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Abstract

This work develops Pelican Mayfly Algorithm (PMA) to minimize CNN high computational
requirement to the minimum by the selection of its optimum parameters. PMA was designed by
applying pelican exploration model to improve the attraction process of MA as deterministic
process and to establish a balance between exploration and exploitation in MA. PMA was applied
to optimize CNN hyper-parameters to develop hybridized CNN-PMA, and CNN-PMA was applied
to South Western Nigeria electrical network for detection and classification of electrical faults.
MAPE, MNE, RMSE, SNR and PSNR and confusion matrix were used as performance metrics.
PMA achieved the optimum CNN architecture as follows: 1-convolutional-layer, filter size of 6 x
6, number of filters per layer is 128 and 256-batch-size with recognition-rate of 99.53%. PMA
selected optimal parameters of CNN timely and accurately. CNN-PMA performed better in
detection and classification of faults in SWN electrical network compared to CNN, CNN-MA and
some other selected models.

Key words: Convolutional Neural Network (CNN), Pelican Mayfly Algorithm, Hyper-parameters.

1 INTRODUCTION

Convolutional Neural Network is a competent Artificial Intelligence (Al) algorithm in computer
system for specific application such as: expert system, natural language processing, image
recognition, machine vision as well as speech recognition (Tang et al., 2019). CNN is a special
type ANN that has convolutional layers in replacement of linear map by ANN. Convolutional
layers make use convolutional filters (Mozo et al., 2018). CNN belong to a class of feed-forward
neural network which has convolutional operation and deep structure. CNN multi-layer neural
network consists of many convolutional layers as well as pooling layers alternately together with
one or more full connection layers connected for classification of image features generated by the
previous layers (Chen et al., 2018). CNN has important advantages in processing of large amount
of data with less computational cost. Hence, it is used in solving various engineering problems
(Jing et al., 2017: Bracale et al., 2017). CNN has five main parts, they are: input layer,
convolutional layer, pooling layer, full connection layer and output layer (Lu et al., 2019: Samet
etal., 2021: Chen et al., 2018: Bukhari et al., 2020: Afrasiabi et al., 2019: Pan et al., 2019: Hatata
et al., 2022).
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Although, CNN has better opportunity of processing large data with small computational cost
(Chenetal., 2018: Jing et al., 2017). However, CNN possess high computational requirement and
has difficulty with small data (Zhao et al. (2020). In view of these, application of strong
optimization technique reduces computational requirement of CNN by selection of its optimum
hyper-parameters.

Optimization is a technique in Al, applied to obtain the best solution among different possible
solutions under some constraint functions (Yang and Karamanoglu, 2016). Ogundoyin and Kamil
(2021) categorized optimization techniques as: deterministic and stochastic. Several optimization
techniques had been developed by different researchers and applied in different fields, for
example: Kennedy and Eberthart, 1995 developed PSO, Geem and Kim, 2001 developed Harmony
search, Yang, 2008 developed Firefly Algorithm and Storn and Price, 1997 developed Differential
Evolution.

Recently, Mayfly Algorithm (MA) optimization was developed by Zervoudakis and Tsafarakis
(2020). Its principle of operation is rooted in the mayflies social and mating process, however there
is unbalance in both exploration and exploitation of MA. Similarly, Pelican Optimization
Algorithm (POA) was developed by Trojovsky and Dehghani (2022). POA modeled the strategy
and behavior of pelicans during hunting (Marchant, 1990). Their behaviors and strategies when
hunting made them skilled hunters, and the design of POA replicated the modeling of pelicans’
strategy (Perrins and Middleton, 1985: Anderson, 1991).

Despite the good performances of existing optimization techniques, development of new methods
to achieve better results in term of accuracy, precision and Signal to noise ratio is on increase.
Beside these, optimization problems in different fields require different approach because of their
wide evolvement and enlargement. New optimization algorithms need to be developed from time
to time to cope with the advancement in the field of computational intelligence optimization. In
addition, according to ‘No Free Lunch’ (NFL) theorem: no single optimization algorithm could
solve optimization problem in different fields (Wolpert and Macready, 1997). Hence, there is need
for modification, enhancement or hybridization of existing methods or development of new
methods for a better performance. In view of these, a new optimization method: PMA that can
select optimum parameters of CNN is developed by combining MA and POA optimization
techniques.

The main contribution of this paper is to carry out hybridization of Mayfly and Pelican
optimization algorithms in order to develop a novel optimization technique that can select optimal
hyper parameters of CNN. The main contributions of this work are thus summarized as follows:
i) development of PMA, ii) development of CNN-PMA, iii) simulation of CNN-PMA, iv)
detection of electrical faults and fault classification in 330kV electrical network and synchronous
generator (SG) using CNN-PMA model and v) the performance evaluation of CNN-PMA
compared with CNN-MA and CNN.

The remainders of this work are arranged as follows: Section Two presents the problem
formulations while section Three shows the proposed hybridized model. Section Four discusses
and presents results obtained while section Five concludes the work.

2 PROBLEM FORMULATION

Mathematical modeling for the proposed algorithms is presented in this section.

2.1 Mayflies Algorithms
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Mayflies survive to adults after hatching, the position of each mayfly indicated a potential solution
to a problem in the search space. Optimization algorithm development is as follows: two sets of
mayflies are produced randomly indicating male and female populations in d —dimensional
vectors: x = (X1, X2, X3, X4 v ven on Xg) and y = (¥4, V2, V3 Vay cee ver o v4) respectively. Their
performances are tested on the predefined objective function f(x). Their velocity v =
(v1, V2,03, V4 ... ....v4) IS the change of position of mayfly. The direction of each mayfly is
determined by individual flying experiences known as personal best position (pbest) as well as
the best position gained by any other mayflies of the swarm known as global best (gbest).
Assuming x; denotes the initial position of mayfly ‘i’ at time step t, if there is change in the
position by a velocity vf** to the new position as stated in Equation 1 (Zervoudakis and Tsafarakis,
2020).

xt = xf+ vitt 4 pftE 4 pft3y bt 1
Male mayflies always perform nuptial dance a few meters above water as well as moving
constantly with low speeds. Then, male mayfly velocity is calculated using Equation 2
(Zervoudakis and Tsafarakis, 2020).

vt o= v + aye P75 (pbest — xt;) + a,e P79 (gbest — x;) 2

where vfj is the velocity of mayfly i in dimensionj = 1,2,3 ......natstep t
xfj is the position of mayfly in dimension j at step t
B is a fixed visibility coefficient used to limit mayfly visibility to others
7, Is the Cartesian distance between x; and pbest
1, is the Cartesian distance between x; and gbest
a, and a, are positive attraction constant used to scale the contribution of the cognitive
and social component respectively.
Best female in the swarm is attracted to the best male why second-best female to second
best male and so on. Then, their velocities are calculated as:

_ 2 .
et o v+ @ (= y) if fO) > () 3
! vfj+ flxr if fO) < f(x)
v/ is the velocity of female mayflyi in dimension j = 1, ......n at time step t

y{j is the position of female mayfly i in dimensionj =1, ... ... n at time step t

a, is the positive attraction constant, Sis the fixed visibility coefficient,

Tmy IS the Cartesian distance between male and female mayflies,

flis arandom walk coefficient used when a female is not attracted by a male and

r is a random value in range (—1,1)

The gravity coefficient g helps in achieving a sufficient balance between exploration and
exploitation. Hence, male mayfly velocity i in Equation 2 is modified as:

vt = g xvii+ ae~P" (pbest — xf;) + aze P79 (gbest — xf;) 4
And female mayfly i velocity in Equation 3 is modified as:
— 2 .
vt 2 |9 % v+ aae P (o = y) if fOr) > f () .
N g * v+ flxr if fQ) < f(x)

Gravity coefficient g is a constant in the range of (0, 1),
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- Imax— Imin .
= — ——— Xx lter 6
g gmax itermax

Where gmax: 9min are maximum and minimum values of the gravity, iter is the latest iteration
of the algorithm, and iter;,,, is the maximum number of iterations.
2.2 The Pelican Optimization Algorithm
Details mathematical formulations of POA are presented in Trojovsky and Dehghani, 2022. Each
population member indicates candidate solution, and the optimization problem variables were
according to their position within the space. At starting stage, Equation 7 indicated population
members at the lower and upper bound of the problem (Trojovsky and Dehghani, 2022).

xi'j = l]+ rand (u]—l]), i = 1,2,...N,j= 1,2,...771 7
Where x; ; is the value of the j, variable specified by the i, candidate solution,

N is the number of population member, m is the number of problem variable,

rand is a random number in interval (0, 1), [; is the j., lower bound, and w; is the j,

upper bound of problem variables.

Hunting strategy is modeled in two stages;

Q) Moving toward prey (exploration phase) (phase 1)

(i) Winging on the water surface (exploitation phase) (phase 2)

In exploration phase, the pelicans locate the prey and move towards it. This concept is
mathematically simulated in Equation 8

py _ [%ij + rand -(pj A xl-,j), E, <F;;
b x;;+ rand - (x;; — p;), else

Where xf} is the new status of the i,;, pelican in the j., dimension based on phase 1,

p; is the location of prey in the j., dimension, and F, is its objective function value.

I is a number that can be randomly equal to 1 or 2, and randomly selected for each iteration

and for each member.

In exploitation phase, after the pelicans reach the surface of the water, they spread their
wings and move the fish to a shallow area for collection. The behavior of pelicans during hunting
is simulated mathematically in Equation 9.

t
Where x7? is the current status of the i, pelican in the j,, dimension based on phase 2,

R is a constant equal to 0.2, R - (1 — %) is the neighborhood radius of x; ;,

t is the iteration counter, and T is the maximum number of iterations.

Hence, POA converges to solutions closer to the global optimal based and effectively updating to
accept or reject the new pelican position.

3 Hybridization of MA and POA (PMA)

Pelican Mayfly Algorithm (PMA) is modeled by applying pelican exploration strategy to
design the attraction process of standard Mayfly algorithm. The application of pelican’s
exploration and exploitation behaviors to MA established balance between exploration and
exploitation in MA. PMA is applied for optimization of CNN hyper parameters such as: number
of layers, number of filters in each layer, filter size and batch size. The Pelican Mayfly Algorithm
(PMA) is formulated using Equation 10 to model the attraction process of male and female

X
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mayflies as a deterministic process instead of the random process for selection of hyper parameters
in the existing mayfly. The updated velocities and solution of male and female using Pelican
Exploration Phase is expressed in Equation 10.

If Fp < f(x).

Vstg = Xstg + rand * (Xpmegn — I * Xstq) Where rande(0,1)

else, 10
Vstqg = Xsrg + rand * (Xseq — Xmean) Whererande(0,1)

end

where xg;q4 and x,,.qn are the search space limits for the fitness fanction, I is a random
number between 1 and 2. Fp is its new objective function value, f(x) is the initial objective
function value of the males and females mayflies. Given the existing Mayfly Algorithm velocity
updates as in Equation 11

virt = g« vl + aeF¥ [pbest;; — x| + a,e P [gbest; — x}] 11
where B is a fixed visibility coefficient which is used to limit a mayfly’s visibility to others,
1, is the Cartesian distance between x; and pbest;; and,
1, is the Cartesian distance between x; and gbest;.
Challenges of imbalance between exploration and exploitation experienced by exiting mayfly
algorithm were resolved in this study by modifying the velocity of the female with application of
Pelican Exploitation Phase. Mathematically, Equation 12 expressed the Pelican male and female
position to converge to a better solution.

xijP = xl-jt + R. (1 - —) (2 rand — 1)xUt 12
where x;;” is the latest status position of the ith pelican in the jth dimension based on pelican
exploitation phase, R is a constant, which is equal to 0.2,

R. (1 — %) is the neighbourhood radius of x;;*

t is the iteration counter, and
T is the maximum number of iterations.

The coefficient R. (1 — %) indicated the radius of the neighbourhood of the population

members of male and female mayfly and improve exploitation power of PMA. PMA convergence

to solutions closer to the global optimal based on the usage concept as expressed in Equation 13.
vt = gxvi+ ae B [pbest;; — ]+ a,ePri [gbest; — x}; 13
The algorlthmlc steps for the PMA technlque used to achieve optimized CNN parameters

selection is described in Algorithm 1 The output from the CNN parameters selection is the most

significant balanced parameters used by CNN for feature extraction and classification.

Algorithm 1: Pelican May-Fly Algorithm

Step 1: Assign initial values of the male mayfly population x?j (i=1,2,3,4 ...,N) and
velocities v?, j ((=1234,.....V),

Assign |n|t|al values of the female mayfly population y?j (i=1,2,34 ..., M),

Max;;., =max.no of iteration
Step 2: Set iterationt=1
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Step 3: Compute the objective function values of males and females’ mayflies as f(x) =
f(xH) . where f: R™ —> R is the objective function which evaluates the quality of a solution

f(x) = i [i('xi,k—l - xi,k)zl
=2 iz

Where x! denote the CNN parameters at i =1,2,3,4 ..., nand k =2,3,4,5..., m
Step 4: Locate the Pbest for each male and female as P}, ;p, = x{ and Gbest as Gjegip =
min{PZest,iD}
Step 5: Determine gravity coefficient: The gravity coefficient g may be a fixed value in the
range of [-1, 1], or it may be gradually reduced over the iterations, making the algorithm to
achieve few worst and best specific areas as displayed in equation
_ (Istda — Gmean) * (it€Tpa, —iter +1)

9 = 9Gsta — iter, - — tter
where gg:q and gmean are the standard deviation and mean values respectively, iter is the
initial iteration of the algorithm and iter,, ., is the maximum number of iterations.

Step 6: Modify velocities and solution of males and females’ mayflies
Using Pelican Exploration Phase (x;)

If Fp < f(x).
Vsta = Xspa + rand * (Xpmean — I * X5tq) Where rand €(0,1)
else
Vsta = Xseq + rand * (Xg;q — Xmean) Where rand €(0,1)
end

Where x44 and X,.qn are the search space limits for the fitness function, I is a random
number which is equal to 1 or 2. Fp is its new objective function value, f(x)_is the initial
objective function value
'l7--t+1 _ { Vstd ifvinl > Vstd
Y —Vstd, ifvinl < —Vstd
x;" = x;* + R (1 — %) .(2.rand - 1).x;*

Where xl-]-" is the current status position of the ith pelican in the jth dimension based on

pelican exploitation phase, R is a constant, which is equl to 0.2, R. (1 — £) is the

T
neighbourhood radius of x;;* while, t = iteration counter, and T =
maximum number of iteration.

vt =g vt + a,e Prs [pbest;; — x;*] + a,e Pré [gbest; — x;;7]
Where
B is a fixed visibility coef ficient which is used to limit a mayfly’s visibility to others
, 1S the Cartesian distance between x; and pbest;;, and r is the Cartesian distance between
x;and gbest. The distances are calculated as:
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n
= Xell = | Gy = Xi)?
j=1

Where x;; is the j™ element of mayfly i and Xj corresponds to pbest;;orgbest.
xit+1 =x'+ vijt+1
With x;°~ U(Xmean, Xsea) Male mayfly = y,t+1 = y;t + v;;t*1
With y,°~ U (Vmean, Vsea) female mayfly
Using roulette wheel selection p;
p, =71 < ﬂ
D Y (€
vl + aze P i i) if () > fx)
v + fl*p; if(y) < f(x)

Where v;:‘]- = is the velocity of female mayfly i in dimension j =1, 2..., at time step ¢,

yi;* = the position of female mayfly i in dimension j at time step t, a, = positive attraction
constant and B = fixed visibility coefficient, while r,,,, = Cartesian distance between male
and female mayflies, estimated using:

n
= Xill = | ) (e = X2
j=1

Finally, fl = random walk coefficient, used when a female is not attracted by a male, so it
flies deterministically by roulette wheel selection and » = random value in the range of [-1, 1].
Step 7: Compute Solutions:  f(x) = f(x!*1)
where f: R™ — R is the objective function which evaluates the quality of a solution
Step 8: Mate the mayflies and Compute offspring
offspringl = L+ male + (1 — L) * female
of fspring2 = L + male + (1 — L) * male
where male and female are the male and female parents respectively, and L = random value
in the scope of specific range. Offspring’s early velocities are put to be zero
Step 9: Modify Pbest of population using:
pbest; = { i, iff(x{*") > f(pbest)
iskeptthesame, otherwise
Step 10: Modify Gbest of population using:
The gbest position at time = step t, is defined as
gbest € {pbest,,pbest,, pbest;,pbest, ...,pbesty|f(cbest)}
= min {{f(pbest,),  f(pbest,), ..., f(pbesty)|}
Where N = total number of male mayflies in the swarm,
Step 11: If t< Max;., thent=¢t + 1 and GOTO step 1 else GOTO step 12
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Step 12: Output: optimum parameters of CNN are selected solution as Gbesty,.
Gbesth = Xp

3.1  The optimization of hyper-parameters

PMA algorithm is adopted in the CNN architecture model’s classification section as
optimization technique in the batch size and dropout-layer section. The hyper-parameters of CNN
optimized by PMA are: numbers of convolutional layers, size of the filters in each layer, the
number of filters, and the batch size. Figure 1 showed the block diagram of optimization process
of the CNN-PMA model. Each mayfly acted as a configuration of CNN with its hyper parameters.
The general methodology of CNN-PMA is shown in Figure 2 with the flowchart of CNN-PMA,
as the “training and optimization” block is the most important part of the whole process, where the
CNN was initialized to integrate the parameter optimization by applying the PMA algorithm. In
this process, the PMA was initialized in accordance with parameter given for the execution in
Algorithm 1 and this generated males and females’ mayflies. Each mayfly is a likely solution and
its location has parameters to be optimized, hence, a complete CNN training.

Training process begins with an iterative cycle and ends with evaluation of all the mayflies
generated using the PMA for each generation. The database size, size of mayflies, number of
iterations of the PMA as well as number of males and females’ mayflies in each iteration determine
the computational cost of the model. That is, if the PMA is executed with 10 male and female
mayflies and 10 iterations, the training of CNN is carried out in 100 times. The step by step
algorithm for optimization of CNN using the PMA algorithm are clarified in Figure 2.

Initial hyper parameter Traiming Data

Modified CININ Architecture

¥
Train CININ model

¥

Test CININ model
¥

Predicted Values
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Figure 1 Block Diagram of the Proposed Hybridized CNN-PMA Model

3.2  Application CNN-PMA as Fault Detection and Classification Models

CNN-PMA model is designed and simulated for detection and classification of faults in
330kV electrical line in SWN, its flow diagram is shown in Figure 3 and the architectural drawing
is shown in Figure 4. The encoded Gramian angular field (GAF) images of the three voltages and
currents for 330kV lines is fed to the models of CNN- PMA. An interactive GUI application is
developed with electrical faults on SWN 330kV network data. The GUI is designed using deep
learning and optimization toolboxes in MATLAB 2020a.
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Figure 2 Flowchart of Optimization of Convolutional Neural Network with Pelican
Mayfly Algorithm (CNN-PMA)
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Figure 3 Flow Diagram of Implementation of CNN-PMA Model
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Figure 4 Architecture of the Proposed CNN-PMA Model for SWN 330kV Network
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4, RESULTS AND DISCUSSION

Results obtained from optimization of CNN using MA and PMA algorithms are discussed
in this section. The developed algorithm was tested and evaluated using the following performance
metrics: MAPE, MSE, RMSE, Corr-Coeff., SNR and PSNR. Tables 2 and 3 showed the
optimization results of MA on CNN and PMA on CNN at 30 iterations with different numbers of
layers, filters, filter size and batch size. The best recognition rates were achieved at 99.27%
(iteration: 6) and 99.53% (iteration: 30) for MA and PMA respectively. In addition, Figures 5 and
6 showed graphical representation of CNN Hyper-parameter selection using MA and PMA. Based
on the results in Table 4, which is graphically shown in Figure 7, comparing MA and PMA
performances, PMA achieved the optimum CNN architecture as follows: 1convolutional layer,
128 number of filters per layer and filter size of 6 x 6, the batch size is 256 which guaranteed
convergence of CNN-PMA to global optimal. Furthermore, Tables 5(a, b and c), showed the
results obtained by CNN, CNN-MA and CNN-PMA respectively at different threshold with
respect to the performance metrics, their graphical representation were displayed in Figures 8(a, b
and c) respectively.

The results obtained from Table 5(c) at test sample percentage of 20% clearly revealed that
CNN-PMA had the least MAPE of 8.576531, least MSE of 0.011512, least RMSE of 0.107293,
highest SNR of 8.813529 and highest PSNR of 8.930958. These implied that PMA has higher
accuracy and efficiency compared to CNN and CNN-MA. Hence, CNN-PMA has better
performance compared to CNN and CNN-MA with accuracy of 99.53%.

4.1  CNN-PMA as Fault Detection model

To perform fault detection, the Transmission line (TL) configuration comprises two generating
units and three RLC loads was used. Irregular flow of voltage and current are termed as the TL
fault. Likewise, all forms of faults were activated based on a set program using a fault generator
block. Fault detection was performed with TL as shown by confusion matrix in Figure 9(a), (b)
and (c) for CNN, CNN-MA and CNN-PMA respectively. Two classes: faulty and no-faulty were
considered. Based on these confusion matrixes, it is shown that CNN-PMA model detected
electrical fault accurately. Table 6 showed summary of performance evaluation of CNN, CNN-
MA and CNN-PMA as fault detection model with the use of 80% of augmented (8832) data as
testing data.

Table 2: Selection of CNN optimal parameters using MA optimization technique

S/IN  Number of Numberof Filter Size  Batch Recognition

Layers Filters Size Rate (%)
1 3 104 3 236 97.31
2 3 109 3 136 98.47
3 3 112 5 150 96.51
4 1 83 6 149 98.15
5 1 57 7 238 95.55
6 1 128 6 155 99.27
7 3 128 6 203 97.81
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8 2 128 5 228 95.62

9 3 128 5 256 95.98
10 1 128 6 256 95.38
11 3 128 6 256 96.78
12 3 128 5 256 98.87
13 2 128 3 256 99.15
14 1 128 5 256 98.60
15 2 128 3 256 97.96
16 1 128 6 256 96.42
17 2 128 3 256 98.76
18 3 128 5 256 96.02
19 2 128 6 256 96.74
20 3 128 4 256 98.57
21 3 128 7 256 98.70
22 2 128 7 256 96.95
23 2 128 3 256 98.19
24 3 128 7 256 98.33
25 3 128 3 256 96.09
26 1 128 6 256 95.28
27 2 128 6 256 96.44
28 1 128 5 256 95.69
29 3 128 7 256 98.73
30 2 128 3 256 97.08

IIARD — International Institute of Academic Research and Development Page 98



http://www.iiardjournals.org/

International Journal of Engineering and Modern Technology (IJEMT) E-ISSN 2504-8848

P-ISSN 2695-2149 Vol 10. No. 10 2024 www.iiardjournals.org Online Version

300

250

200

150

100

50

=== No. of Layers
=& No. of Filters
=== Filter Size
==#==Balch Size

==& Recognition Rate (%)

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 271 28 29 30
Epoch

Figure 5: CNN Optimal Hyper-parameter selection process using MA
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Table 3: Selection of CNN optimal parameters using PMA optimization technique

S/N Number of Number of  Filter Size Batch  Recognition

Layers Filters Size Rate (%)
1 3 58 7 230 95.31
2 1 67 3 196 99.16
3 1 97 7 137 95.27
4 2 60 4 115 95.69
5 1 61 7 230 95.50
6 1 128 6 107 98.10
7 2 128 7 109 98.12
8 2 128 4 221 98.60
9 3 128 6 256 95.86
10 3 128 5 256 97.30
11 3 128 4 256 95.95
12 3 128 7 256 96.00
13 2 128 7 256 95.90
14 1 128 3 256 96.50
15 3 128 7 256 95.39
16 2 128 3 256 98.49
17 3 128 5 256 97.42
18 2 128 7 256 98.39
19 2 128 4 256 96.70
20 2 128 7 256 98.22
21 2 128 3 256 98.26
22 1 128 7 256 95.78
23 1 128 4 256 95.66
24 1 128 7 256 95.79
25 1 128 5 256 95.84
26 3 128 3 256 98.17
27 1 128 4 256 95.87
28 2 128 7 256 97.66
29 2 128 3 256 95.43
30 1 128 6 256 99.53
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Figure 6: CNN Optimal Hyper-parameter selection process using PMA
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Table 4: Comparison of Selected best Optimal Hyper-parameters of CNN using MA and PMA

Epoch No. No. Filter Batch Recognition ~ Optimization
Layers Filters Size Size Rate (%0) Methods
6 1 128 6 155 99.26983 MA
30 1 128 6 256 99.53374 PMA
300

256
250
200
155 = MA"
150
128 128
99.26982876

100 | 99.53374333

50

30
0 [ ] . N

Epoch No. Layers  No. Filters  Filter Size ~ Batch Size  Recognition
Rate(%)

Figure 7: Comparison of Selected best Optimal Hyper-parameters of CNN using MA and PMA

Table 5a: Validation of CNN using MAPE, MSE, RMSE, CorrCoeff, SNR and PSNR
MAPE  MSE RMSE CorrCoeff SNR PSNR Technique  Sample

Percentage
18.80112 1.171857 1.082524 0.008102 8.740738 8.853678 CNN 04
18.71146 1.161948 1.077937 0.019925 8.788822 8.890559 CNN 0.3
18.58248 1.155719 1.075044 0.044140 8.791979 8.913902 CNN 0.2
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Table 5b: Validation of CNN-MA using MAPE, MSE, RMSE, CorrCoeff, SNR and PSNR
MAPE  MSE RMSE  CorrCoeff SNR PSNR Technique  Sample

Percentage
12.43761 0.046195 0.21493 0.033427 8.815359 8.917095 MA-CNN 0.4
12.50786 0.046357 0.215307 0.019991 8.810555 8.901861 MA-CNN 0.3
12.51416 0.046319 0.215219  0.026586 8.812605 8.905399 MA-CNN 0.2

Table 5c¢: Validation of CNN-PMA using MAPE, MSE, RMSE, CorrCoeff, SNR and PSNR
MAPE  MSE RMSE  CorrCoeff SNR PSNR Technique Sample

Percentage
8.651305 0.011662 0.10799 0.013993 8.76962 8.874714 PMA-CNN 0.4
8.682522 0.01168 0.108073  0.005817 8.770779 8.868042 PMA-CNN 0.3
8.576531 0.011512 0.107293  0.046538 8.813529 8.930958 PMA-CNN 0.2
(a)
20
15
10
0 I . — I J— I . P
1 2 3
® MAPE m MSE mRMSE = CorrCoeff mSNR mPSNR m SamplePerc
(b)
15
10
0 — — — — — J—
1 2 3
m MAPE = MSE ® RMSE CorrCoeff
m SNR m PSNR ® Technique m SamplePerc

IIARD — International Institute of Academic Research and Development Page 103



http://www.iiardjournals.org/

International Journal of Engineering and Modern Technology (IJEMT) E-ISSN 2504-8848
P-ISSN 2695-2149 Vol 10. No. 10 2024 www.iiardjournals.org Online Version

(c)
10
0 [ — —
1 2 3
m MAPE = MSE RMSE CorrCoeff
m SNR m PSNR m Technique m SamplePerc
Figure 8: Evaluation parameters of (a) CNN, (b) CNN-MA, (c) CNN-PMA.
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Figure 9 Confusion Matrix for fault detection: (a) CNN, (b) CNN-MA and (c) CNN-PMA
Table 6 Summary of Evaluation Standard for fault detection
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Accuracy Precision Recall F1-  No- Fault Mis- Count

(%) (%) (%) score Fault match
(%)
CNN 95.70 99.59 70.80 82.76 730 6032 304 7066
CNN-MA  98.09 99.86 84.86 91.75 751 6180 135 7066
CNN-PMA 99.94 100 99.51 99.75 812 6250 4 7066

4.2  CNN-PMA as Fault Classification model

A total of 3541fault data of SWN transmission lines were collected for the period of twenty-three
years. K-fold cross validation is used for training and for testing where K=10. Fault classification
was performed on the training data using CNN, CNN-MA and CNN-PMA. Figures 10, 11 and 12
represented corresponding confusion matrixes for CNN, CNN-MA and CNN-PMA respectively.
Table 7 presented different performance evaluation criteria for CNN, CNN-MA and CNN-PMA.
Considering Table 7, CNN-PMA results showed a better performance compared to CNN and
CNN-MA in term of accuracy, precision, recall and Fl1-score. Hence, CNN-PMA displayed
excellent performance in classification of electrical faults in SWN electrical network.

Predicted Values

LG

LL

True Values

LLG

LLL

LG LL LLG LLL

Figure 10: Confusion Matrix for fault classification using CNN model in 330kV network
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Figure 11: Confusion Matrix for fault classification using CNN-MA in 330kV network
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Figure 12: Confusion Matrix for fault classification using CNN-PMA in 330kV network
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Table 7: Summary of Evaluation Standard for Fault Classification in 330kV network

Accuracy Precision Recall F-1score Mis- Count
match

CNN

LG 97.83 96.54  98.22 97.34 1 849

LL 97.83 96.93  98.63 97.71 2 699

LLG 97.83 98.23  98.93 98.57 3 737

LLL 97.83 98.44  98.84 98.63 3 548
Average value 97.83 97.54 98.66 98.06 2833
CNN-MA

LG 98.80 99.54  99.26 98.94 0 849

LL 98.72 99.34 9857 98.94 1 699

LLG 98.72 98.44  99.56 99.13 2 737

LLL 98.72 98.63  98.56 98.86 2 548
Average value 98.72 98.74  98.99 98.97 2833
CNN-PMA

LG 99.96 99.73 100 99.92 0 849

LL 99.96 100 99.86 99.93 0 699

LLG 99.96 100 100 100 1 737

LLL 99.96 100 100 100 1 548
Average value 99.96 99.93 99.97 99.96 2833

4.3  Comparison of CNN-PMA with other Methods

To show the superiority of CNN-PMA model, few existing methods for fault detection and
classification were compared as shown in Table 8.: Amiruddin et al. (2018) and Leh et al. (2020)
used ANN model to detect and classify electrical faults. Whereas Goni et al. (2023) used ELM
model to detect and classify electrical fault in power system. Guo et al. (2019) and Moradzadeh
(2022) employed HTT-CNN and CNN-LSTM models respectively for detection and classification
of electrical faults. Their percentage accuracies when compared showed that CNN-PMA
performed better in fault detection and classification than others. In addition, others had their
number of layers between three and nine whereas CNN-PMA has one layer, this made it faster in
operation when compared with others. Moreover, CNN-PMA has high learning rate as a result of
its high batch size of 256 when compared with others.
Table 8: Comparison of CNN-PMA with other faults diagnosis models in transmission
lines
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Author(s) Algorithm  Data (Training and No. of No. of  Accuracy

Testing) Class Layers (%)
Considered
Amiruddinet ANN Detection (190:41) 2 2 78
al. (2018)
Fahimetal. ANN Detection (44)
(2019) Classification (208) 3 3 84.40
Guo et al. HTT-CNN  Detection (1672) 2
(2019) Classification 10 6 99.92
(1752)
Leh et al. ANN Not stated 11 3 70.00
(2020)
Moradzadeh CNN- Not stated
(2022) LSTM 11 9 98.60
Goni et al. Detection 2
(2023) ELM (1000:4001) 99.09
Classification 2
(9909: 1102) 11
Detection (8832: 2
CNN 7066) 3
Classification 97.83
(3541: 2833) 4
Detection (8832: 2
CNN-MA  7066)
Classification 1 98.72
(3541: 2833) 4
Detection (8832: 2
Proposed CNN-PMA  7066) 99.96
Classification 1
(3541: 2833) 4

S. CONCLUSION

This work has successfully carried out hybridization of MA and POA. PMA was developed
by applying Pelican Exploration Model to model the attraction process as a deterministic process
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in order to assist the standard MA. Pelican Exploitation Model was applied to establish a balance
between exploration and exploitation process in standard MA. The PMA was applied to detect the
optimal hyper-parameters of CNN, such as: number of layers, filter size used in each convolutional
layer, number of filters and the batch size. Developed CNN-PMA was simulated using deep
learning and optimization tools boxes of MATLAB 2022a and in turn used to detect and classify
electrical faults on SWN electrical network. The proposed model detected and classified electrical
fault accurately and timely compared to standard CNN, CNN-MA and few other existing models.
The results obtained were examined using MAPE, RMSE, CorrCoeff, PSNR, MSE, SNR and
confusion matrix as performance metrics.
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