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Abstract: In this paper, the response surface methodology (RSM) is used to predict the flashover
voltage of a cap and pin 1512L insulator used by SONELGAZ Algerian Power Company (SPE).
The pollution and conductivity are studied using a two-level central composite design. MINITAB
19 software is used to perform the regression analysis and analysis of variance (ANOVA) of the
data, from which the full quadratic model is developed. The results show that both the pollution
and conductivity have a significant effect on the response. The model validation shows the good
agreement between the experiment’s obtained results and the predicted results. Therefore, the model
could be used to predict the flashover voltage.

Keywords: flashover; response surface methodology (RSM); level of pollution (L); conductivities;
ANOVA analysis

1. Introduction

High-voltage outdoor insulators are essential parts of transmission lines. One of their
prime constraints is pollution [1–6]. Under dry conditions, the pollution allows for a small
leakage current to pass, although in the presence of light rain, fog or dew the surface
becomes highly conductive, which may lead to a flashover [1–15]. The reason for this
is that after the pollution becomes wet, its presence leads to an increase in the leakage
current along with the dry band widening. Therefore, it is safe to say that the flashover
phenomenon due to pollution of the insulator follows a defined mechanism. First is the
accumulation of the pollution on the surface of the insulator. Secondly, this polluted surface
becomes more moisturized. Thirdly, an increase in the value of the leakage current will
occur. Lastly, the flashover manifests along the surface of the insulator through the polluted
areas [16].

With time and with the insulator under these conditions, the insulator’s surface char-
acteristics may undergo some changes that might lead to premature aging [17].One of the
first models to be proposed for contamination flashover was the Obenaus model, consisting
of a discharging space in series with a resistance. The discharge and the pollution resis-
tance represent the arc bridging the dry band and the unbridged portion of the insulator,
respectively [18]. Many researchers have based their research and studies on this model,
such as the Claverie model, which is described as a relationship between the minimum
arc re-ignition voltage Ucx and the arc current I [19]. Neumarker’s model is a modified
version of the Obenaus model using the uniform resistance per unit length instead of a
fixed resistance [20]. Despite the many experiments and studies that have been performed,
the flashover phenomenon is still a complex topic that must be understood in order to
understand the process leading to the flashover under polluted conditions [21].Throughout
the years of research, researchers have used different methods to predict the flashover
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phenomena. Using statistical methods, numerous predictions about the flashover phe-
nomena have been made. While investigating the predictions made by different author,
Venkataraman and Gorur [18] reported that for traditional porcelain and glass insulators,
the predictions had a different range of values, which indicated the poor understanding
of the flashover process. The least squares support vector machines approach has shown
the ability to create a model by obtaining the relationship between the critical flashover
voltage (FOV) and input variables, such as the insulator height, insulator diameter, leakage
length of the insulator for an element, surface conductivity, number of elements on a chain,
and number of shed and predict values of the critical flashover voltage that are not used
in the training stage accurately [22]. For variables such as the pollution conductivity and
pollution quantities and using an artificial neural network, Bourek et al. [23] found that
there was a similarity between the results obtained and the practical results. The response
surface methodology (RSM) and analysis of variance (ANOVA) are methods used hand-in-
hand to build, analyze, and prove the accuracy of a model. Zhao et al. [24] developed a
new least squares support vector machine (LS–SVM) model that was proposed to predict
the flashover voltage (FOV).The model is acceptable for predicting the FOV values of
composite insulators. Cui et al. [25] evaluated the flashover performance using statistical
methods applied to composite and ceramic insulators. The results improved the flashover
performance to acceptable levels. The RSM is a mix of statistical and mathematical tech-
niques that is used for planning experiments, analysis, and model building [26–28]. This
method allows the study and observation of two or more variables simultaneously [28,29]
while determining the relationship between these variables and the response [30]. ANOVA
is used to check the precision of the built model.

Too few papers have been reported regarding the prediction of the flashover voltage
values of insulators using the response surface design. The purpose of the present paper is
to develop a mathematical model that can predict the flashover voltage of a cap and pin
1512L insulator. With the aid of MINITAB 19 software, the central composite design is used
to develop a model that can predict the flashover voltage using two factors, the pollution
and conductivity.

The rest of the paper is organized as follows. Section 2 provides a brief description of
the real model of the insulator, the mathematical model, and the model we are working for
the central composite design of response surfaces. In Section 3, the numerical results (fits,
diagnostics, surface, contour plot, and confirmation with the real model of an insulator)
using the Minitab software are presented and discussed. Finally, the conclusions of the
present work are drawn.

2. Design Setup

The experimental domain was the field that the results of the study were based on,
so care was taken to obtain the desired results. The results are most valid for the range of
values of the factors selected here. The factors of our study were taken from an experiment
performed by Benguesmia et al. [1]; the pollution levels that were chosen by [1] were
used so as to create several voltage levels for each conductivity value in order to better
understand the phenomenon of circumvention and to observe clean, less-polluted, and
fully polluted scenarios (for each conductivity value, we created eight levels of pollution).
While most of the models previously created by researchers deal with the leakage current
as a factor, we took a different approach, since the leakage current appears after the increase
in the dry band’s surface along with the increases in conductivity, meaning the leakage
current starts to appear and increase as the previously mentioned conditions are met. As
the leakage current increases, this eventually leads to the appearance of the flashover
voltage, so we simply bypassed the measurement of the leakage current, making the model
less complicated.

The values of the factors and range of the experimental design are shown in Table 1.
The level of pollution is represented in Figure 1 below.
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Table 1. Values of the factors studied.

Factors Level of Pollution (L) Conductivities (mS/cm)

Level −1 2 1.823
Level 0 5 16.1615
Level 1 8 30.50
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Figure 1. Distribution levels of the pollution (Li) on the 1512L high-voltage insulator: (a) presentation
of different levels of pollution in the real model; (b) determination of different levels of pollution
presented in 2D.

The mathematical model that represents our study is given as Equation (1). The model
we are working with is the central composite design of the response surfaces. Central
composite designs are designs with center points, augmented with a group of axial points
that lets the curvature be estimated. They can be used to estimate the first- and second-order
terms. The relationship between the response and the variables can be represented with a
second-degree quadratic equation.

Here, X is the matrix experiment and y is the flashover voltage (the response). The
number of unknown parameters (βi) and the polynomial determined from the model are
given by the following equation:

y = β0 +
k

∑
i=1

βi Xi +
k−1

∑
i=1

k

∑
j=i+1

βij Xi Xj +
k

∑
i=1

βii X2
i (1)

y = β0 + β1 x1 + β2 x2 + β12 x12 + β11 x2
1 + β22 x2

1 (2)

This design consists of the nine runs represented in Table 2, four factorial points, four
axial points, and one center point with an alpha value of 1.

Table 2. Central composite design plan for this study.

Number of
Experiments

Level of Pollution
(L)

Conductivities σ

(mS/cm)
Flashover Voltage

Uc (kV)

1 −1 −1 76.6080

2 1 −1 42.6720

3 −1 1 76.6080

4 1 1 28.7000
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Table 2. Cont.

Number of
Experiments

Level of Pollution
(L)

Conductivities σ

(mS/cm)
Flashover Voltage

Uc (kV)

5 −1 0 76.6080

6 1 0 34.6333

7 0 −1 50.7360

8 0 1 35.6000

9 0 0 40.9855

3. Results and Discussion

The flashover voltage was predicted using a central composite design. Using MINITAB
19 software, the inputs given in Table 2 were subjected to various regression analyses, and
the results are presented in Table 3 in coded and uncoded forms, along with the t-values
and p-values. The threshold value of the t-value was 3.18, which was obtained through
the Student’s T-table by crossing the degrees of freedom of the error and the confidence
interval. The purpose of using the t- and p-values was to determine the significance of the
coefficients found. For the significance level, we chose α = 0.05 to determine the significant
and non-significant terms.

Table 3. Coded and uncoded coefficients along with the coded t-values of the model.

Terms Coefficients (Coded) Coefficients (Uncoded) t-Value p-Value

Constant 45.884 73.206 135.76 0.000

L −6.973 −5.551 −37.67 0.000

σ −5.711 −0.5462 −30.85 0.000

L·σ 1.422 −0.03306 7.56 0.008

L·L 2.423 0.2693 −0.35 0.005

σ·σ −0.111 0.00054 6.27 0.753

The mathematical equation is written in the following uncoded form:

Uc = 73.206 − 5.551 L − 0.5462 σ − 0.03306 L σ + 0.2693 L2 + 0.00054 σ2 (3)

Here, the higher the t-value, the bigger the effect of the term on the model, and the
negative sign indicates that the term has a negative effect on the response. A lower p-value
(α ≤ 0.05) indicates the significance of the term on the model, i.e., the response.

The alpha (α) value is the distance of each axial point (also called a star) from the
center in a centered composite plane.

The Pareto chart shows the absolute values of the standardized effects from the
largest to the smallest effects. While the normal probability plot of the effects shows the
relativity, the standardized effects are compared to a distribution fit line when all of the
effects equal0.The normal plot of the standardized effects is a linear representation of the
probability versus the standardized effects; in other word, it is the probability that any
term’s standardized effect will be lower than the given value.

The Pareto chart (Figure 2) shows the magnitude of the terms to help compare their
effects on the model in order to see which effect is greater than the others. All of the terms
L, σ, L·L, L·σ have a higher value than 3.18, so their effects impact our model, while σ·σ is
negligible. Here, L is the term with the most effect and L·σ is the least effective term. The
normal plot (Figure 3) shows the effect a term has on the model in a way that the terms
that are on the left of the value x = 0 have a negative effect, which means that the more an
effect increases the more the response decreases. The effects on the right have a positive
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effect, which means the more an effect increases the more the response increases. Therefore,
the uncoded equation above becomes:

Uc = 73.206 − 5.551 L − 0.5462 σ − 0.03306 L σ + 0.2693 L2 (4)
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The fit values (estimated values of the model) are taken for comparison with the
experimental ones, and this will show the adequacy of our model. On the (X) axis we have
the response, which is the breakdown voltage we obtained from experiments, while on the
(Y) axis we have predictor, which is the breakdown voltage we obtained from the equation.
The points are aligned along the line y = x, which means that the model is nearly perfect
(see Figure 4).



Energies 2022, 15, 7161 6 of 11

Energies 2022, 15, x FOR PEER REVIEW  6  of  11 
 

 

xY 10     (5)

while: 









21 )(

)()(

xx

yyxx
b

i

ii
  (6)

xbyb 10    (7)

where  yi  is  the  ithobserved  response value,  xi  is  the  ithpredictor value,  y  is  the mean 

response, and x is the mean predictor, meaning we get: 

)(exp)(mod 9988.00587.0 erimentalcelc UU    (8)

 

Figure 4. Graph model accuracy. 

These results show that our model is highly accurate but further analysis of variance 

results are given to solidify these results. 

Table  4  shows  the  results of  the ANOVA, where  the p‐value  is  lower  than 0.005, 

which indicates the significance of the terms. The contribution of the error to the model is 

very low at0.12%.TheF‐value is similar to the t‐value, and both can help find the p‐value, 

so having a higher value means a higher  level of  significance.  In our  case,  the  critical 

F‐value is 4.494 and is found through the F distribution table. 

Table 4. The analysis of variance table. 

Source 
Degrees of 

Freedom 

Sums of 

SQUARES 

Contribution 

% 
F‐Value  p‐Value 

Linear  2  487.48  95.97  1185.49  0.0000 

Square  2  11.77  2.32  28.62  0.0111 

Two‐way 

interaction 
1  8.09  1.59  39.34  0.0082 

Error  3  0.62  0.12  //  // 

Total  8  507.950  100  //  // 

S is measured in units of Uc and represents the difference between the experimental 

values and the estimated ones. The lower this value is the better. R2 is used to determine 

Figure 4. Graph model accuracy.

The regression equation was developed between the experimental response and the
estimated response using MINITAB. The equation is calculated in the following form:

Y = β0 + β1 x (5)

while:

b1 =
∑ (xi − x) (yi − y)

∑ (xi − x)2 (6)

b0 = y − b1 x (7)

where yi is the ithobserved response value, xi is the ithpredictor value, y is the mean
response, and x is the mean predictor, meaning we get:

Uc(model) = 0.0587 + 0.9988 Uc(experimental) (8)

These results show that our model is highly accurate but further analysis of variance
results are given to solidify these results.

Table 4 shows the results of the ANOVA, where the p-value is lower than 0.005, which
indicates the significance of the terms. The contribution of the error to the model is very
low at0.12%. The F-value is similar to the t-value, and both can help find the p-value, so
having a higher value means a higher level of significance. In our case, the critical F-value
is 4.494 and is found through the F distribution table.

Table 4. The analysis of variance table.

Source Degrees of
Freedom

Sums of
SQUARES Contribution % F-Value p-Value

Linear 2 487.48 95.97 1185.49 0.0000

Square 2 11.77 2.32 28.62 0.0111

Two-way
interaction 1 8.09 1.59 39.34 0.0082

Error 3 0.62 0.12 // //

Total 8 507.950 100 // //
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S is measured in units of Uc and represents the difference between the experimental
values and the estimated ones. The lower this value is the better. R2 is used to determine
how well the model fits the data. The adjusted R2 tells the factors that are needed in this
experiment to obtain these results, so a high value means that they are all needed. The
predicted R2 tells how well the model predicts the response for new values.

Therefore, the closer these values are to 100% percent the better. Therefore, with the
values presented in Table 5, we can say for sure that the model is nearly perfect in this study.

Table 5. The summery of the model.

S R2 Adjusted R2 Predicted R2

0.453433 99.88% 99.68% 98.53%

3.1. Fits and Diagnostics

The standard error of the fit, or for short the CI, is used with the t = 3.18 value to
calculate the 95% confidence interval:

CI = FIT ± (t = 3.18) SE (9)

The results are shown in the Table 6.

Table 6. Fits and diagnostics for observations.

No
Uc (exp)

(kV)
Uc (Model)

(Fit)
Standard Error

of Fit (SE)
95% Confidence Interval

Residuals
Lower Higher

1 62.2 62.303 0.407 61.008 63.598 −0.103

2 45.8 45.513 0.407 44.217 46.808 0.287

3 47.12 48.036 0.407 46.741 49.332 −0.324

4 37 36.934 0.407 35.639 38.229 0.066

5 55.708 55.28 0.338 54.205 56.356 0.427

6 40.98 41.334 0.338 40.258 42.409 −0.354

7 51.3 51.484 0.338 50.409 52.56 −0.184

8 40.32 40.062 0.338 38.986 41.137 0.258

9 45.81 45.884 0.338 44.808 46.959 −0.074

To verify the CI results, the normal probability plot is drawn. It displays the residuals
versus their expected values when the distribution is normal.

The residuals shown in Figure 5 approximate follow a straight line, which indicates
that the assumption that the residuals are normally distributed is verified. With this, we
can say that the confidence intervals are more or less accurate. To better see the results, all
Uc(exp), fit, and confidence interval values are plotted in Figure 6.

In all nine experiments that were performed, the estimated breakdown voltage was
almost equal to the experimental values and the voltages stated by the model, as the
confidence interval enclosed the both of them. This shows that the model is accurate with
the significance level stated prior.
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3.2. The Surface and Contour Plots

The mathematical equation is presented graphically in the surface and contour plots.
Both Figures 7 and 8 help us visualize the responses and interactions with the factors

better. We can see that both the level of pollution and the value of conductivity have a
high effect on the breakdown voltage, such that the increase inone or both will cause a
considerable drop in the flashover voltage.
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3.3. Further Confirmation of the Model

The table below (Table 7) shows the results of further experiments with different
pollution and conductivity values compared to the results calculated using the model with
the different factor values, where by the absolute calculated error range is between 0% and
2.58%, which is very good. From this, we can conclude that the model could predict the
flashover voltage with high accuracy.
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Table 7. Experimental verification data.

Runs Level of Pollution
(L)

Conductivity σ

(mS/cm)
Flashover Voltage

(Numerical Model) kV
Flashover Voltage

ref. [1] kV Error (%)

2 8 8.02 43.773 42.672 2.58

3 3 1.823 58.162 58 0.28

4 6 30.5 38.986 39.312 −0.83

4. Conclusions

The breakdown voltage of the 1512L insulator was investigated using the design of
experiments method. The response surface central composite method was selected to build
a model linking the factors, the level of pollution, and its value of conductivity. A total of
9 runs were studied and a high correlation coefficient was found (R2 = 99.88%), along with
the predicted R2 (predicted R2 = 98.53%) and a very small standard deviation coefficient
(S = 0.453433), indicating that the model fit the data well. The model was made to predict
the insulator’s flashover voltage, and the verification data showed that the model was
almost perfectly accurate. An adjusted R2 equivalent to 99.68% was found, indicating that
the model did not contain any unneeded factors.

The simulation and experimental results showed that the increase in one or both factors
leads to a decrease in the breakdown voltage. This method showed an incredible level of
usefulness by lowering the cost of the study while producing a very good result, showing
the accuracy of and different interactions between the factors. One of the purposes of this
model is to help engineers in knowing how much the FOV of an insulator is; therefore, by
obtaining the data fora certain region (pollution level and the conductivity), engineers can
plan the periodic washing or cleaning of pollution from an insulator. In addition, what
makes this model stands out is that it is highly precise in predicting the flashover voltage,
since it is tailored for and based on a real insulator experiment, along with its simplicity
compared to other models.
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