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Kernel Extreme Learning Machine (KELM) is well-suited for nonlinear classifi-
cation, but its performance is highly sensitive to the regularization parameter C
and the RBF kernel width σ. To reduce manual tuning, we proposes a Snake
Optimizer-based KELM model, termed SKELM, which jointly optimizes C
and σ using validation accuracy as the fitness function. Experiments on ten
UCI benchmark datasets indicate that compared with KELM, LSOKELM,
and SSAKELM, SKELM achieves the unique best accuracy on five datasets
and ties for the best accuracy on the remaining three datasets. The proposed
method also shows fewer average iterations and a lower standard deviation un-
der the current experimental setting. These results suggest that SKELM can
serve as a effective parameter-search framework for KELM, although further
validation with additional baselines, statistical tests, convergence curves, run-
time comparisons, and more evaluation metrics remains necessary.
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1. Introduction

Pattern classification is a fundamental task in ma-
chine learning and artificial intelligence, with ap-
plications in image recognition, fault diagnosis,
medical detection, financial risk control, environ-
mental monitoring, and other fields.1,2 Its main
objective is to construct accurate and efficient
models for identifying the class labels of unknown
samples.3 With the rapid growth in the vol-
ume and complexity of data, classification tasks
face increasing challenges from high dimension-
ality, nonlinear feature relationships, and com-
plex sample distributions.4,5 Conventional clas-
sification methods, such as support vector ma-
chines and traditional neural networks, may be
limited by slow training, limited generalization,
or difficult y in parameter tuning in some practi-
cal scenarios.6,7

Recent studies have demonstrated the effective-
ness of machine learning and intelligent models in

complex engineering and decision-making appli-
cations. For example, Kayıran applied machine
learning techniques to the thermo-elastic analy-
sis of fiber-reinforced composite rotating disks,
showing that data-driven models can assist com-
plex engineering analysis. Musbah and Badi de-
veloped an LLM-assisted virtual expert weight
elicitation framework based on Z-number multi-
agent decision modeling for pharmaceutical sup-
ply chains, indicating the growing role of intel-
ligent learning and decision-support methods in
uncertain practical environments.8,9 These stud-
ies suggest that machine learning and intelligent
optimization methods are increasingly used not
only for prediction tasks, but also for parameter
analysis, complex modeling, and decision-support
problems.For clarity, the main abbreviations used
in this paper are summarized in Appendix A.

Extreme Learning Machine (ELM), as a single-
hidden-layer feedforward neural network, has at-
tracted considerable attention in classification
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and regression tasks due to its simple struc-
ture and fast training speed.10–12 Unlike tradi-
tional neural networks that rely on iterative back-
propagation, ELM reduces computational cost
by randomly assigning the hidden-layer param-
eters and then analytically determines the out-
put weights.13 However, the randomness of
hidden-layer parameters may lead to unstable
performance and weak generalization in practical
applications.14,15 This limitation becomes more
evident in small-sample or noisy datasets, where
stable generalization is important.

To overcome this limitation, Kernel Extreme
Learning Machine (KELM) introduces kernel
functions into the ELM framework to implicitly
map input samples into a high-dimensional fea-
ture space.16 By using the kernel trick, KELM
avoids the explicit construction of hidden-layer
nodes and improves the nonlinear modeling ca-
pability and stability of ELM.17 KELM has
been successfully applied to various classification
problems.18,19 Nevertheless, its performance is
highly sensitive to the regularization parameter
C and the RBF kernel width σ. Improper param-
eter settings may lead to overfitting, underfitting,
or unstable classification results, which limits fur-
ther improvement of KELM.20

Simultaneously,recent neural network studies
have increasingly emphasized not only prediction
accuracy but also stability, bifurcation behavior,
time-delay effects, and control mechanisms. Ma-
harajan et al.21 investigated the Lagrange sta-
bility of inertial-type neural networks using a
Lyapunov-Krasovskii functional approach. Cui et
al.22 studied bifurcation and controller design for
five-dimensional bidirectional associative memory
neural networks with time delay. Xu et al. 23 fur-
ther explored bifurcation problems in fractional-
order octonion-valued neural networks involving
delays, while Xu et al.24 investigated bifurcation
and control schemes for fractional neural networks
with multiple delays. These studies show that sta-
bility, parameter sensitivity, and dynamic robust-
ness have become important concerns in neural
network research. Although KELM is not a re-
current or delayed neural network model, its clas-
sification performance is also strongly affected by
parameter selection. Therefore, improving the pa-
rameter adaptability of KELM is consistent with
the broader research trend of enhancing the reli-
ability of neural network-based models.
Swarm intelligence optimization algorithms have

been widely used to solve parameter optimization
problems in machine learning models25,26 Repre-
sentative algorithms, such as Particle Swarm Op-
timization (PSO), 27 Genetic Algorithm (GA),28

Sparrow Search Algorithm (SSA), 29 and Lion
Swarm Optimization (LSO),30 have been intro-
duced to optimize KELM parameters, leading to
improved classification performance. 31,32 How-
ever, different swarm intelligence-based KELM
optimization methods may vary in their search
mechanisms, convergence behavior, and ability to
avoid local optima.

In addition to swarm intelligence optimiza-
tion, recent studies on intelligent decision-making
and uncertainty modeling also provide useful in-
sights for parameter selection and model reli-
ability. Senapati et al. proposed an arti-
ficial intelligence-driven group decision-making
method using Sugeno-Weber triangular norms in
a dual hesitant q-rung orthopair fuzzy context for
healthcare supply chain management. 33 Khan et
al. developed a complex interval-valued intuition-
istic fuzzy decision support system for COVID-
19 healthcare facility evaluation. 34 Kakati et
al. introduced rectified complex T-spherical
fuzzy Dombi-Choquet integral operators and ap-
plied them to diabetic retinopathy detection us-
ing fundus images. 35 Although these studies
are not KELM-based classifiers, they show that
uncertainty-aware decision mechanisms and intel-
ligent optimization strategies are valuable for im-
proving model reliability in complex application
scenarios.

Snake Optimizer (SO) is a recently developed
swarm intelligence algorithm inspired by snake
foraging, fighting, mating, and reproduction be-
haviors in nature. 36 By incorporating food quan-
tity and temperature control mechanisms, SO
dynamically balances global exploration and lo-
cal exploitation during the optimization process.
This feature makes SO potentially suitable for
nonlinear and multimodal parameter optimiza-
tion problems. However, the application of SO
to the parameter optimization of kernel-based
learning models has not been sufficiently inves-
tigated, especially for the coupled optimization of
the regularization parameter C and the RBF ker-
nel width σ in KELM.

Based on the above analysis, the research
gap of this study can be summarized as follows.
Although several metaheuristic algorithms have
been used for KELM parameter optimization,
most existing studies mainly focus on improving
classification accuracy by searching for suitable
values of C and σ. Less emphasis on how dif-
ferent optimizer mechanisms affect the coupled
parameter-search process, especially in terms of
search stability, convergence behavior, and ro-
bustness under the same experimental configura-
tion. Moreover, the application of SO to KELM
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parameter optimization remains relatively lim-
ited. Therefore, this study raises the following re-
search question: can the Snake Optimizer provide
a useful alternative parameter-search mechanism
for KELM by jointly optimizing the regularization
parameter C and the RBF kernel width σ?

To address this question,we propose a Snake
Optimizer-based Kernel Extreme Learning Ma-
chine, termed SKELM, for classification tasks.
In the proposed framework, each snake individ-
ual represents a candidate parameter pair (C, σ),
and classification accuracy on the validation set
is adopted as the fitness function. The main
objective is to reduce manual parameter tuning
and examine whether SO can provide a useful
parameter-search strategy for KELM under con-
trolled experimental settings.

The main contributions of this paper are sum-
marized as follows:
• A Snake Optimizer-driven parameter tuning

framework is developed for KELM to jointly
optimize the regularization parameter C and
the RBF kernel width σ.

• A compact two-parameter encoding strat-
egy and an accuracy-based fitness evaluation
mechanism are designed to support the cou-
pled parameter search of KELM.

• Experiments on ten UCI benchmark datasets
are conducted to provide preliminary evi-
dence of the effectiveness of SKELM un-
der controlled parameter settings. The re-
sults show that SKELM achieves compet-
itive classification accuracy compared with
KELM, LSOKELM, and SSAKELM, while
its broader superiority still requires further
validation with additional baselines and sta-
tistical tests.

2. Kernel extreme learning machine

Extreme Learning Machine (ELM) is a single-
hidden-layer feedforward neural network in which
the input weights and hidden-layer biases are
randomly generated and remain fixed during
training. 37,38 Given the hidden-layer output ma-
trix, the output weights can be analytically ob-
tained by solving a least-squares problem, which
enables fast training. However, the random
assignment of hidden-layer parameters may in-
troduce performance fluctuations and weaken
the generalization ability of ELM in practical
applications. 17

To overcome this limitation, Kernel Extreme
Learning Machine (KELM) incorporates kernel

functions into the ELM framework. 38 By im-
plicitly mapping input samples into a high-
dimensional feature space, KELM avoids the ex-
plicit construction of hidden-layer nodes and im-
proves the nonlinear modeling capability of ELM.
Owing to the kernel trick, KELM can reduce the
sensitivity to randomly generated hidden-layer
parameters and has been widely applied to clas-
sification tasks.

The main merit of KELM lies in its ability to
combine the fast analytical learning property of
ELM with the nonlinear representation capability
of kernel methods. Compared with conventional
ELM, KELM replaces the explicit hidden-layer
mapping with a kernel matrix. Unlike traditional
iterative neural networks, KELM avoids iterative
backpropagation for output-weight learning and
obtains the output weights analytically. More-
over, by using kernel functions such as the radial
basis function (RBF) kernel, KELM can handle
nonlinear classification problems without explic-
itly constructing high-dimensional feature map-
pings.

Consider a training dataset

D = {(xi, ti) | xi ∈ Rd, ti ∈ Rc, i = 1, 2, . . . , N},
where xi denotes the input sample, ti denotes
the corresponding target output, d denotes the
input dimension, c denotes he number of output
classes, and N denotes the number of training
samples. Let H denote the hidden-layer output
matrix of ELM. The output weight matrix β can
be obtained by minimizing the following regular-
ized least-squares objective function:

min
β

∥Hβ − T ∥2F +
1

C
∥β∥2F , (1)

where ∥ · ∥F denotes the Frobenius norm, C de-
notes the regularization parameter, and T de-
notes the target output matrix. The first term
measures the empirical fitting error between the
network output and the target matrix, while the
second term controls the magnitude of the output
weights.
The analytical solution of β can be expressed as

β = HT

(
1

C
I +HHT

)−1

T . (2)

By introducing a kernel function K(xi,xj), the
kernel matrix of KELM is defined as

Ω(i, j) = K(xi,xj) = ϕ(xi)
Tϕ(xj), (3)

where ϕ(·) denotes the implicit nonlinear mapping
induced by the kernel function.
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In this study, the radial basis function (RBF)
kernel is adopted:

K(xi,xj) = exp

(
−
∥xi − xj∥22

2σ2

)
, (4)

where σ denotes the RBF kernel width.
Accordingly, the output function of KELM for

a test sample x can be written as

f(x) = k(x)

(
1

C
I +Ω

)−1

T , (5)

where

k(x) = [K(x,x1),K(x,x2), . . . ,K(x,xN )].

Although KELM has nonlinear learning capa-
bility and avoids the explicit random hidden-layer
mapping used in standard ELM, its classification
performance remains highly sensitive to the se-
lection of the regularization parameter C and the
RBF kernel width σ. Therefore, swarm intelli-
gence algorithms have been increasingly used to
search for suitable values of these two parameters,
aiming to improve the parameter adaptability and
classification performance of KELM.

3. Snake optimizer

Snake Optimizer (SO) is a swarm intelligence
optimization algorithm inspired by the foraging,
fighting, mating, and reproduction behaviors of
snakes in nature. 36 Similar to other population-
based metaheuristic algorithms, SO searches for
a solution by iteratively updating a population
of candidate solutions. Its search behavior is
mainly controlled by food quantity and environ-
mental temperature factors, which are used to
switch among different behavioral phases. These
mechanisms enable SO to balance global explo-
ration and local exploitation during the optimiza-
tion process.

In machine learning parameter optimization,
metaheuristic algorithms are often used to han-
dle nonlinear, multimodal, and non-convex search
spaces where gradient information is unavailable
or difficult to obtain. For KELM, the regular-
ization parameter C and the RBF kernel width
σ form a coupled continuous optimization prob-
lem. Improper parameter settings may lead to
overfitting, underfitting, or unstable classification
performance. Therefore, SO is introduced in this
study as an alternative search strategy for select-
ing suitable KELM parameters.

3.1. Algorithm principle

In SO, each snake individual represents a candi-
date solution in the search space. The position of

the i-th snake at iteration t is defined as

Xt
i = [xti1, x

t
i2, . . . , x

t
id], (6)

where d denotes the dimensionality of the op-
timization problem. In the proposed SKELM
framework, the search dimension is d = 2, and
each individual corresponds to a candidate KELM
parameter pair (C, σ).

SO introduces two control factors: the food
quantity factor Q(t) and the environmental tem-
perature factor T (t) . They are defined as

Q(t) = c1 exp

(
t− tmax

tmax

)
, (7)

and
T (t) = exp

(
− t

tmax

)
, (8)

where c1 is a constant coefficient and tmax is the
maximum number of iterations.

The values of Q(t) and T (t) determine the be-
havioral phase of the snake population. When the
food quantity is insufficient, namely Q(t) < 0.25,
the population tends to perform exploration by
moving individuals toward randomly selected po-
sitions or individuals. When the food quantity
is sufficient, namely Q(t) ≥ 0.25, the population
enters the exploitation stage. If the environmen-
tal temperature is high, for example T (t) > 0.6,
snakes move toward the food position, which cor-
responds to the current best solution. If the tem-
perature is relatively low, the population switches
between fighting and mating behaviors according
to a random probability. These mechanisms allow
SO to adjust its search behavior during different
stages of optimization.

3.2. Implementation details of SO in
SKELM

In the proposed SKELM model, SO is used for
the two-dimensional hyperparameter search of
KELM. Each candidate solution is encoded as

Xt
i = [Ct

i , σ
t
i ], (9)

where Ct
i and σt

i denote the regularization param-
eter and the RBF kernel width of the i-th indi-
vidual at iteration t, respectively.

The population is initialized randomly within
the predefined search space:

X0
ij = Lj + rij(Uj − Lj), j = 1, 2, (10)

where Lj and Uj are the lower and upper bounds
of the j-th parameter, and rij is a random num-
ber uniformly distributed in [0, 1]. In this study,
the two dimensions correspond to C and σ, re-
spectively.
During the optimization process, SO updates the
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candidate solutions according to its behavioral
rules, including exploration, movement toward
food, fighting, mating, and reproduction. In the
reproduction phase, if the egg-hatching condition
is satisfied, a newly generated individual is used
to replace the worst individual in the current pop-
ulation. This replacement mechanism helps main-
tain population diversity and reduces the chance
of being trapped in an unfavorable search region.

For each updated individual, boundary control
is applied as follows:

Xt
ij =


Lj , Xt

ij < Lj ,

Uj , Xt
ij > Uj ,

Xt
ij , otherwise.

(11)

This operation ensures that all candidate param-
eter pairs remain within the valid search ranges
during the optimization process.
In each iteration, the fitness value of a candidate
solution is calculated by training a KELM model
with the corresponding parameter pair (Ci, σi) on
the training subset and evaluating its classifica-
tion accuracy on the validation subset:

Fitness(Xi) = Accval(Ci, σi). (12)

Since this study aims to maximize validation
accuracy, the candidate solution with the highest
fitness value is retained as the current best solu-
tion. After the maximum number of iterations is
reached, the best parameter pair (C∗, σ∗) is used
to train the final KELM classifier.

3.3. Algorithm procedure

The general procedure of SO for KELM parame-
ter optimization can be summarized as follows:

(1) Initialization: Randomly initialize the
snake population within the predefined
search range and divide the population into
male and female groups according to the SO
mechanism.

(2) Fitness Evaluation: Evaluate the fitness
value of each individual. In this study, the
fitness value is determined by the validation
classification accuracy of KELM under the
corresponding parameter pair (C, σ).

(3) Behavior Determination: Compute the food
quantity factor Q(t) and the environmental
temperature factor T (t) to determine the
current behavioral phase.

(4) Position Update: Update the positions of
snake individuals according to the corre-
sponding SO behavioral rules, including
exploration, movement toward food, fight-
ing, mating, and reproduction.

(5) Boundary Control: Ensure that each up-
dated candidate solution remains within the
predefined search ranges of C and σ.

(6) Best Solution Update: Re-evaluate the up-
dated individuals and update the current
global best solution if a better parameter
pair is found.

(7) Termination: Repeat the above steps un-
til the maximum number of iterations is
reached, and output the best parameter
pair as the optimized KELM configuration.

4. Proposed SKELM model

To address the parameter sensitivity and man-
ual tuning limitations of Kernel Extreme Learning
Machine (KELM), this paper proposes a Snake
Optimizer-based KELM classification framework,
termed SKELM. In this framework, the Snake
Optimizer (SO) is served as a global metaheuristic
search strategy to identify a suitable combination
of the regularization parameter C and the RBF
kernel width σ. By optimizing these two coupled
parameters, SKELM aims to reduce manual pa-
rameter tuning and examine whether the behav-
ioral search mechanism of SO can provide a useful
alternative for KELM parameter selection. 39

Compared with existing swarm intelligence-
based KELM optimization methods, the proposed
SKELM has several potential merits. First, SO
uses food quantity and environmental temper-
ature factors to adaptively control the transi-
tion between exploration and exploitation, allow-
ing the optimizer to search broadly in the early
stage and refine promising regions in the later
stage. Second, the fighting, mating, and repro-
duction mechanisms of SO help maintain popula-
tion diversity during the search process. Third,
SKELM adopts a compact two-dimensional en-
coding strategy, in which each individual directly
represents a candidate parameter pair (C, σ).
This design makes the optimization process sim-
ple, interpretable, and suitable for the coupled pa-
rameter search problem of KELM.

Within the proposed SKELM framework, each
snake individual represents a candidate hyper-
parameter configuration of the KELM classifier.
The i-th individual is formulated as

Xi = [Ci, σi], (13)

where Ci denotes the regularization parameter
and σi denotes the RBF kernel width. The corre-
sponding search space is defined as

C ∈ [Cmin, Cmax], σ ∈ [σmin, σmax]. (14)

In this study, the search ranges of the two opti-
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mized KELM parameters are set as

C ∈ [10−3, 103], σ ∈ [10−3, 103]. (15)

The same search ranges are used for all
metaheuristic-based KELM methods.

During the optimization process, SO iteratively
updates the population according to its phase-
driven behavioral rules, including exploration, ex-
ploitation, fighting, mating, and reproduction.
Boundary control is applied after each position
update to ensure that all candidate solutions re-
main within the predefined search ranges. At
each iteration, the fitness of an individual is eval-
uated by training a KELM classifier with the cor-
responding parameter pair and measuring its clas-
sification accuracy on the validation set. The fit-
ness function is defined as

Fitness(Xi) = Accval(Xi), (16)

where Accval(Xi) denotes the validation accuracy
obtained by the KELM model parameterized by
Xi.

Through iterative fitness evaluation, population
evolution, boundary control, and global best so-
lution tracking, SKELM searches for a suitable
parameter pair (C∗, σ∗). After the termination
criterion is satisfied, the final KELM classifier is
retrained using (C∗, σ∗) on the combined training
and validation datasets. The generalization per-
formance of the resulting model is then evaluated
on an independent test set.

The overall workflow of the proposed SKELM
algorithm is illustrated in Figure 1, and the de-
tailed procedural steps are summarized in Table
1.

As shown in Table 1, the proposed SKELM
algorithm follows an optimization-training proce

Start

Input: Data
(Dtrain,Dval,Dtest)

Bounds (C, σ),
Params (P, tmax)

S1: Initialize popula-
tion {X0

i } in bounds.
S2: Divide popu-
lation into groups.

S3: Evaluate fitness (Accval).
S4: Select global best Xbest.

t = 1

t ≤ tmax?

S5: Compute Q(t) and T (t).

S6–S7: Determine
phase and update

individuals using SO rules.

S8: Apply boundary control.
S9: Re-evaluate fitness.

S10: Update Xbest.

t = t + 1

S11: Obtain
(C∗, σ∗) = Xbest.

S12: Train final KELM
on Dtrain ∪ Dval.

S13: Evaluate on Dtest.

Output: (C∗, σ∗),
final SKELM, Acctest.

Stop

Yes

No

Figure 1. Flowchart of the proposed SKELM algorithm
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Table 1. Procedure of the proposed SKELM classification algorithm

Step Description

Input Training set Dtrain, validation set Dval, and test set Dtest; search bounds C ∈ [Cmin, Cmax] and
σ ∈ [σmin, σmax]; population size P and maximum iterations tmax.

Output Optimized parameters (C∗, σ∗), trained SKELM classifier, and test accuracy Acctest.
Step 1 Initialize a population {X0

i }Pi=1, where each individual X0
i = [C0

i , σ
0
i ] is randomly generated within

the predefined bounds.
Step 2 Divide the population into groups according to the SO mechanism.
Step 3 Evaluate the fitness of each individual by training a KELM classifier with (C0

i , σ
0
i ) on Dtrain and

computing the validation accuracy Accval on Dval.
Step 4 Select the best individual as the initial global best solution Xbest.
Step 5 For iteration t = 1 to tmax, compute the food quantity factor Q(t) and the environmental temper-

ature factor T (t).
Step 6 Determine the behavioral phase according to Q(t) and T (t).
Step 7 Update each individual Xt

i according to the corresponding SO behavioral rules.
Step 8 Apply boundary control to ensure that all candidate solutions remain within the predefined search

ranges.
Step 9 Re-evaluate the fitness of each updated individual.
Step 10 Update the global best solution Xbest if a better parameter pair is found.
Step 11 Obtain the optimized parameters (C∗, σ∗) = Xbest.
Step 12 Train the final KELM classifier using (C∗, σ∗) on Dtrain ∪ Dval.
Step 13 Evaluate the final model on Dtest to obtain Acctest.

-dure. First, each snake individual is encoded as
a candidate parameter pair (C, σ). Then, SO it-
eratively updates the population according to its
behavioral rules and evaluates each candidate so-
lution using validation accuracy. After the maxi-
mum number of iterations is reached, the best pa-
rameter pair (C∗, σ∗) is selected to train the final
KELM classifier, which is then evaluated on the
independent test set. This procedure separates
parameter optimization from final model evalua-
tion.

5. Experimental results and analysis

5.1. Experimental setup

To comprehensively evaluate the classification
performance, convergence behavior, and stabil-
ity of the proposed SKELM, experiments were
conducted on ten benchmark datasets from the
UCI repository,40 including Wine, Balance, Zoo,
Heart, WDBC, Iris, Soybean, P_gene, Glass, and
Haberman. These datasets cover different sample
sizes, feature dimensions, and classification char-
acteristics, thereby providing a representative ba-
sis for evaluating the robustness and generaliza-
tion ability of the proposed method. Table 2
summarizes the basic information of the ten UCI
benchmark datasets used in the experiments,
including the number of samples, features, classes,
and the adopted training ratios.

All experimental results are reported as the av-
erage performance over 20 independent runs with
different random data partitions and optimizer
initializations.
All experiments were implemented in MATLAB

R2017a under the same computational environ-
ment to ensure a fair comparison among different
methods. For each dataset, the samples were ran-
domly divided into training and testing subsets
according to the specified training ratio. Dur-
ing the parameter optimization stage, a validation
subset was further separated from the training
data to calculate the validation accuracy Accval,
which was used as the fitness value for the opti-
mization algorithm. After the optimal parameter
pair (C∗, σ∗) was obtained, the final KELM clas-
sifier was retrained using the combined training
and validation data and then evaluated on the in-
dependent testing set.
To ensure a controlled comparison, the same ran-

dom data partitions were used for all compared
methods in each independent run. In other words,
KELM, LSOKELM, SSAKELM, and SKELM
were evaluated on the same training, validation,
and testing subsets under the corresponding run.
For the metaheuristic-based methods, the same
population size, maximum number of iterations,
search dimension, and parameter search ranges
were adopted. Therefore, the reported differences
mainly reflect the behavior of the optimization
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strategies under the current experimental config-
uration rather than differences in data splitting
or search-space settings.

5.2. Kernel function and parameter
settings

For all KELM-based methods, the radial basis
function (RBF) kernel was adopted to ensure a
fair and consistent comparison. The RBF kernel
is widely used for nonlinear classification tasks be-
cause it can implicitly map input samples into a
high-dimensional feature space and capture com-
plex nonlinear relationships among samples. In
the proposed SKELM and other metaheuristic-
based KELM variants, the regularization parame-
ter C and the RBF kernel width σ were optimized
simultaneously.

For all optimization algorithms, the maximum
number of iterations was fixed at 100, the popu-
lation size was set to 30, and the search dimen-
sion was set to 2, corresponding to the two opti-
mized KELM parameters (C, σ). The same opti-
mization configuration was used for LSOKELM,
SSAKELM, and SKELM. Therefore, the observed
performance differences mainly reflect the search
capability and optimization mechanism of each al-
gorithm rather than differences in experimental
settings.

5.3. Classification performancecomparison

When the random proportion of training data in
the Wine dataset is set to 0.5, the classification
accuracies of KELM, LSOKELM, SSAKELM,

and SKELM are 91.11%, 94.62%, 94.22%, and
98.01%, respectively, as shown in Figure 2.
Compared with the original KELM, the pro-
posed SKELM improves the classification accu-
racy by 6.90 percentage points. It also outper-
forms LSOKELM and SSAKELM by 3.39 and
3.79 percentage points, respectively. This result
suggests that the Snake Optimizer may provide
a useful parameter search strategy for KELM on
the Wine dataset under the current experimental
setting.
When the random proportion of training data in

the Balance dataset is set to 0.5, the classification
accuracies of KELM, LSOKELM, SSAKELM,
and SKELM are 97.34%, 97.76%, 97.12%, and
99.36%, respectively. The classification compari-
son is shown in Figure 3. Although all methods
achieve relatively high classification accuracy on
this dataset, SKELM still achieves the best result.
This result indicates that the proposed method
still yields a high classification accuracy on this
dataset under the adopted experimental setting.

Future work will provide dataset-level stan-
dard deviations, confidence intervals, convergence
curves, and runtime comparisons to support a
more rigorous stability analysis.

As shown in Table 3, the proposed SKELM
achieves the unique best classification accuracy
on five datasets, namely Zoo, Heart, WDBC,
P_gene, and Haberman, and obtains the tied
best performance on three datasets, namely Iris,
Soybean, and Glass. These results indicate that
SKELM achieves competitive classification per-

Table 2. Summary of the UCI benchmark datasets used in the experiments

Dataset Samples Features Classes Training Ratio

Wine 178 13 3 0.5

Balance 625 4 3 0.5

Zoo 101 16 7 0.3

Heart 270 13 2 0.3

WDBC 569 30 2 0.4

Iris 150 4 3 0.4

Soybean 307 35 19 0.4

P_gene 106 57 2 0.5

Glass 214 9 6 0.5

Haberman 306 3 2 0.5

Notes: Soybean refers to the Soybean Large dataset, which contains 307 instances, 35 attributes, and 19 disease classes. 41

P_gene refers to the Promoter Gene Sequences dataset, which contains 106 DNA sequences with 57 nucleotide-position
features for binary promoter classification. 42
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Figure 2. Comparison of classification accuracy of different algorithms on the Wine dataset with a training
ratio of 0.5.
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Figure 3. Comparison of classification accuracy of different algorithms on the Balance dataset with a
training ratio of 0.5.

formance across the tested datasets under the cur-
rent experimental setting. However, because the
comparison is limited to KELM, LSOKELM, and
SSAKELM, these results should be interpreted as
preliminary evidence rather than conclusive proof
of general superiority over all parameter optimiza-
tion strategies.

Compared with the original KELM, SKELM
improves the classification accuracy on most
datasets. This improvement is consistent with
the observation that the performance of KELM is
strongly affected by the selection of the regular-
ization parameter C and the RBF kernel width
σ. When these parameters are not properly se-
lected, KELM may suffer from underfitting, over-
fitting, or unstable decision boundaries. By using
the Snake Optimizer to search for a suitable pa-
rameter pair (C, σ), SKELM reduces the depen-
dence on manual parameter tuning and improves

the adaptability of KELM to datasets with differ-
ent data distributions.

Compared with LSOKELM and SSAKELM,
SKELM yields competitive performance on sev-
eral datasets. The improvement is particularly ev-
ident on P_gene and Haberman. On the P_gene
dataset, SKELM achieves 83.33%, outperform-
ing KELM, LSOKELM, and SSAKELM by 20.37,
1.85, and 7.40 percentage points, respectively. On
the Haberman dataset, SKELM reaches 79.87%,
which is also higher than all compared meth-
ods. These results suggest that the food-quantity
and environmental-temperature mechanisms of
SO can provide a superior balance between global
exploration and local exploitation when searching
in the coupled parameter space of KELM.

It should be noted that several methods achieve
100.00% accuracy on Iris, Soybean, and Glass.
This indicates that these datasets are relatively
easier for the compared KELM-based classifiers
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under the given training ratios. Therefore, the
results on these datasets provide limited evidence
for distinguishing the optimization capabilities
of different algorithms. In contrast, the perfor-
mance gains on more challenging datasets, such as
P_gene, Haberman, Heart, and WDBC, provides
stronger evidence for the effectiveness of SKELM.

Overall, the classification results suggest that
SKELM can provide a feasible SO-based param-
eter optimization mechanism for KELM. Never-
theless, additional comparisons with grid-search
KELM, random-search KELM, PSO-KELM, GA-
KELM, and RBF-SVM would be needed in future
work to further verify the relative advantage of
the proposed method.

5.4. Discussion on convergence speed and
stability

In addition to classification accuracy, convergence
behavior and result variability are also useful ref-
erences for evaluating metaheuristic-based KELM
optimization methods. In this study, the average
number of iterations and the standard deviation
of accuracy over repeated runs were recorded as
descriptive indicators. It should be noted that
these indicators provide only preliminary evidence
of convergence and stability, since detailed conver-
gence curves, runtime comparisons, and statistical
significance tests were not included in the present
study.

Table 4 presents the descriptive convergence
and variability results of the compared methods.
As discussed above, these values should be re-
garded as preliminary indicators rather than de-
finitive
evidence of convergence superiority or robustness.

Among the metaheuristic-based methods,
SKELM requires 35 average iterations, while
LSOKELM and SSAKELM require 42 and 68 av-
erage iterations, respectively. This observation

suggests that SO may locate a suitable parameter
pair within fewer iterations in the reported exper-
iments. However, since no complete convergence
curves or runtime comparisons are provided, this
result should be interpreted cautiously as a de-
scriptive comparison rather than a definitive con-
clusion.

In terms of result variability, SKELM obtains
a standard deviation of 0.96%, which is lower
than those of KELM, LSOKELM, and SSAKELM
in the current experimental records. This indi-
cates that SKELM produced relatively consistent
accuracy values across the repeated runs. Nev-
ertheless, the robustness claim remains prelimi-
nary since standard deviations for each individual
dataset and statistical significance tests are not
reported. Future work will provide dataset-level
standard deviations, confidence intervals, conver-
gence curves, and runtime comparisons to support
a more rigorous stability analysis.

Among the metaheuristic-based methods,
SKELM achieves the fastest convergence, re-
quiring only 35 average iterations to reach
the optimized solution. This is fewer than
LSOKELM with 42 iterations and much fewer
than SSAKELM with 68 iterations. The re-
sult suggests that SO can search the coupled pa-
rameter space of the regularization parameter C
and the RBF kernel width σ more efficiently.
The adaptive food-quantity and environmental-
temperature mechanisms allow the optimizer to
conduct global exploration in the early stage and
strengthen local exploitation in promising regions
during the later stage, thereby accelerating the
convergence process.

In terms of stability, SKELM obtains the low-
est standard deviation of 0.96%, outperforming
KELM, LSOKELM, and SSAKELM. A lower
standard deviation indicates that SKELM pro-
duces more consistent results across repeated

Table 3. Classification accuracy (%) of different algorithms on UCI datasets

Dataset (Training Ratio) KELM LSOKELM SSAKELM SKELM

zoo (0.3) 90.41 91.78 90.41 93.15

heart (0.3) 55.03 61.90 62.43 62.96

wdbc (0.4) 88.05 90.09 88.34 91.55

iris (0.4) 100.00 100.00 100.00 100.00

soybean (0.4) 100.00 100.00 100.00 100.00

p_gene (0.5) 62.96 81.48 75.93 83.33

glass (0.5) 100.00 85.32 100.00 100.00

haberman (0.5) 74.03 75.97 74.03 79.87
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Table 4. Descriptive convergence and stability comparison of different algorithms

Algorithm Avg. iterations Std. Dev. (%) Remark

KELM – 1.92 No optimization

LSOKELM 42 1.15 Optimization-based

SSAKELM 68 1.48 Optimization-based

SKELM 35 0.96 Optimization-based

independent runs. This improvement can be at-
tributed to the population diversity and adaptive
behavioral update mechanisms of SO, which re-
duce the risk of premature convergence and en-
hance robustness during parameter search.

Overall, the convergence and stability results
further support the effectiveness of the proposed
SKELM model. Compared with existing KELM-
based optimization methods, SKELM not only
improves classification accuracy but also achieves
a better balance among optimization efficiency,
convergence stability, and robustness.

5.5. Computational complexity discussion

The computational cost of SKELM mainly con-
sists of KELM training, validation prediction, and
SO-based repeated candidate evaluation. For one
KELM training process, constructing the RBF
kernel matrix requires pairwise similarity compu-
tation among training samples, with a complexity
of approximately O(N2d), where N is the number
of training samples and d is the feature dimension.
Solving the regularized linear system generally re-
quires O(N3) operations.

For each candidate parameter pair (C, σ), the
KELM model must be trained on the training sub-
set and evaluated on the validation subset. If the
validation set contains Nv samples, the validation
prediction cost is approximately O(NvNd), since
kernel similarities between validation and train-
ing samples need to be computed. Therefore, the
computational cost of one candidate evaluation
can be approximately expressed as

O
(
N2d+N3 +NvNd

)
.

Given a population size P and maximum itera-
tion number tmax, the overall computational cost
of SKELM can be written as

O
(
Ptmax

(
N2d+N3 +NvNd

))
.

This indicates that SKELM introduces addi-
tional optimization overhead compared with the
original KELM, since KELM training and valida-
tion need to be repeatedly performed for multi-
ple candidate solutions. Therefore, the proposed

method is more suitable for small- and medium-
scale datasets. For large-scale datasets, scalable
kernel approximation, reduced candidate evalua-
tion, early stopping, or parallel computing strate-
gies may be required.

5.6. Discussion on parameter effects

The performance of SKELM is affected by two
groups of parameters. The first group consists of
the KELM model parameters, namely the regular-
ization parameter C and the RBF kernel width σ.
These two parameters directly determine the gen-
eralization ability of KELM. Specifically, C con-
trols the trade-off between empirical fitting error
and model regularization. An excessively large
value of C may lead to overfitting, while an ex-
cessively small value may cause underfitting. The
RBF kernel width σ determines the scale of non-
linear similarity measurement among samples. A
very small σ may make the classifier overly sen-
sitive to local variations, whereas a very large σ
may weaken the discriminative ability of the ker-
nel function.
The second group consists of the control param-

eters of the Snake Optimizer, including the popu-
lation size P , the maximum number of iterations
tmax, and the behavioral control factors used in
the exploration and exploitation phases. These
parameters affect the search efficiency and con-
vergence behavior of SO. A larger population size
or more iterations may increase the probability of
finding a better parameter pair (C, σ), but they
also increase computational cost. Conversely, too
small a population size or too few iterations may
result in insufficient search and premature conver-
gence.

Notably, this subsection provides a qualitative
discussion of parameter effects rather than a full
parameter sensitivity experiment. In this study,
the optimization settings were fixed across all
compared metaheuristic-based KELM methods to
ensure a controlled comparison. Specifically, the
population size was set to 30, the maximum num-
ber of iterations was set to 100, and the search
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dimension was fixed at 2. Under these settings,
the performance differences among LSOKELM,
SSAKELM, and SKELM mainly reflect their opti-
mization mechanisms under the adopted configu-
ration. A systematic sensitivity analysis involving
different population sizes, iteration numbers, and
search ranges will be considered in future work.

5.7. Practical advantages and limitations

The proposed SKELM has several practical ad-
vantages for nonlinear classification tasks. First,
it reduces the dependence on manual parame-
ter tuning by automatically searching for the
regularization parameter C and the RBF ker-
nel width σ. This is important because inap-
propriate parameter settings may lead to overfit-
ting, underfitting, or unstable classification per-
formance. Second, SKELM may improve the sta-
bility of KELM parameter selection by using the
adaptive exploration-exploitation mechanism of
SO. The food quantity and environmental tem-
perature control factors help the optimizer ex-
plore the global search space and refine promis-
ing parameter regions. Third, the compact two-
dimensional encoding strategy, in which each in-
dividual represents a candidate parameter pair
(C, σ), makes the optimization process simple, in-
terpretable, and easy to implement.
From an application perspective, SKELM is suit-

able for small- to medium-scale nonlinear classi-
fication problems where model accuracy, training
efficiency, and parameter stability are important.
Potential application scenarios include medical di-
agnosis, fault detection, intrusion detection, fi-
nancial risk assessment, quality inspection, and
other classification tasks with nonlinear data dis-
tributions. Since the proposed method can au-
tomatically identify a suitable parameter pair, it
is particularly useful when prior knowledge about
optimal KELM parameter settings is unavailable.

However, SKELM also has several limitations.
First, since KELM relies on kernel matrix com-
putation, the computational cost may increase
rapidly when the number of training samples be-
comes large. This limits the direct application
of SKELM to large-scale datasets without kernel
approximation or acceleration strategies.Second,
the current fitness function is based on valida-
tion accuracy. Although accuracy is intuitive and
widely used, it may be insufficient for highly im-
balanced datasets, where minority-class perfor-
mance is more important. In such cases, macro-
F1, balanced accuracy, sensitivity, specificity, or
AUC-based fitness functions may be more appro-
priate.

Third, highly sparse data may reduce the re-
liability of the RBF kernel matrix. When most
feature values are zero or near zero, pairwise ker-
nel similarities may become less informative, and
the optimizer may select parameter values that
fit the validation subset but generalize poorly to
unseen data. Possible mitigation strategies in-
clude sparse-data preprocessing, feature selection,
dimensionality reduction, alternative kernel func-
tions, and sparsity-aware fitness functions.

Fourth, the present study compares SKELM
mainly with KELM, LSOKELM, and SSAKELM.
Although this comparison provides preliminary
evidence for the feasibility of the SO-based pa-
rameter search strategy, stronger baselines such as
grid-search KELM, random-search KELM, PSO-
KELM, GA-KELM, and RBF-SVM should be
included in future work. In addition, to pro-
vide a more rigorous assessment of the proposed
method, future studies should report dataset-level
standard deviations, confidence intervals, statisti-
cal significance tests, convergence curves, runtime
comparisons, and additional evaluation metrics.

Future work will investigate scalable ker-
nel approximation strategies to reduce computa-
tional cost on large-scale datasets. Meanwhile,
imbalance-aware and sparsity-aware fitness func-
tions will be designed to improve robustness un-
der imbalanced or sparse data conditions. Sparse-
data preprocessing, feature selection, dimension-
ality reduction, adaptive parameter-bound selec-
tion, and multi-objective optimization strategies
will also be explored to further improve the practi-
cal applicability of SKELM in complex real-world
scenarios.

5.8. Summary of experimental findings

In summary, the experimental results provide pre-
liminary evidence that the proposed SKELM can
achieve competitive classification performance on
the selected UCI benchmark datasets. Com-
pared with the original KELM, SKELM improves
the reported accuracy on most datasets by au-
tomatically searching for the regularization pa-
rameter and RBF kernel width. Compared with
LSOKELM and SSAKELM, SKELM alsoyields
competitive performance in several datasets un-
der the same population size, maximum iteration
number, and search ranges.

However, the current experimental evidence
should be interpreted with caution. The reported
results are mainly based on classification accu-
racy. Additional metrics such as macro-F1, bal-
anced accuracy, sensitivity, specificity, and AUC
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are not included. Moreover, statistical signifi-
cance tests, convergence curves, runtime compar-
isons, and stronger baseline methods are not pro-
vided in the present version. Therefore, the cur-
rent findings support the feasibility and poten-
tial usefulness of SKELM, but they do not fully
establish its general superiority over all existing
parameter optimization or kernel-based classifica-
tion methods.

6. Conclusion

This paper investigated the parameter sensitiv-
ity problem of Kernel Extreme Learning Ma-
chine (KELM) in nonlinear classification tasks.
Since the performance of KELM is strongly af-
fected by the regularization parameter C and
the RBF kernel width σ, this study intro-
duced a Snake Optimizer-based KELM frame-
work, termed SKELM, to automatically search for
a suitable combination of these two coupled pa-
rameters. The main purpose of this work is not to
modify the original KELM learning mechanism,
but to examine whether the Snake Optimizer can
serve as a useful alternative search strategy for
KELM parameter selection.
Experiments were conducted on ten UCI bench-

mark datasets under controlled optimization set-
tings. The results indicate that SKELM obtained
the unique best accuracy on five datasets, includ-
ing Zoo, Heart, WDBC, P_gene, and Haberman,
and ties for the best accuracy on Iris, Soybean,
and Glass. In the reported convergence and sta-
bility comparison, SKELM required 35 average
iterations, while LSOKELM and SSAKELM re-
quired 42 and 68 average iterations, respectively.
SKELM also reported a standard deviation of
0.96%, which was lower than those of the com-
pared methods in the current experimental reco-
rds. These numerical results suggest that the
SO-based search mechanism has the potential to
improve KELM parameter selection under the
adopted experimental setting.
The significance of this study is to provide a sim-

ple and interpretable SO-driven parameter opti-
mization framework for KELM. By encoding each
snake individual as a two-dimensional parameter
pair (C, σ) and using validation accuracy as the
fitness function, the proposed method reduces the
need for manual parameter tuning and offers a
practical optimization procedure for small- and
medium-scale nonlinear classification tasks. The
results also suggest that the adaptive exploration
and exploitation mechanism of SO may be use-
ful for searching the coupled parameter space of
KELM.

Nevertheless, the conclusions of this study
should be interpreted cautiously. The current ex-
periments mainly rely on classification accuracy
and do not include additional metrics such as
macro-F1, balanced accuracy, sensitivity, speci-
ficity, or AUC. Statistical significance tests, confi-
dence intervals, detailed convergence curves, and
runtime comparisons are not provided either. In
addition, the comparison is limited to KELM,
LSOKELM, and SSAKELM, while stronger base-
lines such as grid-search KELM, random-search
KELM, PSO-KELM, GA-KELM, and RBF-SVM
require further investigation.

Future work will focus on strengthening the
experimental validation of SKELM. More com-
prehensive comparisons with additional baseline
methods, dataset-level standard deviations, sta-
tistical significance tests, convergence curves, run-
time analysis, and multiple evaluation metrics
should be included. Moreover, scalable kernel ap-
proximation, sparse-data preprocessing, feature
selection, dimensionality reduction, imbalance-
aware fitness functions, and sparsity-aware opti-
mization strategies will be considered for improv-
ing the applicability of SKELM to large-scale, im-
balanced, and highly sparse datasets.
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Appendix A. List of abbreviations

This appendix lists the main abbreviations used in this paper to improve readability and ensure
consistent terminology throughout the manuscript.

List of abbreviations used in this paper

Abbreviation Full term

ELM Extreme Learning Machine
KELM Kernel Extreme Learning Machine
SKELM Snake Optimizer-based Kernel Extreme Learning Machine
SO Snake Optimizer
RBF Radial Basis Function
PSO Particle Swarm Optimization
GA Genetic Algorithm
SSA Sparrow Search Algorithm
LSO Lion Swarm Optimization
LSOKELM Lion Swarm Optimization–based Kernel Extreme Learning Machine
SSAKELM Sparrow Search Algorithm–based Kernel Extreme Learning Machine
UCI University of California Irvine Machine Learning Repository
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