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Abstract: This article presents an optimization method to 
determine the arc constants used in the mathematical 
model which concerns the critical flashover voltage of a 
polluted insulator. These constants must be standard for 
many insulators, hence the establishment of a model that 
very accurately simulates the experimental results. 

The optimization method based on Particle Swarm 
Optimization (PSO) that resolves a problem by iteratively 
trying to improve a candidate solution with regard to a 
given measure of validity. 

It can be seen that the calculated results by application of 
PSO has allowed to define the constants of the arc where 
the establishment of a model that simulates the 
experimental and analytical results of other researchers.  
Keywords: High voltage insulators; Polluted 
insulators; Critical flashover voltage; Particle Swarm 
Optimization (PSO), equivalent salt density deposition 
ESDD. 

1. Introduction 

Exposure of insulating material to different 
environmental conditions is inevitable in all 
energy systems. And based on it, the reliability 
of the power system mainly depends on this 
conditions, which cause in some cases the 
flashover on polluted insulators.This undesirable 
phenomenon leads to premature aging and 
depreciation of hardware, system failures, and 
influences power quality. 

A major problem of insulation systems is the 
accumulation of airborne pollutants due to 
natural, industrial or even mixed pollution, 
during the dry weather period and their 
subsequent wetting, mainly by high humidity.[1-
3] 

The presence of electrolytic particles and 
moisture can form a thin film with high 
conductivity on the insulating surface. This layer 
reduces the surface resistance, leading to the 
flow of a leakage current. The result of this 
current is the ohmic heating of the surface and 
the creation of dry bands. Once a dry band is 
formatted, partial discharges can take place 
within it and if the voltage and the leakage 
current reach certain critical values, there can 
start the flashover phenomenon [4] 

There are several techniques used for the 
reduction of this phenomenon and some of these 
techniques include periodic cleaning of polluted 
insulators. However, if the cleaning and 
maintenance program is not well established it 
can be expensive. 

In order to avoid this phenomenon, the study 
of critical flashover voltage of a polluted 
insulator is a very  important parameter, and the 
determination of the latter allows to obtain an 
idea leads to avoid the electrical discharge 
undesirable.[2]  

In other order, the experimental study of 
critical flashover voltage is time consuming and 
encounters several obstacles, such as very high 
cost and the need for special equipment, which 
have led to resorting to the development of 
several numeric approaches for voltage 
estimation flashover polluted insulator. Based on 
this reason, several approaches have been 
developed for the estimation of the flashover 
voltage of polluted insulators. Most are based on 
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mathematical models and analytical 
relationships. In this case, the artificial 
intelligence technique can be used in problems 
requiring approximation functions, 
classifications and schematic knowledge, 
estimates and predictions,  such as: 

1- Schematic classifications and knowledge, 

2- Estimates and predictions for estimating the 
degree of pollution, 

3- The prediction of a bypass, 

4- Analysis of tracks on the surfaces of 
polluted insulators 

5- And also the estimate of the flashover 
voltage of a polluted insulator. 

This work tries to use the experimental values 
and the results of the theoretical approaches to 
build a numerical model ensures the estimation 
of the flashover voltage of a polluted insulator, 
by the determination of the constants of the arc 
"A" and "n “ of the mathematical model that 

gives the best results, using the characteristics of 
the insulator as data.[2]  

2. Mathematical model development  

The process of flashover polluted insulators has 
been studied by several researchers. In this work, 
the simplest model is studied, which is 
developed by  Obenaus [5], which consists of an 
arc which short-circuits the dry zone, placed in 
series with an equivalent resistance to the wet 
zone (Figure1). Applying Ohm's law to the 
circuit in Fig. 1 give: 

 

Fig.1 Equivalent circuit model of Obenaus 

U = xA I−n + (L − x)RpI   (1) 

Or :xA I−n : is the arc voltage 

(L − x)RpI: is the voltage in the pollution layer. 
x :The arc length 
L :The creepage distance of the insulator 
Rp:The resistance per unit length of the pollution 
layer 
I : Leakage current 
A et n : are the arc constants. 

Resistance measuring (Rp) of the wetland is 
very complicated. So we can substitute it for the 
conductivity σp of the pollution layer.[6]  

σp =
1

Rp
Fi      (2) 

Fi : is the form factor of the insulator which is 
given by: 

Fi = ∫
1

πD(l)
dl

L

0
     (3) 

Where D(l) is the diameter of the insulator 
which varies according to the line of get-away 
[2,7]. The critical condition for the discharge to 
propagate along the surface of the insulator to 
cause flashover is: 

dl

dx
> 0       (4) 

And the voltage under this critical condition 
becomes: 

Uc = xcA Ic
−n + (L − xc)k RpIc    (5) 

The coefficient k is added to validate the 
relation (5) at the critical moment of the 
flashover. Wilkins introduced this coefficient to 
modify Rp the resistance of the pollution layer 
by considering the current concentration at the 
point of the arc pitch, a simplified formula for 
calculating k for cap-and-pin insulators[8,9]. 

k = 1 +
L

2πFi(L−xc)
Ln

L

2πFi√
Ic

1,45π

    (6) 

At the critical condition, the length of the arc 
takes the value: 

xc =
1

n+1
L         (7) 

U
L L-X

X                       arc

Rp
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After an analysis of the system of equations at 
the time of flashover the critical current becomes 
[4,10]: 

Ic = (πDrσpA)
1

n+1    (8) 

The critical voltage: 

Uc =
A

n+1
(L + πDrFikn)(πDrσpA)

−n

n+1      (9) 

When Dr is the diameter of the insulator.  

Equation (9) provides the critical value of 
voltage at flashover as a function of insulator 
dimensions (Dr and L),  

Arc constants A, n and pollution σp while Fi 
and k are also depending on the dimensions of 
the insulator.  

The critical voltage can be calculated after 
determining the arc constants. These are the 
unknown parameters of the model. [3,7]  

3. Particle swarm optimization algorithm 

Particle swarm optimization (PSO) is a kind of 
artificial intelligence simulation method, which 
is proposed by Kennedy and Eberhard in 1995. It 
is a stochastic optimization algorithm based on 
swarm intelligence theory [11].  

Particle swarm optimization (PSO) achieves 
the evolution of individuals by moving to the 
optimal individual and the optimal position.[12] 

The PSO starts with a swarm consisting of a 
number of particles, which are randomly 
generated in the search space of the objective 
function. Particles fly through the search space 
by the help of their velocities[13] . 

 Velocities that determine particles flying 
direction are obtained for each particle based on 
its previous best position and the characteristics 
of a particle with the best position in the whole 
swarm.  

The best position of the swarm is the 
corresponding position of a particle that has the 
minimum (or maximum) objective function 
value among all particles in the swarm.  

This strategy for calculating velocities 
increases the probability of migration of the 
particles to regions with the lower objective 
function. Particle positions are changed after 
each flight and the corresponding objective 
function value of the particles are evaluated for 
updated positions.  

Schematic flight of a particle in the PSO is 
shown in Figure 2. [14] 

 

Fig. 2 The schematic illustration of a flight in 
the PSO 

For particle i, in each iteration, the previous 
position of the particle is changed according to 
the following equations: 

Vii
k+1 = ωVi

k + c1r1(Pi
k − Xi

k)+. . .. 

. . . +c2r2(Pg
k − Xi

k)      (10) 

Xi+1
k = Xi

k + Vi
k+1    (11) 

Where: 

k : indicates a pseudo-time increment; 
Vi

kand Xi
k: The current position and the velocity of 

the ith particle;  
Pi

k: The best previous position of the ith particle at 
time k (called pbest);  
Pg

k: The best global position of the swarm at time k 
(called gbest);  
r1,r2: Two uniform random sequences generated 
uniformly between 0 and1; 
c1, c2: Constants in PSO algorithm; 
ω: The inertia weight used to discount previous 
velocity of the particle preserved. 

3.1 Algorithm: 

 The basic PSO has the shortcoming of 
premature convergence, which is related to the 
quality of the initial population. Here, the idea of 
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random direction was employed to produce high-
quality initial population to ensure that the 
algorithm can find the optimal solution and 
avoid stagnating while the normal particles are 
in the search midway. [15]  

The detailed Algorithm is given below: 

Step 1: Determining the initial search space 
according to the problem to be solved. 

Step 2: Generating initial swarm 

 PSO starts with an initial population called 
“swarm”. Each swarm contains several particles. 

and selecting a random position xj in the search 

space as base position, xi = [x1, x2, x3. . . . . . xj]

 Where j is the dimension of the optimization 
problem. 

Step 3: Initializing array 𝑥(𝑘) for storing 
population individuals and 𝑘 is the total number 
of individuals in the population. 

Step 4: Producing a random vector 𝑣𝑗⃗⃗⃗   in the 

given search space. 

Step 5 : Evaluation of fitness function, when 
he is calculated and will be the initial particles of 
the swarm which are set as the initial Pbest 
values of the particles. The best value among all 
Pbest values is identified as gbest. 

Step 6: Producing individual xj+1 = xj + vj⃗⃗⃗   

 in sequence. 

Step 7: Comparing xj+1 with xj to judge 
whether they are beyond the search space, if 
Xj+1 is better than xj, xj+1 is reserved, j = j +

1and return to Step 5. 

Otherwise, return to Step 4 until the particle  
is generated which meets the terminate 
 conditions.[15, 16] 

3.2 Application to the estimation of flashover 
voltage 

The PSO algorithm maintains a set of 
candidate solutions in the search space. The 

algorithm iteratively evaluates the adequacy of 
the solution by the optimized objective function. 

Each particle in the swarm represents a 
candidate solution to the optimization problem. 
In the first step of the algorithm, it randomly 
selects candidate solutions from the search 
space, which is composed of all possible 
solutions. The PSO algorithm has no prior 
knowledge of the objective function, and so the 
search is to determine which solution is close to 
the local or global minimum. The PSO algorithm 
simply uses the objective function to evaluate its 
candidate solutions and operates on the resulting 
fitness values [17]. 

Various factors are known to influence the 
performance of the PSO, including the size of 
the swarm, the size of the neighborhood, the 
values of the acceleration coefficients, the 
velocity update method, and the swarm topology 
used.[18] 

Most work on polluted insulators uses 
characteristic constants of the arc "A" and "n" 
for various atmospheres assuming that the 
discharge propagates through a humid 
atmosphere or in water vapor. When the 
pollution flashover mechanism can be analyzed 
into for phases:  

I- Accumulation of contaminants 

II- Wetting of the surface 

III- Formation of dry bands 

IV- Arcing of dry bands which may lead to 
flashover 

These phases are non-uniform in nature. It 
would be difficult to incorporate all of these 
complicated phases in the development of the 
model. Therefore, certain assumptions are made, 
such as that the insulator will have a uniform 
distribution of pollution and wetting on its 
surface, and a single arc will be dominant on the 
surface leading to flashover. 

In generally, the previous researcher’s 
experimental and numerical model results 
estimate the value of constants A and n between 
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(31-530) and (0.24-1.13) respectively, that leads 
to programming the numerical model under 
these values.[19] 

Swarm size is set to 300, inertia weight is set 
to 1, and acceleration coefficients (c1, c2) are set 
both to 2.05.  

All algorithms are run 20 runs 100 iterations 
each. These settings are suggested from initial 
examinations. 

4. Validation 

The results of the work of many researchers 
has given a large database which allows the use 
of artificial intelligence to develop a numerical 
method which is the PSO in order to propose 
values for "A" and "n" by solving the equation of 
the  Obenaus model from 14 insulators with 14 
value of ESDD for each.[2] 

Where the optimization operation is the 
minimization of the function: 

𝐹𝑔 = ∑ |𝑓𝑖(𝐴, 𝑛)|196
𝑖=1     (12) 

The proposed model results are compared with 
four available experimental results and also 
valued with analytical model results of insulators 
from ten types. 

The experimental values are given by the 
following table (Table.1) [2,9]: 

Table 1. 
The experimental values for different 

types of insulators 
Type L 

(cm) 
D 

(cm) 
F C 

(mg/cm2) 
Uc 

(KV) 

T
yp

e 
1 

27.9 25.4 0.68 0.13 12 
27.9 25.4 0.68 0.16 11.1 
27.9 25.4 0.68 0.23 8.7 
27.9 25.4 0.68 0.34 7.5 
27.9 25.4 0.68 0.49 6.2 
27.9 25.4 0.68 0.55 6.1 

T
yp

e 
2 

30.5 25.4 0.70 0.02 22 
30.5 25.4 0.70 0.05 16 
30.5 25.4 0.70 0.1 13 
30.5 25.4 0.70 0.16 11 

30.5 25.4 0.70 0.22 10 

T
yp

e 
3 

43.2 25.4 0.92 0.05 19 
43.2 25.4 0.92 0.1 15 
43.2 25.4 0.92 0.16 13 
43.2 25.4 0.92 0.22 12 
43.2 25.4 0.92 0.3 10.5 

T
yp

e 
4 

43.2 22.9 1.38 0.02 23.5 
43.2 22.9 1.38 0.03 20.9 
43.2 22.9 1.38 0.04 19.4 
43.2 22.9 1.38 0.05 18.3 
43.2 22.9 1.38 0.06 16.9 
43.2 22.9 1.38 0.1 15.8 
43.2 22.9 1.38 0.2 13.6 

L : Length of the creepage,  D: Average diameter of the 
insulator, C:The ESDD (equivalent salt density 
deposition),  F: Form Factor, Uc: The critical flashover 
voltage. 

 

The application of the PSO algorithm is done 
using the values collected on the insulators of 
table (2) at the level of the Obenaus formula 
which can be represented in the form of curves, 
and of course if we apply the values of the arc 
constants "A" and "n" in the equation of the 
mathematical model, we can also draw graphs 
from the data in this table [20-26] (Table 2). 

Table 2.Types of insulators 

Type D (cm) L (cm) F 

1 26.8  33 0.79 
2 26.8  40.6  0.86 
3 25.4 43.2  0.9 
4 25.4 31.8  0.72 
5 29.2  47 0.92 
6 27.9 36.8 0.76 
7 32.1 54.6 0.96 
8 28 37 0.8 
9 25.4 30.5 0.74 
10 20 40 1.29 
11 25.4 27.9 0.68 
12 25.4 30.5 0.70 
13 25.4 43.2  0.92 
14 22.9  0.92  1.38 



INTERNATIONAL JOURNAL OF ADVANCED STUDIES IN 
COMPUTER SCIENCE & ENGINEERING        IJASCSE 
VOLUME 11 ISSUE 7 2022 

07/31/2022 

  
 

WWW.NEW.IJASCSE.ORG 
6

 

 

The application of PSO method gives the 
results for "A" and "n" (Table 3): 

Table 3.Values of "A" and "n" after the 
application of PSO method 

Iteration The constant « A » The constant « n » 

1 145.0000 0.3500 
2 140.3136 0.3235 
3 134.3530 0.2993 
4 133.9739 0.3040 
5 137.4207 0.3219 

10 136.9607 0.3096 
15 136.6714 0.3058 
20 136.7483 0.3100 
25 136.4450 0.3114 
30 136.5072 0.3111 
35 136.4797 0.3109 
40 136.4373 0.3111 
45 136.5165 0.3110 
50 136.4992 0.3114 

From this table, we see that the best solution is 
obtained after the 10th iteration, which slowly 
approaches to A= 136.4992 and n = 0.33114 
until the 50th iteration. To get an idea of the 
convergence of the PSO algorithm the table.3 is 
shown as curves in 
Figure 3 and Figure 4. 

 
Fig. 3 Convergence of arc constants « A » 

 
Fig. 4 Convergence of arc constants « n » 

Figure 5 shows the distributions of swarms in 
some iterations of PSO method. 

 
Iteration n°5 

 
Iteration n°25 

 
Iteration n°45 

Figure 5: Distributions of swarms in some iteration. 

Figure 6 shows that the curves and the 
empirical values estimated by this PSO method 
are almost identical for three types. 

 
Fig. 6 The critical voltage according to the 

ESDD 
 

0 5 10 15 20 25 30 35 40 45 50
130

132

134

136

138

140

142

144

146

148

Iteration

T
h
e
 c

o
n
s
ta

n
te

 "
A

"

0 5 10 15 20 25 30 35 40 45 50
0.27

0.28

0.29

0.3

0.31

0.32

0.33

0.34

0.35

Iteration

T
h
e
 c

o
n
s
ta

n
te

 "
n
"

0.2 0.22 0.24 0.26 0.28 0.3 0.32 0.34 0.36 0.38 0.4
100

110

120

130

140

150
4

Varibale (n)

V
a

ri
b
a

le
 (

A
) 

0.2 0.22 0.24 0.26 0.28 0.3 0.32 0.34 0.36 0.38 0.4
100

110

120

130

140

150
3

Variable (n)

V
a

ri
a
b

le
 (

A
)

0.2 0.22 0.24 0.26 0.28 0.3 0.32 0.34 0.36 0.38 0.4
100

110

120

130

140

150
3

Variable (n)

V
a
ri
a
b
le

 (
A

)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
0.5

1

1.5

2

2.5
x 10

4

The ESDD "C" mg/cm²

 F
la

s
h
o
v
e
r 

v
o
lt
a
g
e
s
  

U
c
 i
n
 (

k
V

)

type1 to 4

 

 

Type 1 experimental value

Type 1 proposed model

Type 2 experimental value

Type 2 proposed model

Type 3 experimental value

Type 3 proposed model 

Type 4 experimental value

Type 4 proposed model



INTERNATIONAL JOURNAL OF ADVANCED STUDIES IN 
COMPUTER SCIENCE & ENGINEERING        IJASCSE 
VOLUME 11 ISSUE 7 2022 

07/31/2022 

  
 

WWW.NEW.IJASCSE.ORG 
7

 

 

5. Conclusion 

According to the objective function, a 
guaranteed convergence can be obtained in all 
operating states, but not necessary to a global 
optimization, which can be useful for certain 
applications when one is looking for sub-optimal 
solutions. 

The results and statistical analysis carried out 
at the end of the work showed that this method, 
although slow, has been successfully applied and 
that its use in this field can effectively replace 
experimental work, which is expensive, time-
consuming and special equipment. 

Estimation by numerical methods makes it 
possible to avoid undesirable phenomena with 
the predictive information of the flicker voltage, 
thereby improving the operation of the 
insulators. 

The values obtained by the approved method 
gave numerical results in previously reached 
fields [19] and therefore they can be accepted in 
general. The work on developing research 
methods remains a guarantee to reach optimal 
values. 

6. Perspective 

From the perspective, the PSO approach 
accepts development in its performance, and this 
has been proven by many works, and it remains 
to direct efforts to change the work method in 
the practical steps of the theory that may give 
better results, which can be verified easily. 
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