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Abstract—As technology has progressed, new hardware and software needs have evolved. There has been a
significant increase in demand for software across many different applications, which has coincided with the rise
of the software industry. To expand the software business, producing and maintaining high-quality software is
regarded to be the most crucial duty for every company. Software engineering is critical to the software
industry's success in achieving this goal. In order to create software applications, computer code is used to
accomplish the required goal. Software faults may cause defective software to be developed if these scripts
include certain incorrect examples. In the realm of software engineering, predicting software defects is regarded
as the most significant activity that can be utilized to ensure the quality of software. As a consequence of defect
prediction findings, quality assurance teams may more efficiently allocate limited resources for testing software
products by focusing their efforts on the source code that is most likely to have defects. Using defect prediction
methods to help developers and speed up the time to market for more dependable software products will
become more vital as software projects grow in size. The process of detecting and correcting flaws is one of the
most time-consuming and expensive parts of embedded software development. Complex infrastructure, large
scale, high costs and time constraints make it difficult to monitor and meet quality standards. A unique deep
learning-based software fault prediction model has been shown in this study. A single spectrum stream flow
filter was first used to remove data errors. The minkowski prewitt clustering approach was then utilized to group
the software characteristics. Then, using the first-order binary - a sail fish optimization technique, we choose
the best defective characteristics. Finally, a multilayer D highway memory neural network is used to identify
different sorts of software error codes according on the severity of the problem. Using the PROMISE JM1
software defect prediction dataset in the python environment, the whole process was developed. Accuracy,
AUC, precision, recall, and F1 score were used to evaluate the efficacy of the proposed methodology's
performance.

Keywords— software defect, singular spectrum stream flow filter, minkowski prewitt clustering, first order
binary a - sail fish optimization algorithm, multilayer D_highway memory neural network

. INTRODUCTION applications are built each year, yet software quality is

mostly ignored throughout this process. Deep learning

A rise in the demand for a wide range of applications has made it possible for researchers to use deep

has been seen during the last two decades. Many learning to detect the software quality by identifying

software applications are created for business or its defects and faults. As a result, we have developed

personal usage in order to satisfy the needs of the an algorithm for the first order binary - a sail fish

client. For both industrial and personal use, software S . .
optimization and a multi-layer D highway memory

quality remains an unresolved problem because of the neural network that can identify software flaws across

mass manufacturing of software programs. For this the PROMISE repository using a hierarchical

reason, the introduction of software testing has been architecture of deep learning. Within project file-level

made possible by the introduction of testing tools that software defect prediction is the topic of this study,

assist to detect and fix flaws or faults in software . _— . .
which assesses prediction performance using metrics

applications. As the need for contemporary under both non-effort-aware and effort-aware
technology-based industries and business applications

grows, an ever-increasing number of software
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scenarios. Included in this article is the most

significant contribution,

To classify faults and continuously learn to
improve the accuracy of deep learning.

We first use a - sail fish optimization to analyze the
source code and to isolate the faulty features

In the classification part we use multilayer D-
highway memory neural network for classifying the
code faults.

The remainder of the document is structured as
follows. The literature review is presented in section
two, the issue statement is discussed in section three,
and the suggested softaware classification model and
its architecture are shown in section four. Sections five
and six are dedicated to the implementation, results,
and conclusion of this research, respectively.

Il. LITERATURE SURVEY

This section provides a short overview of modern
strategies for predicting software defects, including
defect
optimization schemes, machine learning techniques,

software metrics-based prediction,
and hybrid techniques (combination of optimization
and machine learning). This section begins with a
discussion of well-established methods for predicting
software defects based on metrics. One of the most
widely used Machine Learning algorithms, Linear
Classifier (LC) [1-15], was shown to perform better
than the other algorithms tested. A NASA Promise
data repository provided the data used in this
investigation, which was quite comparable to the data
they used in their own investigation. Using a 10-fold
cross validation, the seven datasets are analyzed and
classified. For the research in [2], the author used
metrics extracted from the top-k metrics to forecast
the likelihood of software defects. The PROMISE
repository was used as a source of data for the study.
It was inspired by this thought that they [3] employed
dimensionality reduction to extract the dataset's top
six features. exploring the root cause of SDLC faults
and the numerous sorts of faults that may arise at
different stages of SDLC. Clustering methods such as
agglomerative clustering, COBWEB, k-means, density-
based scan, expectation maximization, and furthest
first were used. More specifically, [4] employed

supervised-classification learning algorithms and
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unsupervised-clustering learning algorithms to
anticipate defects more effectively. The k-means
method was the fastest and most accurate of all
unsupervised algorithms. Using datasets with a high
number of dimensions to train a defect prediction
model takes a long time, according to research [5.]
New hybrid SDP models are employed to identify the
metrics in this study. A variety of datasets and
classification techniques, including SVM and ANN,
were included. In order to compare the outcomes,
AUC and MEWMA were used. [6] utilized data from
NASA's repositories in this study. As a way of resolving
issues with class imbalance in the SDP model, they
came up with a new framework for analysis. It's clear
from [7] that combining feature mapping and feature
selection has a considerable impact on HFP models..
When it comes to feature optimization, [8] present a
hybrid technique that combines genetic algorithm
(GA) with deep neural network (DNN). Sample
approaches and cost sensitive classifiers are used to
assess [9] the performance of machine learning
classifiers for software fault prediction on twelve
unbalanced NASA dataset . [10] Java code defects are
better predicted with the aid of Abstract Syntax Tree
n-grams (AST n-grams). Defect prediction using SVMs
improved utilizing an unique filtering
approach (FILTER) [11.]
polynomial and radial basis function SVM-based

may be
presented in Linear,
classifiers are built using the suggested filtering
approach and their performance is tested on five
datasets. Seven-ensemble machine learning for SDP is
proposed in [12]. Classification methods will be
examined side by side to see how well they handle the
data imbalance and large dimensions seen in defect
datasets, as detailed in [13]. For determining whether
or not a software module includes faults, [14] present
a defect distribution prediction model (Deep belief
network prediction model, DBNPM).. [15] For the
WPDP model, they suggested an enhanced CNN
model that was compared to current CNN models as
well as an empirical investigation. [16] Their paper
proposes a geodesic flow learning cross-project
software fault prediction approach.. [17] offer Seml,
a new framework for defect prediction that integrates
word embedding and deep learning algorithms. To
begin, they extract a token sequence from the
abstract syntax tree of each program source file. They
then
unsupervised word embedding model to translate

use a mapping table trained with an

1625



Journal of Harbin Engineering University
ISSN: 1006-7043

each token in the sequence to a real-valued vector.
Finally, they establish a Long Short Term Memory
(LSTM) network using the vector sequences and their
The

enormous quantity of unlabeled data in the kernel
space, as well as the limited labeled defect data,
[19] may be fully used by CKSDL. CKSDL also takes into
account the misclassification costs while learning a

labels (defective or non-defective) [18].

lexicon. Bootstrap aggregating, an ensemble learning
approach for software fault prediction in object-
oriented modules, has been suggested [20].

As of from the existing research because the
performance of each feature in defect prediction
might vary from software to software, it is difficult to
identify the appropriate ratios of two types of features
in the suitable feature combination. The following
prediction method may be harmed by adding noise
simply by concatenating two different types of
information. An innovative approach is proposed to
assure the extraction of each characteristic and uses a
classification technique to automatically identify the
defective software.

I11. PROPOSED METHODOLOGY

To address the existing issue, a deep learning-based

optimization method is provided for predicting

software flaws.
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methodology
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A.Dataset

The data set
JM1/software defect predictions dataset obtained
from

used for the experimentation was

Kaggle
(https://www.kaggle.com/datasets/semustafacevik/s
oftware-defect-prediction). The dataset belongs to
PROMISE data set. JIM1 is written in "C" and is a real-
time predictive ground systemThe dataset contains
746 projects with 20 independent features and a
dependent feature with two classifications.

B. Preprocessing

."Normalization" is the process through which data
values are turned into something that can be more
easily understood and used.

Data preparation may benefit from the use of the
single spectrum stream flow filter (SSSFF). | is a
constant term in the SSSFF, which is combined with
the reference value Z ref and extra terms representing
polynomial trends of degree u = 1,...,b (c") as well
as a residual term in a linear combination (w).

Z=1+Zprv+YP s, +w (1)

The variance in data intensity may be used to estimate
the variation in data.

Yy = ZEZo(=D)'()) mi x xy3;(2) X ey,
(2)

Data variation is represented by y,x;; the errorly
constants are m, n, e, the hash function is represented
by i j, and the normalization factor is represented by
Z.

Where,

Z =1logx,2 =logZ u=1logm,p2) =logr(Z),¢
=loge

yij = i +pi; () + &,
The randomness of the input error,

Pij = Xs Mis (-Qsj -
(2s)) (3)

Where the average (p;;) is taken over the samples
. . 1
=l...M,ie. (2,) = Ezjﬂsj.
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Each value in the dataset is used to estimate the
coefficients |, v, and s u, while the residual term w is
used to account for the constant variance. It is thus
possible to represent the SSSFF-corrected data this
way:

7 _ Z—I—ZB:1 suct
corr —

w
v - Zref + ; (4)
Error interference, data variation replication, and
otherissues are all handled by direct expansions to the
SSSFF technique.

C. Data clustering

Minkowski Prewitt clustering was used to group the
data in this section. These notations will be explained:
crisp, Minkowski Prewitt, a cut of a Minkowski,
support of a Minkowski, and the core (sets are usually
denoted by upper case letters, and their members by
lower case letters ).

The binary membership function of a crisp set L in the
discourse universe Y means that it has no uncertainty.
As a collection of ordered pairs, it is known as

L= {(z,¢L(z))| ZE Y} (5)

“whered,(z)is the binary membership
function:dy,(z) =1 if z€EL, and by (x) =0 if z €L. by (z) €
{0, 1}".

A minkowski set L~ there is uncertaintyin the
minkowski membership function of Y in the discourse
world. As a collection of ordered pairs, it is known as:

L~ = {(z, uL~(z))|z € Y} (6)

wherey ~ zero to one degrees of minkowski
membership is the function that returns zero to one

degrees .~ (z)€l0, 1].

What a Minkowski set L has to do with speech The
items of Y that have membership values in L equal to
1 areincluded in Y, which is a compact set.:

core(L™) = {z € Y|u~(2) = 1} (7)

“A minkowski set L in the universe of discourse is
supported It's possible to create a set called Y that
includes all of the items of Y that have nonzero
membership values in L”:

supp(L™) = {z € Y|u,~(2) > 0}
(8)
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“An a - cut a minkowski set L™is a crisp set Lythat
containsall the elements in Ythat have membership
values in L greater than or equal to a, that is” :

La={zeYu-(2)=ao (9)

Let Z = {z,, ...
{ci) oy €y, wory &y} in two-dimensional feature space

,Zy, -, Zptbe a set of b , andC =

consist of x centroids. Zinto x clusters are partitioned
by the Minkowski Prewitt by reducing the following
objective function

H= 3P X% un)llzn — cyll? (10)

“wherel < n< oo is the prewitt fuzzifier, c,is the
ut"centroid corresponding to cluster By, Yun€I[0, 1] is
the minkowski membership of the pattern zjto cluster
Bu, and ||.]|is the distance norm such that”,

"
Cy = Ez:gzl(yuh)n Z,Whereb, = ZE=1(Yuh)n Zp
(11)

and

—wheres?, = ||z, — c,lI?

x (Sun )"t
j=1 Sjh

Yunh =

(12)

The first step in MP is to randomly choose xobjects to
serve as the centers (means) of the x clusters. Z h's
membership is determined by the Euclidean distance
(Eq.) 12 between it and the centroids . To determine
the cluster centroids, we must first find out which
objects are members of each cluster using Eq (11). if
the previous iteration's centroids matched the current
iteration's produced centroids, the procedure ends.

To be added to the crisp set, information must fulfill
three criteria: (1) be part of the support of the
minkowski set, (2) be in a 4-neighbourhood, and (3)
reduce the distance between the minkowski set and
the crisp set, including the new data, at each iteration
of this method.

Data groupings d and c are indistinguishable in terms
of the Minkowski distance X;at iteration jis:

50 d) =[S O — a3
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After adding a data oy to the crisp set, the Minkowski

distance between d and the new crisp set

Xnew (Xju{ou})becomes:
Sn (Xnew' d) =

"SIy ) - dl

(14)
Eq. (14) can be rewritten as:

52 (Xnews @) = (IXnen (0,)d (0" +

length(X;) 1/n

2"u=1;u¢0u |Xnew(u) - d(u)|n)
(15)

“The difference between Xjand X, is only in the
element at location o,,. Thus, in order to include o,in
X;, |Xj(ou) — d(ou)|nwould be subtracted from
[Xew (0,,) — d(0,)|™, and the condition h # 0,in the
summation of Eq. (15) would be removed”.

“As the singleton datao, is added to X,
Xnew(0y) =1, and the corresponding location in
X;(0,) = 0. By substitutingthose values, we get”:

57 e d) = (11 = d(ouw — |=d(o,)I" +

zength(x,)|X( y— d(u)| ) (16)
It can be seen from Equation (16) that the value of d(o
u)increases, and the distance value decreases, when
d(ou) indicates the degree of membership of some
data,
characteristic of that data. In other words, data with

which at the same time represents the
the greatest degree of membership are those that are
selected in order to keep the minkowski set as close to
the crisp set as possible. Each iteration of the
algorithm will eliminate some data from the crisp set.

The Minkowski distance between d and the new crisp
set X new is increased once a data ou is removed from
the crisp set.

Sn(Xnew' d) =

J St Oy ) = d )17

(17)

Following the previous procedure we conclude:
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57 Xnews @) = (I=d (01" = 11 = d(0,)[" +

en i n 1/n
st - aqol")

(18)

It can be noticed from Eqg. (18) that as the value
ofd(o,,)decreases. The distance value decreases.

As a result, the data with the lowest degree of
membership will be eliminated from clustering in
order to reduce the gap between the minkowski set
and the crisp set.

D. Feature extraction

Then for extracting the faulty code features first order
binary a - sail fish optimization (B a — SFO) algorithm
is used. Group hunting is a fascinating example of
social behavior in a variety of organisms, including
insects, fish, birds, and mammals. Predators Kkill their
prey with less effort while hunting in groups than
when hunting alone. Prowlers attack prey in groups
with little or no coordination of assault, but in more
sophisticated groups they employ distinct roles to
herd and capture animals... This is one of the most
complicated group hunting methods, in which assaults
are alternated.

There are a total of S features or dimensions in this
feature set and each class has an associated label,
,X LD = {dq,dy, ....ds},
where S is how many features or dimensions there are
in the feature set. A subset A = {4, ..., 4,
< S, A c D has a lower classification error rate than

which we'll call X = {x, ...
}, wherem

any other subset of the same size or any suitable
subset of A is found through an optimization
procedure. To put it another way, DA is an
optimization issue that can only be solved using binary
numbers 0, 1. If a feature has been chosen, it will have
a value of 1, and otherwise, it will have a value of 0, in
this example. The number of features in the original
dataset determines the size of this vector. To handle
continuous optimization problems when the solution
consists of actual values, the first order binary - sail
fish optimization technique is presented In order to
convert the typical algorithm's continuous search
space to a binary one, we employ a transfer function.

Equation 19 represents the alpha transfer function,.
R(z)=a (19)

1=w~%
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The current location of the Sailfish will now be
updated using the probability values given by
Equation 20.

s _ (1 if ebs <R(Z5())
Z5(r) —{0 if ebs = R(Z5(r))
(20)

This is a multi-objective, two-pronged task: (I) to
maximize classification accuracy (ie, the maximization
issue), and (v) to pick the smallest number of features
possible (ie, the reduction problem) (i.e. minimization
problem). In this case, the two goals are in direct
conflict. We looked at the categorization mistake rate
to get rid of this inconsistency. The FS issue is
transformed into a single-objective problem using
Equation 21.

| Fitness = ay(4) + (1 — a)%l
(21)

“where A represents the selected feature subset, |A|
represents cardinality of the selected feature subset
or number of selected features, ¥ (A) represents
classification error rate of A, Sis the original dimension
of the dataset and a € [0, 1] represents weight”.

Sailfish and
initialized, and encircling strategies following hyper-

sardine populations are randomly
sphere neighborhood are used to take care of the
exploration now. Using the sardine population and
migration around the best sailfish and sardine, the
exploitation is dealt with. Algorithm exploration and
exploitation capabilities are balanced by LRJ, a
parameter. A good search and exploration of the
search space is needed to locate the optimal feature
subset. This is where the DA approach comes into
play. In this way, we've improved VAD's exploration
and exploitation capabilities via the use of LGX. In the
worst-case scenario, the LBVAD analysis shows that
the time complexity is maximum number of
iterations, B aes is the number of sardines, r fitness is the
time required to calculate the fitness value of a
specific agent using a given classifier, and S is the
dataset dimension. Finally, it is possible to extract the
problematic characteristics. The retrieved features
may be used as a classification input.

E. Classification Using the MDHMNN model, a kernel
may evaluate a local patch in input sequence and
extract dependency among residues in the small
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patch. Correlations between more distant residues in
the input sequence may be accounted for by stacking
convolutional layers on top of each other. More
convolutional layers enable the extraction of long-
range relationships between residues at greater
distances in a model with more convolutional layers.
Highway models, on the other hand, will eventually
lose the local contexts that lower levels were able to
MD-HMNN, a
proposed in this study, aims to tackle this issue. Any

capture. revolutionary approach
two neighboring convolutional layers of a multi-layer
CNN may be connected using the MD-interconnector.
HMNN's Convolutional layers provide complexity to
MD-HMNN, allowing it to extract not just long-range
interdependencies, but also the local contexts derived
from lower levels via highway. In Fig. 4 the MD-HMNN
frame is seen. Input, multi-scale CNN with highway,
and output sections are all shown in Figure 4 of MD-
HMNN OAA. z, € E™ is the feature vector as a
concatenation of sequence features and evolutionary
information for each ut residue in feature.

“Thus a feature of length K is encoded as a K x n matrix
Z1.x = [Zw, Z2, ., Zg]R, where K and m denote the
length of feature and the number features used to
encode residues, respectively. In this study, m equals
to 42. In order to keep the output of convolutional
layer have the same height with the input, we need to
pad |g/2] and |(g - 1)/2] m-dimensional zero vectors
to the head and the tail of the input z;.g, respectively,
where g is the length of convolutional kernels in the
convolutional layer. The second section contains two
parts: multi-scale CNN and highway, where the multi-
scale CNN contains n convolutional layers. In the (r -
1)t" layer, the convolution operation of the J* kernel
Q™' € E9*™ executed on feature fragment Zy., 4 4-1
is expressed as”

r—-1 _ r—1 r—1, r—1
Xju = d (Q] Zu:u+g—1 + Vj

(22)

“where g is the length of convolution kernel vf‘l is

the bias of the ]”‘ kernel, d is activation function and
feature
Zos Zoy 41 Zus2r 0 Zutg—1- Through

convolution operation of the J™* kernel on all

denotes the fragment

Zu:u+g—1
executing

fragments with length g of the padded input, we get a
novel feature vector”
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r—-1 _

xj =
r-1 ., r—1 _r-1
(1% 2% 57,

(23)

r—11R
Xk

The convolutional layer has n kernels, therefore we
can generate n new feature vectors. We may create a
novel feature matrix by concatenating the s new
feature vectors K x s

r

X X1

(24)

r-1 — [ r—1 r—1]

-1 ,r-1
,xz ,X3 ,...,xk

The following convolutional layer takes these new
feature matrices as input. If there are b convolutional
layers and 6, is used to denote the kernels and the
bias of the " convolutional layer, then the output of
the bt" convolutional layer is”

x? = db, (df;? (+ db, (z1.0)))
(25)

Finally, the output of the b** prediction is made
using a convolutional layer as input to a fully
connected softmax layer t, = argmax(Q - x} +

v) (26)

where q and v is the weight and bias of the fully
is the
feature vector of the u‘" outputted by the b™"

connected softmax layer, respectively. xJ}

convolutional layer and t,, is its predicted secondary
When
prediction, MD-HMNN uses a highway network and a

structure. it comes to software defect
multilayer CNN to extract both local contexts and
long-range connections. There are three access points
to each convolutional layer except the final one in MD-
HMNN. The output and convolution kernels of the
next layer are each served by two separate accesses,
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one from the current layer and the other from the
next. The other is a weight that is used to define the
proportion of information from the roadway that is
included. This means that the output x" of the rt
convolutional layer is the weighted sum of the
information given by roadway from the previous layer
and the information outputted by the convolution
kernels of the current layer

m’ =
6(qur—1)
(27)

x"=(1-m)xdp (X" +m xx"
(28)

“where §(.) is alpha function, m, is the weight of the
highway and dgr (.) is the convolution operation of
current convolutional layer. So the output of the rt*
convolutional layer contains two portion: information
from the (r - 1) highway convolutional layer and the
convolution kernels of the current layer's
convolutional layer Finally the defected software was

classified.”
I\VV. PROPOSED METHODOLOGY

Experiments for predicting software defects using the
suggested technique are described in this section. In
this research, a method for predicting software
problems using a Python tool makes use of
MD-HMCNN
approaches. Because of this investigation, we looked
at the PROMISE JM1 database of software defect

datasets.

optimization and classification

2(a)
loc v(g) ev(g) iv(g) n v X | d i e .. |0Code |0Comment [OBlank locCodeAndComment unigq_Op wuniq_Opnd total_C
mmMmmmewmmmmmemw 130 130 130 2 2 P 2 12 12 1
1 1.0 1.0 10 10 1.0 1.00 1.00 1.00 1.00 1.00 .. 1 1 1 1 1 1
2 720 70 10 6.0 1980 113413 005 2031 5585 2302910 .. 51 10 8 1 17 36 1
3 1900 30 10 30 6000 434876 008 17.06 25487 7420267 .. 129 29 28 2 17 135 3
4 370 40 10 40 1260 59912 008 1719 3486 1029730 .. 28 1 6 0 1 16

5 rows % 22 columns
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loc v(g) ev(g) ivig) n v 1 d i e

count 10885000000 10885000000 10885000000 10885000000 10885000000 10885000000 10885000000 10885000000 10885000000 1.088500e+04 1088500

mean 42016178 6.348590 3401047 4001599 114.389738 673758017 0.135335 14177237 29439544 3.683637e+04 022

std 76.593332 13.019695 6.771869 9.116889 249.502091 1938.856196 0.160538 18.709900 34.418313 4.343678e+05 0.64

min 1.000000 1.000000 1.000000 1.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000e+00 0.001

25% 11.000000 2.000000 1.000000 1.000000 14 000000 48 430000 0.030000 3.000000 11.860000 1.619400e+02 0.02

50% 23.000000 3.000000 1.000000 2.000000 49.000000 217.130000 0.080000 9.090000 21.930000 2.031020e+03 0.07

75% 46.000000 7.000000 3.000000 4.000000 119.000000 621.480000 0.160000 18.900000 36.780000 1.141643e+04 0.21

max 3442 000000 470.000000 165.000000 402.000000 8441.000000 80843080000 1.300000 418 200000 569.780000 3.107978e+07 26.95!

2(b)

Fig. 2(a,b) Sample input and the standardized output

Figure 2 illustrated the recommended JM1 software
defect prediction dataset's parameter, which was
shown in the table. It offers explanations of the
datasets' various parameters, such as the number of
incidents modules, , and the number of metrics.The

size of the dataset should be of (10885, 22)

Text(9, 0.5, "Clusters’)

350

300

1000 1500

Cluster_Data

2000 2500

Fig.3 Clustered output

Three
between different features involved in the dataset.

clustered output showing the variation

[Gerid _

>= 37.3,LO Code And Comment = 438 -
=683-218

-0.275 |Evg = 18.0- 256, Uniq Op = 156 -235
20.275 |LO Code And Comment = 43.8 - 84.4, Uniq Op = 235 - 327
-0.275 |Evg = 18.0- 256, LO Code And Comment = 5.1-17.4
20275 |LO Comment >= 46.7 Unig Op = 235 - 327

-0.275 |Branch Count = 37.2-84.1, L= 003 - 0.06

0274 |Evg = 180256 Vg =207-683
) >=37.3,L0 Comment <4.1
-0.272 |Branch Count = 37.2 - 84.1, Uni Op <80
0270 |Evg = 180256, vg=56-37.3
.
)
{0
B
o
B
o
B
B

270 |LO Code And Comment = 438 -
269 |LO Code And Comment = 438 - 84 4

269 |LO Comment =229 .46.7, vg=56-37.3
265 |LO Comment >= 46.7, Unig Op = 156 - 23.5
264 |LO Comment =229-46.7, L < 0.03

344 Evg < 180

264 Vg =20.7-68.3 g=56-373

263 [Vg =207 -683 LO Comment=4.1-229

261 |LO Code And Comment = 43.8 - 84.4, L = 0.03 - 0.06
261 |Vg = 20.7 - 8.3 Branch Count = 9.8 - 37.2

-0.260 {LO Comment >= 46.7

Fig. 4 Simulated faults output

The simulated software fault prediction of the
suggested algorithm was demonstrated using a
sample that was illustrated in figure 4.

model accuracy

—— accuracy
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0.925
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0.800 4
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- T T T T ; ; T T

0.0 0.5 1.0 15 2.0 2.5 3.0 3.5 4.0
epoch

Fig. 5(a) Epoch Vs. accuracy

As of from figure 5(a) training and validation accuracy
was calculated. Here high level of training and testing
accuracy was obtained shows the efficiency of the
mechanism.

model loss

— loss
—— validation_loss

0.45

0.40

0.35

0.30

0.15

0.10 T T T
0.0 0.5 10

2.0 25 3.0 35 4.0
epoch

15

Fig. 5(b) Epoch Vs. Loss

Figure 65(b)shows the validation and training losses.
The proposed model's training loss was not excessive
in this case. Our model is underfitted if our training
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and validation losses are almost identical. But here we
increase the number of layers or the number of
neurons in each layer in order to limit the amount of
training loss.To prove the efficiency of the suggested
technique it can be compared with the existing
mechanisms [21,22]. The accuracy, precision, recall,
and Flscore of the proposed system are used to assess
its performance.

TABLE 1 Performance evaluation of the suggested
methodology

Methodolo | Precisi | Reca F Accuracy(
gy on 1 (%) | scor %)
e
(%)
NB [22] 53.7 | 22.6 | 31.8 79.8
KSTAR[22] 83 87 | 85.3 75.9
KNN[22] 829 | 84.6 | 83.7 73.9
DT[22] 49 26 | 34.8 79.4
Proposed 86 85 85 95.9

TABLE 2 Comparartive performance analysis

Source Algorithm% F- Accuracy%
measure%
[21] RF 0.76 77.00%
DS 0.71 71.00%
SVM 0.71 69.00%
[21] Naive Bayes 0.89 81.43%
MLP 0.90 89.97%
SVM 0.90 81.73%
RBF 0.90 81.61%

Vol 44 No. 8

August 2023
[21] 148 N/A 79.81%
[21] RBF 0.87 84.87
This MD- 0.85 95.9
research HMCNN

As of from the result obtained from the table 1,2 it
was revealed that the suggested methodology express
satisfied results than other existing mechanisms.

V. CONCLUSION

Software fault prediction was improved using the Ba —
SFO and the MDHMNN in this study. Improved
accuracy may be achieved by using MDHMNN to
choose the optimum parameters for this model. Tests
on a variety of software failure prediction data sets
were conducted using MDHMNN. These data sets
were made available via the PROMISE JM1 repository.
Performance criteria such as F1 score, accuracy,
precision, and recall were used to assess the
effectiveness of the recommended approach. Ba —
SFO and the MDHMNN were the most effective in
comparison to present methods. Data sets and
performance measures were all beaten by this
high
accuracy(95.9%). A new method for reducing the

algorithm by obtaining range of the

algorithm's computational costs might be discovered
in future research.
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