially exceeding 100–200 days per year [56–58]. In contrast,
regions with cold climates have meager average thunderstorm days, typically less than
10 days per year [59,60]. Average thunderstorm days data were collected from the lightning
detection system owned by the Meteorology, Climatology, and Geophysics Agency.
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The protection area size is a parameter that determines the extent of the area that
ELPS can protect from lightning strikes. The protection area size can be calculated using
the rolling sphere method, a geometric approach to determining the reach of lightning
protection, as shown in Figure 1a. This method involves imagining a sphere rolling with a
certain radius r. The value of this radius depends on the lightning protection level according
to the International Electrotechnical Commission Standard (IEC), as listed in Table 2. As
the sphere rolls over the ground surface, any part touched by the sphere is considered at
risk of a lightning strike, while the parts not touched are protected, with a protection radius
rp. The height of the protection pole (hp) is adjusted so that the sphere does not touch the
area to be protected. Figure 1b illustrates the ELPS protecting a PV station with a total
PV module area Apv. By applying the rolling sphere method, the protection radius rp is
obtained, so the protected area is Ap. To calculate the protection radius rp, the following
equation is used,

rp =
√

hp
(
2r− hp

)
(2)
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protection area on the PV station.

Table 2. IEC standard lightning protection level.

Protection Level Radius of Rolling Sphere (m) Description

I 20 Highly critical structures

II 30 Important infrastructure

III 45 Standard commercial structures

IV 60 Low-risk structures

The efficiency of ELPS is the system’s ability to protect an area from lightning strikes.
This efficiency can be measured by how well the system can divert lightning current to the
ground without causing damage to the protected area. To calculate the efficiency value, the
following equation is used,

ηp =
Ns

Nts
(3)

where, Ns is the number of lightning strikes successfully captured by the ELPS and Nts
is the total number of lightning strikes that occur in the protected area. The number of
lightning strikes is measured using the Lightning Detection System (LDS), which detects
the electromagnetic waves generated by lightning strikes. This device is often installed
along with the ELPS installation process.

In protecting an area from lightning strikes, classification is necessary to determine
the level of protection the ELPS provides. The IEC standard provides guidelines on the
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lightning protection levels that should be applied to various structures and environments.
This standard includes different protection levels categorized based on lightning strikes’
risk and potential impact [61]. There are four primary protection levels in IEC 62305-3 [62],
as shown in Table 2. These protection levels assist in determining the design of the ELPS,
including the height and number of poles, as well as the grounding system, to ensure
effective and efficient protection tailored to the specific needs of each location [63].

ELPS is designed to handle electrical current surges reaching tens to hundreds of
thousands of amperes. However, its specific capability depends on the specifications and
classification of the ELPS used. To calculate the maximum current that the ELPS can protect,
the following equation is used,

Imax = 0.75
√

r (4)

where, Imax is the maximum lightning current and r is the radius of the rolling sphere.

2.2. Grounding System

The grounding system in a lightning protection system is an essential component that
dissipates the electrical current from a lightning strike into the ground, thereby reducing the
risk of damage to nearby objects [64]. This system consists of several components, including
the electrode rod buried in the ground. The grounding resistance value must be calculated
to measure how well a grounding system can conduct electrical current to the ground. The
grounding resistance value can be calculated using the following equation [65,66],

Rs =
ρ

2πLe

(
ln
(

4Le

d

)
− 1

)
(5)

where, Rs is the resistance of a single electrode, ρ is the resistivity of the soil, Le is the
electrode length, and d is the electrode diameter. Meanwhile, to calculate the resistance
value for multi-electrode, the following equation is used [67],

Rt =
Rs

Ne

(
1 +

Ne − 1
2

k
)

(6)

where, Rt is the total resistance, Ne is the number of electrodes, and k is the spacing factor,
which can be calculated using the following equation,

k =
1

ln
(

D
d

) (7)

where, D is the distance between electrodes. To ensure optimal operation of the grounding
system, it is necessary to determine the parameters of the number and length of electrodes
required, as this will affect how effectively lightning currents can be dissipated into the
ground [68,69]. Additionally, this can enhance economic value, as using suitable electrodes
can reduce material and installation costs [70]. Several aspects must be considered to
determine these parameters, such as the soil resistivity value in a specific area, electrode
specifications, and the distance between electrodes.

The soil resistivity measures how much soil resists the flow of electric current. This
value is expressed in ohm-meters (Ωm). Soil resistivity is influenced by various factors such
as soil type, moisture content, and temperature [71]. Each soil type has varying resistivity
values, as presented in Table 3. Low soil resistivity values indicate that the soil conducts
electricity efficiently, allowing electric currents to be dissipated quickly into the ground.
Conversely, high resistivity values suggest that the soil has more excellent resistance to
electric current flow, which can reduce the effectiveness of the grounding system. The
four-point method, also known as the Wenner method, is generally used to measure soil
resistivity. This method involves inserting four metal electrodes into the ground at equal
distances from each other in a straight line. A small electric current is then passed through
the two outer electrodes, while the two inner electrodes measure the voltage generated
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by the current. By knowing the magnitude of the current and the measured voltage, soil
resistivity can be calculated using the following equation,

ρ = 2πD
V
I

(8)

where, V is the voltage measured between the two electrodes and I is the current passed
through the outer electrodes.

Table 3. Soil resistivity for grounding system.

Type of Soil Resistivity Value (Ωm)

Moist Humus 30

Agricultural Soil 100

Sandy Clay 150

Clay 300

Dry Sand 400

Moist Sand 1000

Electrode specifications also affect the grounding system by selecting materials capable
of optimal electrical conductivity. The distance between electrodes must also be considered
to avoid mutual coupling effects [72]. Mutual coupling is a phenomenon where electrodes
placed too close can electromagnetically influence one another. This can lead to interference
or inefficiency in conducting electric current [73].

3. Multi-Stage ANN

Multi-stage ANN is a neural network architecture consisting of multiple processing
stages, each of which handles a part of the overall process. Each stage in the ANN archi-
tecture consists of one or more hidden layers with several nodes that process data before
passing the results to the next stage. This study uses a multi-stage ANN to determine
the configuration of the ELPS and grounding system, optimizing the required component
needs. The model design process is illustrated in the flowchart in Figure 2. This model
uses vertical optimization to select the best structure at each stage based on statistical
analysis and metric evaluation. The chosen structures are then combined into a single
overall model. In the process, the output values at each node can be calculated using a
linear combination based on the received input values [74]. These values are computed
using the following equation,

z =
n

∑
i=1

wi·xi + b (9)

where, xi is the input value at node i, wi is the weight value at input node i, b is the bias
value, and z is the linear combination value at each node. Next, an activation function is
applied to each output node in the network. Several commonly used activation functions,
are Sigmoid, Tanh, and ReLU. Sigmoid is a non-linear function that transforms the output
into a value between 0 and 1 using the following equation,

f (z) =
1

1 + e−z (10)

where, e is the Euler’s number, which is the base of the natural logarithm. Hyperbolic
Tangent (Tanh) is also a non-linear function that transforms the output into a value between
−1 and 1 using the following equation,

f (z) =
ez − e−z

ez + e−z (11)



Energies 2024, 17, 4673 9 of 25
Energies 2024, 17, x FOR PEER REVIEW 11 of 24 
 

 

 
Figure 2. Flowchart for design of the model using multi-stage ANN. 

 
Figure 3. The structure of proposed multi-stage ANN model. 

4. Performance Analysis Method 
The analysis is conducted to provide information on the performance results of the 

proposed model, including metric and statistical evaluations. One of the analysis methods 
is Mean Absolute Error (MAE), which is used to evaluate the model’s performance by 
calculating the average of the absolute differences between the predicted values and the 
measured values. MAE provides an overview of the overall prediction error. The MAE 
equation is expressed as follows, 

Figure 2. Flowchart for design of the model using multi-stage ANN.

Meanwhile, Rectified Linear Unit (ReLU) transforms the input into a value between
0 and infinity using the following equation,

f (z) = max(0, z) (12)

To design an ANN model, a learning process consisting of two main stages is required:
Feedforward and Backpropagation [75]. Feedforward is the first stage in the ANN learning
process. In this stage, input data are passed through the network from the input layer to the
hidden layers until it reaches the output layer. Each node in the hidden layers receives input
signals, applies an activation function, and then passes the results to the nodes in the next
layer. The number of hidden layers depends on the data complexity and the model’s ability
to understand patterns from the training data [76,77]. The initial step of the Feedforward
process is to compute the node values in hidden layer 1 using the following equation,

a(1) = f
(

W(1)· x + b(1)
)

(13)

where, a(1), W(1), and b(1), respectively, represent the node values, weight matrix, and bias
vector in the first hidden layer. The next step is to compute the node values in hidden layer
n using the following equation,

a(n) = f
(

W(n)· a(1) + b(n)
)

(14)
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where, a(n), W(n), and b(n), respectively, represent the node values, weight matrix, and bias
vector in hidden layer n. Then, the node values in the output layer are calculated using the
following equation,

a(n) = f
(

W(n)· a(1) + b(n)
)

(15)

where, y is the node value in the output layer. Next, the loss value is computed to measure
the difference between the network output and the target value. The loss value is measured
using Mean Squared Error (MSE), which calculates the average squared difference between
the network output and target values. The MSE equation is as follows,

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (16)

where, n is the number of datasets, yi and ŷi represent the network output value and the
target value for the i dataset, respectively.

Backpropagation is the second stage of training the model by adjusting weights and
biases based on the loss value [78]. The Backpropagation process employs the gradient
descent method to calculate the error gradient concerning each weight in the network and
iteratively update weights and biases. This process minimizes errors and improves the
model’s prediction accuracy [79–81]. The gradient value of the loss concerning each weight
is computed using the chain rule. If the loss function is L, then the gradient concerning
weight w is as follows,

∂L
∂w

=
∂L
∂ŷ
· ∂ŷ

∂z
· ∂z

∂w
(17)

where, ∂L
∂ŷ is the derivative of the loss function concerning the predicted output ŷ, resulting

in the function 2(yi − ŷi). Meanwhile, ∂ŷ
∂z is the derivative of the activation function, and

∂z
∂w is the derivative of the linear combination z concerning the weight w. Next, the weight
values are updated using the gradient and learning rate µ as follows,

w← w− µ
∂L
∂w

(18)

Figure 3 shows the structure of the proposed multi-stage ANN model. This structure
consists of three stages, each with varying hidden layers. Testing and analysis were
conducted to determine each stage’s network structure and suitable activation functions.
In the first stage, the ANN receives inputs such as average thunderstorm days per year
(Td), total PV module area (Apv), ELPS efficiency (ηp), and the size of the protected area
(Ap). These input variables are processed to produce outputs: protection pole parameters,
including the number of poles (Np) and pole height (hp). The study on the placement of
protection poles at PV stations was previously discussed in a paper [19], where the optimal
distance between the protection pole and the PV module is 12.31 m. The installation of
the ELPS can affect the geometry of the PV modules, so if there is a change in position,
recalculations are necessary to ensure that the PV system’s performance is not compromised
and lightning protection remains optimal. The installed protection pole is isolated, meaning
it is not directly connected to the PV system, so lightning current surges will not affect
other devices. The output from the first stage serves as input for the second stage, which
produces the output of Lightning Protection Level (LPL) referring to the IEC standard listed
in Table 2. There are several reasons why the input values of the number and height of
protection poles are used in determining the LPL (Lightning Protection Level). The height
of the pole is directly correlated with the protection radius it generates, making it a key
parameter in determining the extent of the protected area. Additionally, the number of
poles affects protection coverage over a larger area. Other factors typically considered
in determining LPL, such as building structure characteristics, should be addressed in
this study because the focus is on PV station protection, where the protected structure is
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relatively low and differs from conventional buildings. Based on this protection level, the
value of Imax is calculated, determining the value of ground resistance (Rs) based on the
maximum lightning voltage in a region (Vmax) and soil moisture. The relationship between
ground resistance and soil moisture can be expressed by the following equation [82],

Rs = Rs0 · e−αM (19)

where, Rs0 is the ground resistance when soil moisture approaches 0, M is the soil moisture
percentage, and α is an empirical constant dependent on specific soil conditions. The equa-
tion indicates that ground resistance is inversely proportional to soil moisture content. By
incorporating the variables Imax and Vmax, the following equation is obtained to determine
the value of ground resistance,

Rs =
Vmax

Imax
· e−αM (20)
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In the third stage, the ANN receives inputs such as Rs and additional variables like soil
resistivity (ρ), desired total resistance (Rt), and the electrode spacing factor (k). The output
from this stage provides grounding parameters, including the number of electrodes (Ne)
and electrode length (Le). These variables are selected based on the relationship between
resistance variables and electrodes, as expressed in Equations (5) and (6). Subsequently, the
three stages are trained to produce an optimal model. The sample input data used as the
dataset are shown in Table 4.

Table 4. Sample input data.

Td Apv ηp Ap ρ Rs Rt k

130 5369 0.70 6563 30 7.32 1.85 0.13

102 20164 0.77 21737 300 46.79 12.70 0.18

109 17984 0.73 22269 150 18.52 5.51 0.13

124 10438 0.70 13769 400 88.70 48.02 0.17

127 31533 0.89 34281 1000 139.74 75.15 0.15

114 25262 0.85 25850 100 12.48 3.17 0.13

4. Performance Analysis Method

The analysis is conducted to provide information on the performance results of the
proposed model, including metric and statistical evaluations. One of the analysis methods
is Mean Absolute Error (MAE), which is used to evaluate the model’s performance by
calculating the average of the absolute differences between the predicted values and the
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measured values. MAE provides an overview of the overall prediction error. The MAE
equation is expressed as follows,

MAE =
1
n

n

∑
i=1
|yi − ŷi| (21)

where, n is the number of test data, yi and ŷi are the actual and predicted values of the model
for the i data, respectively. The lower the MAE value, the better the model’s performance,
indicating that the model’s predictions are close to the actual values.

The following analysis is Root Mean Squared Error (RMSE), which measures the
magnitude of the error between the predicted values by the model and the actual values.
RMSE provides a measure that is more sensitive to significant errors than MAE. The
equation is expressed as follows,

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (22)

Next is the analysis of Mean Percentage Error (MPE), which measures the deviation of
the predictions from the actual values in percentage form. This result provides an overview
of the model’s accuracy on a relative scale. The equation is expressed as the average
percentage error as follows,

MPE =
1
n

n

∑
i=1

(
yi − ŷi

yi

)
× 100% (23)

Next is the analysis of the Coefficient of Determination (R2), a metric used to assess
the performance of a regression model by measuring the proportion of data variability that
the model can explain. The R2 value ranges from 0 to 1, where 0 indicates that the model
cannot explain the variability, while 1 indicates that the model can explain all the variability
in the data. The R2 value can be calculated using the following equation,

R2 = 1− ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (24)

Then, there is the analysis of the Coefficient of Variation (CoV), a statistical measure
used to evaluate the relative variability of data. CoV is generally used to assess data
stability. A low CoV value indicates more stable data, while a high CoV value indicates
more variable data. CoV is defined as the ratio of the standard deviation to the mean value,
expressed as follows,

CoV =

√
1
n ∑n

i=1

(
yi − 1

n ∑n
i=1 yi

)2

1
n ∑n

i=1 yi
(25)

The model’s performance analysis is conducted by comparing the calculation results
between the multi-stage ANN and ATP/EMTP. This comparison aims to evaluate the
optimization achieved by the proposed model. The comparison process is carried out
through computations based on a case study of lightning protection systems at a PV station
on Sabang Island, Indonesia. The specifications of PV station are shown in Table 5. The
protection parameters use a value of ηp = 0.82, Ap = 19319.9 m2, Rt = 10 Ω, and k = 0.21.
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Table 5. Photovoltaic station specification.

Features Value

Type Polycrystalline

Total power 350 kWp

Open-circuit voltage 22.1 V

Short-circuit current 8.69 A

Total array 85 array

Module per array 25 module

Photovoltaic area 5577.11 m2

5. Results and Discussion

In this section, the network evaluation is conducted to analyze the ANN structure
at each stage and to evaluate the overall model performance. The network evaluation
includes selecting the activation function and the number of hidden nodes for each stage.
In this study, the model is trained using a dataset of 2000 data points, with 80% used for
network training and 20% used for testing, with µ = 0.0002. Meanwhile, no separate
validation set was used, so the validation process was conducted internally using K-Fold
Cross-Validation techniques to ensure the model was tested on various data subsets. This
method utilizes the entire dataset for validation, rotating during k-fold iterations. The goal
is to avoid overfitting and to build a model that can generalize well to test data [83,84].
The overall model output consists of protection pole parameters, such as the number and
height of poles, and grounding parameters, such as the number and length of electrodes.

5.1. Model Analysis on First-Stage

Table 6 shows the statistical results from the network training process at the first stage
based on various network structures. The statistical results indicate that the ReLU-32-14
structure performs best, with the lowest MAE, MSE, RMSE, and the highest R2, which are
0.27347, 0.15793, 0.76234, and 0.84207, respectively. Therefore, the structure at the first stage
uses the ReLU activation function with 32 nodes in the first hidden layer and 14 nodes in
the second hidden layer. The results also show that the ReLU function has better training
speed, with an average more minor epoch than the sigmoid and tanh functions.

Table 6. The statistical results of training in the first stage.

Structure Epoch MAE MSE RMSE R2 CoV

Sigmoid-28-12 3627 0.28779 0.17384 0.79886 0.82616 0.7144

Sigmoid-32-14 3209 0.28818 0.17391 0.79949 0.82609 0.7093

Sigmoid-24-16-6 3467 0.2999 0.18393 0.81904 0.81607 0.7137

Sigmoid-28-20-8 4077 0.29227 0.17641 0.80573 0.82359 0.7091

Sigmoid-32-24-10 2739 0.29141 0.17672 0.80521 0.82328 0.7141

Sigmoid-36-28-12 2549 0.29001 0.17463 0.80227 0.82537 0.7161

Sigmoid-40-32-14 2642 0.28895 0.17328 0.7981 0.82672 0.7163

Tanh-28-12 924 0.29528 0.18204 0.81667 0.81796 0.7114

Tanh-32-14 1605 0.27829 0.16372 0.78258 0.83628 0.7107

Tanh-24-16-6 1103 0.31015 0.20011 0.85244 0.79989 0.709

Tanh-28-20-8 746 0.31349 0.20807 0.86399 0.79193 0.7097

Tanh-32-24-10 999 0.2915 0.1784 0.81468 0.8216 0.7176
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Table 6. Cont.

Structure Epoch MAE MSE RMSE R2 CoV

Tanh-36-28-12 1289 0.28749 0.17366 0.80258 0.82634 0.7146

Tanh-40-32-14 1194 0.28809 0.17232 0.80405 0.82768 0.7116

ReLU-28-12 880 0.28554 0.16547 0.77629 0.83453 0.7024

ReLU-32-14 981 0.27347 0.15793 0.76234 0.84207 0.7089

ReLU-24-16-6 981 0.29414 0.17446 0.79813 0.82554 0.7023

ReLU-28-20-8 541 0.29722 0.17176 0.7832 0.82824 0.6955

ReLU-32-24-10 848 0.28119 0.15914 0.76355 0.84086 0.7015

ReLU-36-28-12 704 0.27561 0.15718 0.76236 0.84282 0.7038

ReLU-40-32-14 455 0.28172 0.16382 0.76865 0.83618 0.7119

Figure 4a presents the training results plot for the first stage for Np and Figure 4b for
hp. These two graphs show that the data distribution shows a strong linear relationship
between the measured data and the training results. However, some points are slightly
outside the line, indicating some predictions deviating from the measurement data.
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5.2. Model Analysis on Second-Stage

Table 7 presents the statistical results from the network training in the second stage.
The statistical results show that the lowest MAE value in the ReLU-24-16-6 structure is
0.18643. Although this structure has the lowest MAE value, the ReLU-28-12 structure is
considered the best based on a combination of several evaluation metrics, with the lowest
MSE, RMSE, and the highest R2, which are 0.21911, 0.35199, and 0.78089, respectively.
Therefore, the structure in the second stage uses the ReLU activation function with 28 nodes
in the first hidden layer and 12 nodes in the second hidden layer.

Figure 5 presents the training results plot for the second stage. The graph shows the
data points clustered into four groups, indicating the Lightning Protection Level (LPL)
classification. This result shows that the model performs well in classifying LPL, with most
data points closely matching the measured data.
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Table 7. The statistical results of training in the second stage.

Structure Epoch MAE MSE RMSE R2 CoV

Sigmoid-28-12 2421 0.20685 0.22954 0.36027 0.77046 0.2277

Sigmoid-32-14 3284 0.20212 0.22936 0.36012 0.77064 0.2285

Sigmoid-24-16-6 3364 0.20448 0.2361 0.36538 0.7639 0.228

Sigmoid-28-20-8 2720 0.20255 0.23095 0.36137 0.76905 0.2279

Sigmoid-32-24-10 2395 0.204 0.23315 0.36309 0.76685 0.2284

Sigmoid-36-28-12 2728 0.20052 0.22942 0.36017 0.77058 0.2279

Sigmoid-40-32-14 2606 0.19656 0.23809 0.36691 0.76191 0.2303

Tanh-28-12 1271 0.20882 0.24898 0.37522 0.75102 0.2327

Tanh-32-14 1315 0.20497 0.24464 0.37193 0.75536 0.2324

Tanh-24-16-6 849 0.20804 0.26254 0.3853 0.73746 0.2349

Tanh-28-20-8 865 0.20588 0.25983 0.3833 0.74017 0.2343

Tanh-32-24-10 815 0.20615 0.25747 0.38156 0.74253 0.2349

Tanh-36-28-12 510 0.21938 0.27203 0.39219 0.72797 0.2329

Tanh-40-32-14 958 0.19947 0.24855 0.37489 0.75145 0.2352

ReLU-28-12 1466 0.19402 0.21911 0.35199 0.78089 0.2319

ReLU-32-14 600 0.20609 0.23131 0.36165 0.76869 0.2318

ReLU-24-16-6 889 0.18643 0.23065 0.36114 0.76935 0.2323

ReLU-28-20-8 833 0.20085 0.23216 0.36232 0.76784 0.226

ReLU-32-24-10 721 0.19423 0.23039 0.36093 0.76961 0.2285

ReLU-36-28-12 729 0.19426 0.23176 0.362 0.76824 0.2281

ReLU-40-32-14 976 0.19003 0.22811 0.35914 0.77189 0.2299
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5.3. Model Analysis on Third-Stage

Table 8 presents the statistical results from the network training in the third stage. The
statistical results indicate that the ReLU-40-32-14 structure performs the best compared
to other structures. This structure shows the lowest MAE, MSE, and RMSE values with
the highest R2, which are 0.12575, 0.02897, 0.40608, and 0.97103, respectively. Therefore,
the structure in the third stage uses the ReLU activation function with 40 nodes in the first
hidden layer, 32 nodes in the second hidden layer, and 14 nodes in the third hidden layer.
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Table 8. The statistical results of training in the third stage.

Structure Epoch MAE MSE RMSE R2 CoV

Sigmoid-28-12 298 0.53467 0.41994 1.40328 0.58006 0.4348

Sigmoid-32-14 255 0.55522 0.45159 1.45114 0.54841 0.4227

Sigmoid-24-16-6 1314 0.34843 0.20372 0.97379 0.79628 0.4696

Sigmoid-28-20-8 744 0.37457 0.231 1.04294 0.769 0.4695

Sigmoid-32-24-10 1617 0.29247 0.15022 0.84192 0.84978 0.4778

Sigmoid-36-28-12 1616 0.28628 0.14746 0.84039 0.85254 0.4851

Sigmoid-40-32-14 1296 0.29628 0.15765 0.86225 0.84235 0.477

Tanh-28-12 355 0.21156 0.08445 0.66494 0.91555 0.5131

Tanh-32-14 399 0.20741 0.07895 0.62698 0.92105 0.5157

Tanh-24-16-6 736 0.19848 0.06975 0.62507 0.93025 0.529

Tanh-28-20-8 478 0.20748 0.07258 0.60554 0.92742 0.5303

Tanh-32-24-10 494 0.18447 0.06115 0.56061 0.93885 0.5268

Tanh-36-28-12 499 0.16807 0.0471 0.50839 0.9529 0.5275

Tanh-40-32-14 819 0.14139 0.03774 0.45421 0.96226 0.5277

ReLU-28-12 1249 0.13041 0.0326 0.40923 0.9674 0.5405

ReLU-32-14 954 0.12882 0.03124 0.41689 0.96876 0.5311

ReLU-24-16-6 430 0.19138 0.06725 0.57882 0.93275 0.5078

ReLU-28-20-8 315 0.21519 0.07475 0.61026 0.92525 0.5068

ReLU-32-24-10 509 0.14943 0.03696 0.44417 0.96304 0.5184

ReLU-36-28-12 721 0.14807 0.03561 0.44858 0.96439 0.52

ReLU-40-32-14 695 0.12575 0.02897 0.40608 0.97103 0.5215

Figure 6a for Ne and Figure 6b for Le present the training results plot for the third stage.
Both graphs show that the data are well distributed around the reference line, indicating
that the trained model performs very well in predicting the values of Ne and Le.
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5.4. Model Performance on Predicting ELPS and Grounding Configurations

Figure 7a compares Np values between the measured data and the model’s predicted
data. “Measurement data” refers to data obtained through direct field observations by
studying various variables. In other words, these data are actual data used as a reference
to evaluate the performance of the ANN model. Based on the graph, it is evident that the
ANN predictions follow the trend of the measured data well, although there are some errors
at higher values. The ANN predictions are pretty accurate for data with Np < 5, with a
distribution that almost follows the measured data. However, for values of Np > 6, it is seen
that the ANN predictions tend to deviate from the measured data. Meanwhile, Figure 7b
shows the comparison results for hp values. Based on this graph, the model demonstrates
pretty good performance in following the trend of the measured data. However, as with
Figure 7a, some deviations at significantly higher hp values indicate more significant data
variability at specific values. Then, Figure 8a shows the comparison results for Ne values.
Based on the graph, the ANN prediction results exhibit more significant variation around
the measured data. Although the ANN can capture the pattern, the predicted data have
more variation. Next, Figure 8b shows the comparison results for Le values. Based on
the graph, the prediction results also show a similar linear trend, with minor deviations
throughout the plot. Despite some slight deviations, the model predicts reasonably well.
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Based on these results, the ANN model shows more significant prediction variability
than the measured data. This is due to overfitting, a condition where the model fits the
training data too closely, resulting in excellent performance on the training data but poor
generalization to new data. Nevertheless, the model achieves low error values based on
the test analysis results in Table 9. The ANN model performs well for the Np parameter
with relatively low MAE and RMSE. The R2 value of 0.968 indicates that the model can
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explain 96.8% of the variability in the data, though an MPE of 18.03% shows a relatively
large error. A CoV value of 0.152 indicates fairly low variability, suggesting that the data
are relatively consistent and not spread far from the mean value. The ANN model also
performs well for the hp parameter, although it has relatively higher MAE and RMSE than
Np. The R2 value of 0.9 indicates that the model can explain 90% of the variability in the
data. An MPE of 7.96% and CoV of 0.084 suggest that the relative error and prediction
variability are relatively low. The Ne parameter shows the best performance with very low
MAE and RMSE. The R2 value of 0.989 indicates that the model almost entirely explains
the variability in the data. An MPE of 5.65% and CoV of 0.05 signify accurate predictions
with low relative error and variability. The ANN model also performs very well for the Le
parameter, with low MAE and RMSE. The R2 value of 0.985 indicates that the model can
explain 98.5% of the variability in the data. The MPE of 6.49% and CoV of 0.053 suggest
that the model has low relative error and variability.

Table 9. The analytical result of the multi-stage ANN model to determine external lightning protection
and grounding system.

Parameter MAE RMSE MPE R2 CoV

Np 0.199 0.252 18.03% 0.968 0.152

hp 0.472 0.545 7.96% 0.9 0.084

Ne 0.154 0.185 5.65% 0.989 0.05

Le 0.233 0.272 6.49% 0.985 0.053

5.5. Comparison Results with Multi-Stage ANN Model and ATP/EMTP

Table 10 compares the ELPS and grounding parameter requirements using the ANN
model and ATP/EMTP software. Figure 9 shows the ELPS diagram from the ATP/EMTP
software. The diagram consists of several parts, from the top with the air termination to the
grounding system. The grounding system comprises several parallel circuits representing
electrodes embedded in the ground. The number of electrodes required depends on various
parameters, including lightning parameters and soil characteristics.
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Table 10. The comparison of multi-stage ANN and ATP/EMTP calculation results.

Td
(Days/Year)

ρ
(Ωm)

Multi-Stage ANN ATP/EMTP

Np
(unit)

hp
(m)

Ne
(unit)

Le
(m)

Np
(Unit)

hp
(m)

Ne
(unit)

Le
(m)

147 732 2 3.4 2 8.1 1 9.2 2 8.8

197 546 2 3.1 3 4.8 1 7.9 4 8.9

176 362 2 3.1 2 1.4 1 8.0 3 1.2

144 935 2 3.6 2 10.4 2 3.8 4 5.5

122 567 1 5.5 2 5.2 1 7.6 2 7.9

194 712 2 3.1 1 8.0 1 6.7 3 2.6

175 949 2 3.1 1 10.6 1 6.2 2 9.6

159 554 2 3.3 3 5.0 2 5.3 5 7.0

118 456 1 6.0 2 2.7 1 9.5 4 2.2

175 391 2 3.1 6 1.7 2 5.0 4 8.3

105 686 1 7.4 1 7.3 2 3.4 2 2.9

200 746 2 3.1 2 8.2 1 8.5 3 7.2

129 930 1 4.9 1 10.4 2 3.9 2 5.7

185 928 2 3.1 1 10.4 1 6.2 2 5.4

199 473 2 3.1 2 3.0 1 6.6 1 5.5

167 557 2 3.2 3 5.0 2 3.4 2 8.7

112 883 1 6.7 2 9.8 2 5.0 4 6.0

117 594 1 6.1 3 5.5 1 9.1 6 2.8

111 546 1 6.9 4 4.8 1 7.4 5 3.8

147 732 2 3.4 2 8.1 1 9.2 2 8.8

The results indicate that each method has a different configuration for specific input
parameters. In some cases, the ANN tends to require fewer protection pole units but
with greater height, whereas ATP/EMTP shows a more significant number of protection
pole units with lower height. For example, with an average thunderstorm days per year
of 105 days/year and soil resistivity of 686 Ωm, the ANN requires only one protection
pole unit with a height of 7.4 m, while ATP/EMTP requires two units with a height of
3.4 m. Based on the height of the protection pole, the protection radius can be calculated
with the lightning protection level at Level 1, corresponding to a rolling sphere radius of
20 m. The calculations yield a protection radius of 11.1 m in ATP/EMTP and 15.5 m in the
multi-stage ANN. For clarity, these results are visualized in Figure 10. Meanwhile, Figure 11
compares protection areas based on the height and number of poles. In ATP/EMTP, the
protection pole height is lower, resulting in a smaller protection area. Therefore, two unit
poles are required to cover the entire region. In contrast, the pole height is more significant
in the multi-stage ANN, leading to a more extensive protection area. This is why only
one unit protection pole is needed. Similarly, for the grounding system, the ANN needs
only one electrode unit with a length of 7.3 m, while ATP/EMTP needs two units with
a length of 2.9 m. In other cases, the ANN tends to have more pole units with lower
height compared to ATP/EMTP, such as in conditions with an average thunderstorm days
per year of 176 days/year and soil resistivity of 362 Ωm, where the ANN requires two
protection poles with a height of 3.1 m. Conversely, ATP/EMTP requires only one pole with
a height of 8 m. Further results show that in some cases with higher soil resistivity, such as
935 Ωm and average thunderstorm days per year of 144 days/year, the ANN produces a
configuration with two protection poles, each 3.6 m tall. In contrast, ATP/EMTP shows
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a similar number of poles but with a slightly lower height, 3.8 m. However, differences
appear in the grounding electrode requirements, where the ANN needs two electrodes
with a length of 10.4 m, while ATP/EMTP requires four electrodes with a shorter length
of 5.5 m.
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This analysis indicates that the ANN model and ATP/EMTP provide varying con-
figurations regarding the number and height of protection poles and the number and
length of grounding electrodes, depending on specific environmental conditions such as
soil resistivity and average thunderstorm days per year. The optimization comparison
shows that the ANN tends to simplify the configuration with fewer units but emphasizes
physical characteristics, such as taller poles. At the same time, ATP/EMTP offers a more
traditional solution with a higher number of units but more moderate sizes.

6. Conclusions

The results of this study indicate that the multi-stage ANN model, as a predictive
algorithm, can provide excellent results in predicting protection pole parameters and
grounding parameters. The model consists of three stages: the first for predicting protection
pole parameters, the second for classifying protection levels, and the third for predicting
grounding parameters. In the first stage, the most optimal network structure uses two
hidden layers with 32 and 14 nodes, respectively. The most optimal network structure in the
second stage uses two hidden layers with 28 and 12 nodes, respectively. In the third stage,
the most optimal network structure uses three hidden layers with 40, 32, and 14 nodes,
respectively. Experimental results show that the ReLU function is the most suitable for
all stages of the ANN. The training process statistics for protection pole parameters yield
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MAE, RMSE, R2, and CoV values of 0.273, 0.762, 0.842, and 0.709, respectively, while
the testing process values are 0.336, 0.399, 0.934, and 0.118, respectively. Meanwhile, for
grounding parameters, the training process statistics yield MAE, RMSE, R2, and CoV
values of 0.126, 0.406, 0.971, and 0.522, respectively, while the testing process values are
0.194, 0.229, 0.987, and 0.052, respectively. These results indicate that the ANN model can
accurately predict protection pole and grounding parameters. Furthermore, the comparison
between the multi-stage ANN model and ATP/EMTP software shows that the ANN
tends to produce configurations with fewer protection pole units but greater height than
ATP/EMTP. Additionally, the ANN often results in shorter electrode lengths and fewer
units in the grounding system.

However, this study has several limitations, including the complexity of the model,
which leads to overfitting. The proposed ANN model shows good performance during
training but experiences overfitting during testing, resulting in reduced performance on
new data. Additionally, this study does not consider all environmental factors that can
affect the performance of the lightning protection system, such as soil conditions, humidity,
and weather variations. Consequently, the study’s results are limited to specific conditions
and may not fully apply to different situations. Further research is needed to account
for various environmental factors to improve the model’s generalization and ensure its
effectiveness in diverse environmental conditions. This study has successfully examined
the vertical selection of network structures at each stage. Although the best structure
from each stage was selected, there is still a possibility that combinations of not-best
structures could yield better performance. However, an in-depth study on this has yet
to be conducted. To address this, future research could focus on horizontal optimization
by testing combinations of not-best structures to explore whether these combinations can
enhance the model’s overall performance.
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