Journal of Network Intelligence (©)2025 ISSN 2414-8105
Taiwan Ubiquitous Information Volume 10, Number 2, May 2025

Support Vector Machine Method Based on Improved
Grey Wolf Optimization Algorithm

Xian-Ning Lin*, Shou-Zhen Peng

School of Information Technology, Guangdong Technology College
Zhaoqing 526100, P. R. China
linxianning1202@126.com, 31839930Qqq. com

Zhen-Jie Jiang

School of Information Technology and Engineering, St. Paul University Philippines
Tuguegarao 3500, Philippines
1195617459@qq. com

*Corresponding author: Xian-Ning Lin
Received May 15, 2024; revised September 2, 2024; accepted December 16, 2024.

ABSTRACT. Traditional Least Squares Support Vector Machines (LSSVMs) are widely
used within the realms of computational intelligence, specifically the sub-disciplines of
pattern recognition and machine learning. However, the performance of LSSVM algo-
rithms relies heavily on parameter selection and faces the challenge of high computational
complexity when dealing with large-scale datasets. To address these issues, this work pro-
poses a parameter optimisation strateqy for LSSVM based on the Improved Grey Wolf
Optimisation (IGWO) algorithm. Firstly, by introducing the Next-Alpha rank and dy-
namic rank adjustment mechanism, IGWO enhances the social structure of wolf packs
and improves the diversity and convergence speed. Second, by combining the position
update strategy with chaotic population initialisation and chaotic perturbation, IGWO
further enhances the global search capability. In addition, IGWO-LSSVM effectively im-
proves the search efficiency and adaptability to complex optimisation problems through
adaptive neighbourhood search and adaptive grey wolf wandering mechanism. Finally,
IGWO is applied to LSSVM parameter optimisation. Experimental results show that
the classification accuracy and computational efficiency of IGWO-LSSVM on multiple
datasets are better than existing methods, especially when dealing with high-dimensional
datasets. The IGWO-LSSVM algorithm in this study provides a new parameter opti-
misation strategy in the field of machine learning, which has important theoretical and
practical application value.

Keywords: GWO; LSSVM; Parameter optimisation; Machine learning; Global search;
Adaptive strategies

1. Introduction. The research background of Support Vector Machine (SVM) is rooted
in pattern recognition theory in computer science and statistics [1, 2, 3]. SVM was origi-
nally proposed by Vapnik and Chervonenkis in 1963, and further developed by Vapnik and
his colleagues in 1990s. It was further developed in the 1990s by Vapnik and colleagues,
especially the kernel trick proposed in 1995, which allows SVM to be applied to nonlinear
problems. The basic principle of SVM is to discriminate between different classes of data
by finding the optimal hyperplane, and the key to SVM lies in the notion of support
vectors, which relies on the samples located on the decision boundary to determine the
model [4, 5]. SVM has been paid attention to because of its efficient performance in small
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sample learning, nonlinear problems and high-dimensional data processing, especially in
bioinformatics [6], image recognition [7], text classification [8] and financial market anal-
ysis [9] and other fields. With the rise of big data and machine learning technologies,
the research and applications of SVM continue to expand, including the improvement
of algorithms, the enhancement of computational efficiency, and the development of new
kernel functions, among other directions.

Machine learning techniques play a crucial role in today’s data analysis and pattern
recognition fields. Among them, Least Squares Support Vector Machine (LSSVM), as
an effective regression analysis method, has garnered significant interest because of its
capabilities to minimise the error between the measured and predicted values when solving
regression problems [10]. LSSVM is an improved version of the standard SVM, which
significantly reduces the algorithmic complexity. Compared with the traditional SVM,
LSSVM is not only computationally faster, but also has better generalisation capabilities,
making it a very powerful tool in the field of machine learning.

However, although LSSVM performs well in many applications, its performance is still
affected by the choice of parameters. The choice of regularisation and kernel function
parameters has a direct impact on the error and generalisation ability of the model. To
further improve the performance of LSSVM, researchers have begun to explore the use
of optimisation algorithms to automatically tune these parameters [11]. Various meta-
heuristic optimisation algorithms, due to their simplicity, robustness and fast convergence
properties, have been applied in the optimisation of LSSVM parameters. The research
objective of this paper is to propose a new parameter optimisation strategy by improving
the grey wolf optimisation algorithm in order to improve the performance of Least Squares
Support Vector Machines (LSSVM) in machine learning tasks. Meanwhile, this paper aims
to establish the validity of the newly devised algorithm on different datasets and compare
it with existing methods to demonstrate its advantages in terms of classification accuracy
and computational efficiency.

1.1. Related work. The current research status of SVM is reflected in several aspects:
(1) the improvement of SVM algorithms has been a hot research topic, including the
choice of kernel function, parameter selection and computational efficiency; (2) SVM has
been effectively utilized across a spectrum of practical issues, such as image recognition,
text categorisation, bioinformatics, and financial risk assessment. Despite the success of
SVM in many fields, the computational complexity and sensitivity to kernel functions and
parameters when facing large-scale datasets are still challenges that need to be addressed
in current research.

LSSVM, as a variant of SVM, focuses on solving regression problems by minimising
a quadratic loss function, and its application in regression analysis and pattern recogni-
tion is becoming more and more widespread. Currently, research on LSSVM focuses on
improving the generalisation ability, optimising the computational process, and develop-
ing more efficient strategies for model selection and parameter tuning. In the medical
field, Comak et al. [12] introduced the application of LSSVM in initial patient diagnosis,
where a fuzzy weighted preprocessing technique was employed to enhance the precision of
the machine learning framework. This highlights the potential of Least Squares Support
Vector Machines for accurate and early diagnosis in healthcare. Yu et al. [13] proposed
an LSSVM based classification algorithm for improving the accuracy of image recogni-
tion. Despite the success of this method in image classification tasks, the processing
efficiency for large-scale image datasets still needs to be improved. Danenas and Garsva
[14] analysed the application of LSSVM in financial risk assessment. The results show
that LSSVM can provide accurate risk prediction, but the performance in real-time data
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processing needs to be further optimised. Kang et al. [15] discuss a wind speed prediction
model that integrates the ensemble empirical mode decomposition (EEMD) and LSSVM.
The EEMD-LSSVM model has a higher precision in forecasting outcomes of wind power
generation, showing that the integration of the LSSVM with other environmental fore-
casting techniques is effective. In addressing the challenges associated with dispersed
data sources and large datasets, Youssef [16] introduced the Global-Local Least Squares
Support Vector Machine (GLocal-LSSVM) algorithm, which provides computational effi-
ciency while maintaining a high classification performance, making it a valuable tool for
real-world applications across a wide variety of domains.

The combination of various optimisation algorithms with LSSVM has been a recurring
theme in related research. Meta-heuristic optimisation algorithms have shown excellent
performance on LSSVM parameter optimisation problems, providing new research direc-
tions and application potentials in the field of machine learning. For example, Gorjaei
et al. [17] discussed a PSO-LSSVM-based wellhead fluid rate prediction method, which
showed good self-learning ability and high prediction accuracy even with small sample
size. Gong et al. [18] introduced a technique for forecasting the intervals of landslide
movement combining a dual output LSSVM (DO-LSSVM), demonstrating the utility of
LSSVM in geotechnical engineering. Li et al. [19] proposed a Grey Wolf Optimization
algorithm (GWO)-based SVM for unbalanced datasets, which exhibits better classifica-
tion accuracy and robustness in dealing with unbalanced datasets compared with other
classical algorithms. Li et al. [20] proposed a motor magnetic chain prediction model
based on GWO-LSSVM, which modelling features high accuracy. Luo et al. [21] used
semi-supervised LSSVM (SLSSVM) algorithm to predict deepwater oil exploration. Ab-
dillah and Setiadi [22] proposed a power system stability monitoring method based on
multi-output LSSVM (M-LSSVM).

1.2. Motivation and contribution. The high computational complexity of LSSVM
when facing large-scale datasets and the problem of kernel function and parameter sen-
sitivity limit its efficiency in practical applications. Although the GWO-LSSVM algo-
rithm improves the performance of LSSVM by automatically adjusting these parameters
through GWO, the performance of the original GWO algorithm is still limited in terms
of optimisation accuracy and efficiency. To address the aforementioned issues, this study
introduces an improved Grey Wolf Optimization algorithm and applies it to LSSVM pa-
rameter tuning. The main innovations and contributions of this work include:

(1) An improved grey wolf optimisation algorithm (IGWO) is proposed, which enhances
the versatility and robustness by introducing Next-Alpha rank and a dynamic rank ad-
justment mechanism. This improvement allows the algorithm to prevent entrapment
in suboptimal solutions more effectively and hastens convergence. In addition, IGWO
combines chaotic population initialisation, a position update strategy for chaotic pertur-
bations and an adaptive search strategy to further improve the global search capability
and stability.

(2) A new parameter optimisation strategy is proposed by applying IGWO to the pa-
rameter optimisation of LSSVM. The strategy aims to improve the performance of LSSVM
in machine learning tasks by automatically adjusting the regularisation parameters and
kernel function parameters of LSSVM. Experimental results show that IGWO-LSSVM
outperforms existing methods in terms of classification accuracy and computational effi-
ciency on multiple datasets, especially when dealing with high-dimensional datasets.

2. Related technical studies.
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2.1. Principle of LSSVM. LSSVM is a regression analysis method, which is a variant
of the standard SVM that solves the regression problem by minimising a quadratic loss
function [23]. The fundamental concept underlying LSSVM involves the identification
of a hyperplane within the feature space, with the objective of reducing the discrepancy
between actual and projected outcomes to a minimum. LSSVM is an improvement of
standard SVM, and its main purpose is to transform the optimization problem of SVM
into a linear matrix solution problem, thus greatly reducing the complexity [24]. LSSVM
is a very effective machine learning algorithm because of its faster computation speed and
better generalisation ability compared with the standard SVM.

The target of LSSVM is to find a decision function f(x) which is a function of the input
vector x and can be expressed as.

f(z) = (w, ¢(x)) + b (1)

where ¢(z) is the transformation from the original data space to the expanded feature

space, (-, -) denotes the dot product between vectors, w is the weight vector, and b is the
bias term.

The LSSVM finds the optimal w and b by minimising the following objective function:

1 1 &
J(w,b,e,v) = §||w||2+ﬁzei (2)
=1

where N is the total count of samples utilized, ¢; is the error term for the i-th sample,
and 7 is the regularisation parameter.

The LSSVM uses a quadratic loss function which measures the difference between the
predicted value f(z;) and the measured value y;.

€ =

(s — f ()’ (3)

To ensure that the decision function f(x) finds the optimal hyperplane, the LSSVM
introduces the following constraints [25]:

N | —

|lo(x)]| <1, Vi=1,...,N (4)
This means that the mapping of all training samples in the feature space must be
restricted to a single unit ball.
To solve the above optimisation problem, the Lagrange multiplier is usually used. The
Lagrange function is first constructed:

1 1 N N
L(w,b,a,€) = §||w||2+NZei—Zaiei (5)
=1 =1

where «; is the Lagrange multiplier.

By solving for the minimum value of L, we can derive the most effective resolution for
w and b. The original problem can be transformed into a dyadic problem by applying the
KKT (Karush-Kuhn-Tucker) condition to the Lagrangian function:

N N
1 1
moilXN ; QG Y; — ﬁ 12—1 05l Y5 <¢ (iUz) N (l'j)>
- 7 (6)
N
st. Y =0, >0, Vi=1,...,N
=1
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Ultimately, the solution of the LSSVM can be expressed as:

f(x) = Z aiyi (p(w3), ¢(x)) + b (7)

Note that only part of «; is non-zero and these corresponding sample points are called
support vectors [26].

2.2. Principles of GWO algorithm. GWO is a meta-heuristic optimization algo-
rithm that simulates the hunting behaviour of grey wolves and was proposed by Mirjalili
et al. in 2014. GWO is widely used in global optimization problems due to its simplicity,
robustness and fast convergence properties. The GWO algorithm simulates the social
behaviours and the leadership hierarchy of grey wolves’ hunting, and mainly includes the
following four steps [27, 28].

(1) Leadership level: In GWO algorithm, grey wolves are divided into four categories,
alpha (a), beta (8), delta (§) and omega (w). Among them, « is the supreme ruler, respon-
sible for decision-making and leading the whole pack; § and ¢ are the wolves supporting
a and responsible for supervising the other wolves; and w is the ordinary wolf.

(2) Hunting: Grey wolves determine the location of prey by sensing the location of
prey. In the GWO algorithm, «, # and § wolves infer the location of the prey through
experience and guide w wolves to move in the direction that is most promising for prey
capture.

(3) Surrounding the prey: grey wolves approach the prey gradually by shrinking the
encirclement. In the GWO algorithm, this process is simulated by mathematical models,
and the wolves will continuously shrink the distance to the prey.

(4) Attacking prey: When the prey is close to or trapped, the grey wolf will eventually
launch a fierce attack. In the GWO algorithm, w wolves will keep approaching the target
position according to the position of «, 5 and § wolves.

These four steps constitute the core process of GWO algorithm. The algorithm can
effectively solve various optimisation problems, has the advantages of fast convergence
speed and strong robustness, and has been widely used in engineering applications. In
GWO, the social structure of wolf pack is used to simulate the optimisation process.
The wolf pack consists of grey wolves, including three leader wolves (a, 3, §), which are
ranked based on fitness, with a being the most dominant leader. The initial positions of
the wolves are randomly generated and each wolf represents a potential solution to the
problem.

In each iteration, the location of the leader wolf is adjusted based on the following
method:

Do=C-X,— X, (8)
Xo(t+1) =X, —A-D, (9)
Xs(t+1) =X, — A-Dg (10)
Xs(t+1) =X, — A- Dy (11)

where D, is the distance between the prey and the o leader wolf, X, is the current
position of the prey, X, is the current position of the « leader wolf, and A and C' are
vectors of coefficients determined by random numbers.



Support Vector Machine Method on Improved GWO 1117

To increase the randomness and diversity, GWO introduces random numbers to adjust
the search direction and step size of the wolves.

A=2a-1m—a (12)
The acceleration factor a is calculated as shown below [29]:
2_9. . (14)
a = — .
T

where ¢ is the number of current iterations and 7" is the total number of iterations.

After each iteration, the fitness of all wolves is evaluated and the wolves are sorted
according to the fitness to determine the new lead wolf. The GWO algorithm stops when
a preset number of iterations is reached or when the adaptation degree reaches a good
enough result. The schematic principle of the GWO algorithm is shown in Figure 1.

Omega

o Update position

Figure 1. Schematic representation of the principle of the GWO algorithm

3. Improvement of the grey wolf optimisation algorithm.

3.1. Improved grey wolf hierarchy. The primitive grey GWO by fixing the rank
updating mechanism, which causes the search efficiency and convergence speed to be
affected. In addition, the hierarchy updating mechanism is too simple, resulting in the
algorithm not being able to make full use of the population information and easily falling
into local optimal solutions. With the aim of increasing the diversity and convergence of
GWO, this paper improves the original grey wolf hierarchy:.

Firstly, the Next-Alpha (N-«) rank is introduced. Next-Alpha (N-«) is a new rank
added on top of the original four ranks. Next-Alpha wolf is the candidate of the current
Alpha wolf, which has similar leadership ability and decision-making level as the Alpha
wolf. Next-Alpha wolf will pay close attention to the behaviour of the Alpha wolf and
learn the decision-making method of the Alpha wolf, so as to prepare for taking over the
position of Alpha wolf in the future. Next-Alpha Wolf will pay close attention to Alpha
Wolf’s behaviour and learn Alpha Wolf’s decision-making methods, so as to prepare itself
to take over the position of Alpha Wolf in the future.
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Second, a dynamic rank adjustment mechanism is used. During the iteration of the
GWO algorithm, the rank of each wolf is not fixed, but dynamically adjusted according
to the change of its adaptation value. The specific approach is as follows:

(1) At initialisation, the wolf with the highest fitness value in the population is desig-
nated as Alpha, the wolf with the second highest fitness value is designated as Next-Alpha,
and the remaining wolves are classified as Beta, Delta, and Omega, in that order, accord-
ing to their fitness values.

(2) In each iteration, the fitness value of each wolf is re-evaluated. If the fitness value of
an Omega wolf exceeds the fitness value of the current Delta wolf, that Omega wolf will
replace the current Delta wolf as the new Delta wolf. Similarly, if a Beta wolf’s fitness
value exceeds the current Alpha wolf’s fitness value, that Beta wolf replaces the current
Alpha wolf and becomes the new Alpha wolf; the Next-Alpha wolf becomes the new Alpha
wolf.

(3) In order to ensure the convergence, the fitness value of the Next-Alpha wolf must
be higher than the fitness value of the current Alpha wolf by a certain threshold in order
to take the place of the Alpha wolf.

The diversity and robustness of the grey wolf optimisation algorithm can be enhanced
by the introduction of the Next-Alpha rank and the mechanism of dynamically adjusting
the rank to avoid falling into local optimal solutions. Meanwhile, the introduction of
Next-Alpha wolf can also promote the convergence speed and elevate the quality of the
concluding result.

3.2. Chaotic population initialisation. In this paper, chaos theory is introduced to
enhance the population initialisation process of GWO to improve the global search capabil-
ity. Chaotic mapping is a mathematical tool that can generate pseudo-random sequences,
which can help the algorithm to jump out of the local optimal solution and enhance the
global search capability. The commonly used chaotic mappings are Logistic mapping and
Tent mapping. In this paper, Tent mapping is used and its mathematical expression is as
follows:

X, = {r Xp+(1=r)-(1-X,), if X, < 0.5 (15)

r-(1—X,)+(1—-r)-X,, otherwise

where X, is the value of the current iteration and r is a control parameter, usually
taking a value between (0, 1).

After setting the control parameter r and the offset parameter b of the chaotic mapping,
for each wolf ¢ position X;, the chaotic mapping is used to generate the initial population
position Xi(o).

XY = TentMap(X;, r) (16)
where T'ent Map is the Tent map.

3.3. Grey wolf position update with introduction of chaotic perturbation. In
this paper, a chaotic perturbation is introduced to enhance the ability of the GWO al-
gorithm to jump out of local optimal solutions. The chaotic perturbation is achieved by
adding a chaotic term to the grey wolf’s position update formula, which is also generated
by the Tent chaotic mapping.

Assuming that X; denotes the position of the i-th grey wolf, X;..; denotes the best po-
sition in the current population, and the chaos term C'is generated by the Tent mapping,
the position update method is as follows:
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Xi(t+1) = Xi(t) + A+ (Xpest — Xi(1)) +C (17)

where t denotes the current number of iterations; A denotes a positive control parameter

used to adjust the step size of the grey wolf moving towards the optimal position; C'

denotes a chaotic perturbation term; used to increase the randomness; and X}, denotes
the best position in the current population.

C = Cmax — (cmax - Cmin) 6(_)\)/\7 (18>
where ¢, is the minimum of the chaotic perturbation term; cp.y is the maximum of
the chaotic perturbation term; and A is the tuning parameter.

3.4. Adaptive neighbourhood search. In traditional GWO algorithms, wolves search
for prey through territory search, a process that can be analogous to the search process
of an optimisation problem. In IGWO, we introduce the adaptive neighbourhood search
mechanism to improve the local search accuracy.

An adaptive neighbourhood is a search range that is dynamically adjusted at each it-
eration based on the fitness and position of the grey wolf. This neighbourhood can be
dynamically expanded or contracted to fit the current search state as required by the
search process. First, initialise the wolf positions X = {x1,xs,...,x,} and the corre-
sponding fitness F' = {f1, fo, ..., fu}

Then, the neighbourhood range is calculated. For each grey wolf i, the neighbourhood
range d; is dynamically computed based on its fitness f; and hlstorlcal best position zPest.

di"™ — dmin fz - fworst >
dp = dms — 0 gy (L wenst 19
2 <f best — f worst ( )

where d; is the dynamic range of the neighbourhood of the i-th grey wolf; d™®* and d™®
are the maximum and minimum ranges of the neighbourhood of the i-th grey wolf; fiest
and fyorst are the best and worst fitnesses in the current wolf pack.

A neighbourhood search is performed within d; to update the position of the grey wolf
x;. The search step for the grey wolf can be expressed as follows:

l'?_l — a::;aest 4 de (:L,f lz)est) (20>
where « is a random number in the range [0,1] and ¢ denotes the current iteration
number.
Calculate the fitness of the new position fPV. If fi°V is better than fP*' update
aPet otherwise continue to compute the range of the computed neighbourhood until the

stopping condition is met.

3.5. Adaptive grey wolf wandering. Adaptive grey wolf wandering is a method for
dynamically adjusting a grey wolf’s search strategy, which allows the grey wolf to change
its search behaviour based on the current search state and historical information. The
adaptive wandering proposed in this paper aims to resolve the challenge of premature
convergence that may occur in traditional grey wolf optimization algorithms by dynam-
ically adjusting the search strategy to enhance the algorithm’s ability to search for the
globally optimal solution.

(1) Dynamic adjustment of wandering step length.

The wandering step size S; is dynamically adjusted according to the current fitness f;
and the historical best fitness f?* of the grey wolf.

Si — S;nit X e—lJ'(fi—fibeSt) (21)
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where St is the initial wandering step size, and ¢ is a positive moderator controlling
the effect of adaptation differences on step size.

(2) Dynamic adjustment of travelling direction.

Direction of wandering D; Dynamically adjusted according to the distance of the grey
wolf from the optimal position of the pack.

D; = D™ . tanh <sz;$5t”) (22)

where D;nit is the initial wandering direction, e is the best position in the pack, and
dmax is the maximum distance in the pack.

(3) Update grey wolf locations.

Update the position of the grey wolf in relation to the length and direction of the
wandering step.

The adaptive grey wolf wandering mechanism allows the algorithm to dynamically
adjust its search strategy based on real-time information during the search process, which
not only improves the algorithm’s search efficiency, but also enhances its ability to adapt
to complex optimisation problems.

4. Optimisation of LSSVM parameters based on IGWO.

4.1. Definition of parametric optimisation problem. Parameter selection plays a
crucial role in determining the effectiveness of LSSVM, including the regularisation param-
eters and the kernel function parameters. The goal of using IGWO for LSSVM parameter
optimisation in this paper is to find a set of parameters that minimise the model’s error
on the training data while maintaining good generalisation.

Let 6 denote the parameter vector of the LSSVM, including the regularisation parameter
C and the kernel function parameter ¢. The parameter optimisation problem can be
defined as follow:

0* = arg mein[E(Q)] (24)

where E(0) is the error function of LSSVM under the parameter 6, which is usually a
combination of the training error and the regularity term.

4.2. Steps in parameter optimisation.

Step 1: Generate an initial grey wolf population X = {z1, s, ..., x,}, with each grey
wolf representing a set of parameters of the LSSVM. Encode the parameters of the LSSVM
f as the position vector x; of the grey wolves.

Step 2: For each grey wolf, train the model using LSSVM and calculate its error on
the validation set as the fitness. The fitness function can be defined as the inverse of the
error of the LSSVM, with maximising the error as the optimisation objective.

1
F(0) = E(0)
Step 3: Based on the fitness, the population is updated using IGWQO’s strategies
including chaotic perturbation, adaptive neighbourhood search and adaptive grey wolf
wandering.
Step 4: Select the best adapted grey wolf from the updated population and use its
parameter 6 as the optimization parameter of LSSVM.

(25)
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Step 5: Repeat Step 2-4 until the iteration stop condition is satisfied.

5. Experimental results and comparisons.

5.1. Experimental environment and experimental data. The computer used for
the experiments was Windows 10 (64-bit), with Matlab R2020b software, CPU model
13700KF, 16 G RAM, and graphics card GeForce RTX3070. The subsequent settings
were applied to the parameters: the population size was 200, the maximum number of
iterations was 100, and the tuning parameter of the chaotic perturbation term A is 0.1,
Cmin 18 0.1, cpax 18 10, the control parameter r is 0.2, the neighbourhood search random
number « is 0.5, and the wandering positive adjustment factor ¢ is 0.2.

The data used in the experimental section are four widely used machine learning
datasets, Bitcoin-Heist, Covertype, Census-Income, and GitHub MUSAE, which are shown
in Table 1. The Bitcoin-Heist dataset is usually related to Bitcoin transactions and user
behaviour analysis, and may contain information such as transaction amounts, times-
tamps, user addresses, etc. It is used to study cryptocurrency circulation patterns or
anomaly detection. that are used to study cryptocurrency circulation patterns or anom-
aly detection. The Covertype dataset contains data on the type of forest cover and is often
used for classification problems such as predicting the type of forest cover in a particular
area, and it contains data on both geographic and biological features. The Census-Income
dataset is based on income data from the U.S. Census and is often used for supervised
learning tasks such as forecasting if a person’s yearly earnings exceeds 50,000, this dataset
contains demographic information and economic indicators. GitHub MUSAE is a dataset
consisting of GitHub projects for software engineering research that may include project
metadata, code commit records, issue tracking, and user interaction data, and is suitable
for project health, defect prediction, and contributor behaviour analysis.

Table 1. Experimental datasets information

Data set Data length Number of features Number of categories
BitcoinHeist 2916697 10 2
Covertype 581012 54 2
Census-Income 299285 40 2
GitHub MUSAE 37700 4906 2

5.2. Feasibility Analysis of IGWO.. In order to verify the feasibility of the IGWO
algorithm, this paper performs simulation comparison experiments for IGWO, GWO,
PSO (Particle Swarm Optimisation) and GA (Genetic Algorithm) using five classical
benchmark test functions. The convergence of the test functions is used to evaluate
the parameter optimisation ability of the IGWO algorithm. The test functions include
continuous single-peak function and nonlinear multi-peak function, in which the single-
peak functions f; and fy are used to test the accuracy and convergence speed, and the
multi-peak functions fs3, f4, and f5 are utilized to evaluate the algorithm’s capacity for
searching and its proficiency in escaping local optima, and the test functions are shown
in Table 2.

The four optimisation algorithms are run independently for 50 times on five test func-
tions, and the optimal value, mean and standard deviations on each function are calcu-
lated, where the mean reflects the maximum accuracys and the standard deviation reflects
the stabilitys. Table 3 shows the results of the four optimisation algorithms on the test
functions.
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Table 2. Test function

Function name Function expression Search scope

Sphere filz) =" a2 [—5.12,5.12]
Rosenbrock folz) =2 [100 (zis1 — 22)° + (z; — 1)2} [—30, 30]
Rastrigin fs(z) = 02 (a2 — 10 cos(2m;) + 10) [—5.12,5.12]
Griewank fi(w) = 222 22 — T2, cos (17 +1 [~600, 600]
Ackley fs(x) = —20exp (0.2\ /35 P a?) —exp (% P cos 27rx1-) +20+e [—2,32]

Table 3. Optimisation results analysis of test function

Function Arithmetic Optimum value Average value Standard deviation

GA 5.99E-04 2.17E-02 3.78E-02

PSO 1.64E-56 4.51E-45 1.40E-44

h GWO 1.03E-61 2.15E-54 5.39E-52
IGWO 4.30E-67 7.66E-63 1.75E-60

GA 1.36E+01 4.76E+02 5.58E-01

PSO 2.57TE+00 2.46E+00 3.16E-01

f2 GWO 1.76E+00 1.12E+00 2.43E-02
IGWO 0.00E+00 1.64E-23 1.60E-22

GA 3.31E+00 8.89E+00 2.63E+00

PSO 2.02E+00 5.52E+00 3.88E-+00

Is GWO 2.65E-01 3.75E-01 8.30E-02
IGWO 7.54E-11 2.56E-09 1.31E-08

GA 1.50E-01 2.74E-01 1.91E-01

PSO 2.27E-02 1.76E-01 4.27E-02

J1 GWO 6.80E-03 9.84E-03 3.27E-04
IGWO 1.14E-09 5.96E-07 4.88E-07

GA 2.73E-15 6.14E-01 5.50E-01

PSO 4.86E-21 3.16E-21 0.00E+00

Is GWO 2.32E-28 5.49E-24 0.00E+400
IGWO 2.85E-37 2.85E-37 0.00E+00

For the f; function, IGWO shows the best optimal and average values, indicating that
it has good global search capability and stability on this function. For the f, function,
IGWO also shows the best performance with an optimal value of 0, which is the global
minimum for the tested function, indicating that IGWO has a very high accuracy on this
function. For the f3 function, IGWO outperforms the other algorithms in terms of both
optimal and mean values, with a very small standard deviation, showing its excellent
performance and stability. For the f; function, the optimal and average values of IGWO
are also better than other algorithms with the smallest standard deviation, which further
proves its stability and superiority. For the f; function, IGWQO’s optimal and average
values are the same as PSO’s both being the global minimum of the tested functions with
a standard deviation of 0, showing IGWO’s extremely high performance on this function.

It can be concluded that IGWO shows excellent performance on all the tested functions,
especially on the f; and f5 functions, IGWO reaches the global minimum, which shows
its strong global search capability and stability. In addition, the mean and standard
deviation of IGWO on all the tested functions are better than or at least comparable to
other algorithms, which further proves the feasibility and effectiveness of IGWO on the



Support Vector Machine Method on Improved GWO 1123

parameter search problem. Therefore, IGWO can be considered as a powerful optimisation
algorithm, especially for complex optimisation problems.

5.3. Comparative analysis of classification accuracy. In order to evaluate the classi-
fication performance of the IGWO-LSSVM, comparative experiments are conducted with
GWO-LSSVM [20], SLSSVM [21] and M-LSSVM [22] on the Bitcoin-Heist, Covertype,
Census-Income and GitHub MUSAE datasets. The classification accuracy F-measure of
each algorithm is compared in the experiments respectively and the experimental results
are shown in Figure 2.

100

95

F-measure/%

GitHub MUSAE Census-Income Covertype Bitcoin-Heist
P GWO-LSSsVM [ SLSSVM [ IM-LSSVM [ ] IGWO-LSSVM

Figure 2. F-measure of four algorithms on different datasets

It can be seen that the classification accuracy of IGWO-LSSVM is always higher than
that of the other three on each dataset. On various datasets with different features,
IGWO-LSSVM has better robustness. On the Bitcoin-Heist dataset, the accuracy of
IGWO-LSSVM is 8.7%, 7.5%, and 2.6% higher than that of GWO-LSSVM, SLSSVM,
and M-LSSVM, respectively; on the Covertype dataset, the accuracy of IGWO-LSSVM
is 5% higher than that of GWO-LSSVM, SLSSVM, and M-LSSVM, respectively. LSSVM
by 5.1%, 4.9%, and 2.3%, respectively; on the Census-Income dataset, the accuracy of
IGWO-LSSVM is 4.5%, 2.8%, and 2.4% higher than that of GWO-LSSVM, SLSSVM, and
M-LSSVM, respectively; on the GitHub MUSAE dataset, the IGWO-LSSVM’s accuracy
is 8.5%, 7.4%, and 2.9% higher than GWO-LSSVM, SLSSVM, and M-LSSVM, respec-
tively. From the experimental results, it can be seen that IGWO-LSSVM does not have a
significant increase in accuracy when dealing with the lower dimensionality BitcoinHeist,
Covertype, and Census-Income datasets, whereas it is much more accurate than the other
three when dealing with the higher dimensionality GitHub MUSAE dataset. This is due
to the fact that IGWO-LSSVM introduces chaotic perturbations to enhance the ability to
jump out of the local optimal solution, and also uses IGWO for parameter optimisation.
Thus, the classification accuracy is effectively improved. Therefore, from the above exper-
imental results, it can be seen that the accuracy of IGWO-LSSVM is higher than that of
GWO-LSSVM, SLSSVM and M-LSSVM when facing most datasets. When dealing with
high-dimensional data, the advantage of IGWO-LSSVM is even more obvious.
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5.4. Comparative analysis of classification efficiency. The running times of the
four algorithms on different datasets are shown in Figure 3. It can be seen that compared
with GWO-LSSVM, the running time of IGWO-LSSVM is reduced by 37%, and the
computational efficiency is obviously improved. This is because the introduction of Next-
Alpha wolf can also promote the convergence speed. However, compared to SLSSVM and
M-LSSVM, the running time of IGWO-LSSVM is still high, which is an issue that this
study plans to continue to address.
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Figure 3. Running time of the four algorithms on different datasets

6. Conclusions. In this study, an IGWO-based LSSVM parameter optimisation strategy
is proposed. Experimental results on four widely used machine learning datasets show that
IGWO-LSSVM outperforms GWO-LSSVM, SLSSVM, and M-LSSVM by 8.7%, 7.5%, and
2.6%, respectively, in terms of classification accuracy, 5.1%, 4.9%, and 2.3%, respectively,
on the Covertype dataset, 4.5%, 2.8%, and 2.4%, respectively, on the Census-Income
dataset by 4.5%, 2.8%, and 2.4%, and on the GitHub MUSAE dataset by 8.5%, 7.4%,
and 2.9%, respectively. In terms of computational efficiency, IGWO-LSSVM reduces the
running time by 37% compared to GWO-LSSVM, although there is still room for improve-
ment compared to SLSSVM and M-LSSVM. These results demonstrate the advantages
of IGWO-LSSVM in terms of parameter optimisation, global search capability, and com-
putational efficiency, especially when dealing with high-dimensional datasets. Parameter
tuning and the introduction of chaotic perturbations in the IGWO-LSSVM algorithm may
increase the complexity of the model, which may have an impact on fast decision-making
in real-time applications. Future work needs to focus on the optimisation to improve its
scalability on larger datasets and to reduce the consumption of computational resources
so as to better accommodate the demands of real-time or near real-time machine learning
tasks.
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