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ABSTRACT

The current digital era greatly demands reliable automatic classification systems, especially to handle large and
increasingly complex data volumes. One attractive alternative is the Particle Swarm Optimization (PSO) algorithm, which
is recognized for its effective global search. Nevertheless, the performance of PSO for training artificial neural networks
with complex or large-scale data is still uncertain. The primary purpose of this research is to create and assess a
classification engine based on MLP, which uses a PSO algorithm to generate weights and biases. The assessment was
made on three different types of data - dummy data, Iris data, and Sasak script images. For the dummy and Iris datasets,
the model successfully achieved 100% accuracy, demonstrating the effectiveness of the PSO-MLP approach on simpler
data. However, the results differed significantly for the more extensive and complex image dataset, where the model
experienced a drastic decline in performance. In the image classification test with 6 classes, the model with one hidden
layer achieved 71% accuracy, while the model with two hidden layers only reached 56%. For 12-class classification,
accuracy dropped to 35% and 25%, respectively, and for 18 classes, the model achieved only 27% and 7%. These results
indicate that while PSO is effective in optimizing perceptron weights and biases for smaller and simpler datasets, its
ability to handle large-scale image classification with increasing complexity remains limited. Therefore, there is a need
for optimization strategies to enhance the accuracy of optimization for more complex data.
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1. INTRODUCTION

The evolution of classification technology, especially in the areas of artificial intelligence and machine
learning, is advancing exceptionally quickly today. The development of classification systems is one of the
core elements of artificial intelligence and machine learning because it is fundamental to the requirements of
pattern recognition, data classification and automating decision making processes. In the pursuit of creating
efficient and precise. The increasing number of studies employing diverse datasets with varying characteristics
has encouraged the exploration of adaptive classification models, as implemented in this research.

One increasingly popular approach involves the use of population-based optimization algorithms. To
build an optimal classification model, experimentation with various types of data is essential. This study begins
with simple data, namely dummy data, which in certain classification cases can produce high accuracy and
serves as an initial step to evaluate the model's workflow and detect potential errors[1]. Subsequently, the Iris
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dataset is utilized, consisting of 150 flower samples classified into three categories: Iris setosa, Iris versicolor,
and Iris virginica, based on the length and width of petals and sepals[2].

The third dataset consists of images of Sasak script characters Feature extraction in this context is
performed using the Discrete Cosine Transform (DCT). This approach is effective in minimizing redundancy
while emphasizing the most significant features. DCT has been shown to enhance classification performance
by emphasizing relevant frequency information in images[3]. After feature extraction, classification is
performed using a Multilayer Perceptron (MLP) with a feedforward architecture, which has the ability to model
matrix multiplication between inputs and weights, and applies activation functions to map values into non-
linear forms. We look at how important CNN methods are changing the way medical images are sorted.
Researchers are making things more accurate and efficient by concentrating on data preprocessing, transfer
learning, new architectures, and explainability. These models are already helping doctors figure out what's
wrong with people who have lung and skin problems, diabetic retinopathy, brain tumors, bleeding, leukemia,
and breast cancer[4].

To tackle the optimization challenge at hand, we will employ the Particle Swarm Optimization (PSO)
algorithm. PSO is a sophisticated, population-based optimization technique that draws inspiration from the
collective behaviors exhibited by certain organisms, such as birds and fish, in their pursuit of resources.[5].
PSO offers the advantage of exploring the solution space globally, thus avoiding local minima traps, and
accelerating convergence, making it particularly suitable for optimizing the weights and biases of neural
networks.[6]. As highlighted addressing preprocessing challenges particularly in cloud-prone regions like
Indonesia through morphological operations significantly enhances the accuracy of classification models that
rely on multispectral image inputs[7].

A number of previous studies have shown the effectiveness of Particle Swarm Optimization (PSO) in
improving the accuracy and efficiency of classification systems. For example, in the classification of Chronic
Kidney Disease (CKD), the combination of PSO with SVM and AdaBoost achieved an accuracy of up to
99.50% [6]. In brain tumor classification, PSO was applied during the segmentation stage and combined with
transfer learning-based CNNs (e.g., AlexNet and Inception-V3), achieving up to 99.0% accuracy on the
BRATS-2017 and BRATS-2018 datasets [5]. Other studies look at how to make coral reef image classification
better by using Particle Swarm Optimization (PSO) for feature selection, Histogram of Oriented Gradients
(HOG) for feature extraction, and Support Vector Machine (SVM) for classification. The research examined
datasets of healthy, bleached, and deceased corals, categorized into training, validation, and test sets. This
method greatly improved the accuracy of classification, going from 79.11% with the original SVM model to
85.44% with the PSO-optimized SVM[8].

However, several studies using the PSO algorithm do not always show good results. For instance, in
text data classification tasks such as SMS spam and sentiment analysis, the best accuracy was achieved without
PSO 98% for SMS spam and 84.03% for sentiment analysis while with PSO, the accuracy dropped to 65.26%
and 71.23%, respectively [4]. In a meta-analysis it was found that although genetic algorithms increased the
average output of neural networks by 3.44%, the effect was not statistically significant, highlighting the
importance of careful algorithmic tuning in neural network optimization strategies[9].

Particle Swarm Optimization (PSO) is now the most accepted meta-heuristic optimization algorithm
to use for neural networks and is particularly predominant when exploring. Recently, PSO has shown great
success in augmenting performance of neural networks by exploring hyperparameters and alternatives to neural
network architectures. For instance, [10] proposed a multi-level PSO for optimizing Convolutional Neural
Networks (CNN), which resulted in improved classification accuracy on complex image datasets[10].
Similarly,[11] introduced CPSO-Net, a continuous PSO-based deep learning framework for hyperspectral
image classification, achieving competitive performance compared to traditional optimization methods[11]. In
addition, PSO variants have been explored for CNN optimization without velocity equations, providing
efficient solutions for image classification with reduced computational costs[12]. Other approaches combine
PSO with extreme learning machines (ELM) for hyperspectral image analysis, further confirming the
adaptability of PSO in handling high-dimensional data[13]. More recently, multi-objective metaheuristic
approaches including PSO have been investigated to optimize CNNs for balancing accuracy and complexity,
indicating the potential of PSO in developing scalable and generalized classification models[14]. A recent
study similarly emphasized the role of optimization techniques like genetic algorithms in refining network
configurations, showing improved RMSE values when applied to time-series forecasting models such as
RNNs. This knowledge makes it even more clear how important hyperparameters are for optimizing sets, which
can be very different for different datasets and classification problems[15].

Research has demonstrated that the Particle Swarm Optimization (PSO) algorithm performs
effectively with straightforward datasets, including numerical data and established datasets such as the Iris
dataset. However, its efficacy tends to diminish when applied to more intricate datasets, particularly those
involving image data with a high number of classes. This research is an extension of the author's previous
study[16], in which Particle Swarm Optimization (PSO) was used to optimize a Multilayer Perceptron (MLP)
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model without hidden layers, and comparisons were made with CNN and SVM methods on simple datasets
such as Iris and dummy data. The study demonstrated that PSO was effective for classifying simple data but
did not explore the impact of varying network architectures or its application to more complex image data.
Therefore, this current study presents a further development by introducing one and two hidden layers into the
MLP architecture and testing the model on the Sasak script image dataset. The aim is to evaluate the limitations
of PSO in optimizing neural networks for the classification of more complex and multiclass datasets. This
occurred because the network architecture used had not been further explored, so the potential of PSO in
addressing multi-class image classification problems had not been fully optimized. In addition, research that
specifically develops a classification machine for Sasak script images using PSO as the main optimization
method is still very limited, thus this study carries a novelty value and can contribute to the development of
classification methods for traditional image data with high complexity.

As a powerful non-derivative optimization algorithm, Particle Swarm Optimization (PSO) is
particularly effective for addressing non-linear and complex optimization challenges. In light of these
advantages, this study utilizes PSO to enhance the training of a classification model based on an advanced
Multilayer Perceptron (MLP) architecture. The experimental scope is systematically expanded by evaluating
the model’s performance across varying class configurations specifically 6, 12, and 18 classes to explore the
limitations of PSO-based classification when applied to datasets of increasing complexity, and to assess the
adaptability and generalizability of the PSO approach across different data characteristics. Building upon the
previous research, this study is designed to reflect its primary objective to develop and evaluate a classification
machine based on a Multilayer Perceptron (MLP) optimized using Particle Swarm Optimization (PSO), while
also identifying the limitations and potential improvements of this approach when applied to complex datasets.

2. RESEARCH METHOD

The research methodology in this study is designed to classify image data using a neural network
model optimized by Particle Swarm Optimization (PSO). The overall workflow includes several main stages,
starting with data collection, followed by preprocessing, and continuing to feature extraction utilizing the
Discrete Cosine Transform (DCT). The extracted features are then selected and passed through a feedforward
process to the neural network structure.

This model uses a Multi-Layer Particle Swarm Optimization (ML-PSO) architecture. The training
process begins with initialization of particle positions and velocities, followed by iterative updates based on
fitness evaluation. During this process, input data is effectively propagated through one or more hidden layers.
Training ends after reaching a predetermined maximum number of iterations or after reaching a specified error
threshold. Model performance is then assessed using standard classification metrics, including accuracy,
precision, recall, and F1 score.

The process is comprehensively illustrated in Figure 1, which details the step-by-step workflow of the
proposed classification approach that integrates neural networks with Particle Swarm Optimization (PSO).
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Figure 1. Flow Classification Machine Model

2.1. Dataset
This Reaserch use three different datasets to evaluate the generelization capability of the proposed
classification model:
1. Dummy Data
Manually generated data with simple numeric patterns, useful for baseline evaluation and model
debugging that can be seen in the Figure 2.
[[0.8736303 0.12462297 0.01813066]
[0.991553085 0.36308439 ©.23412158]
[0.63668365 0.40702516 ©.54726649]
[0.95208912 0.02228722 0.69382771]
[1.69209963 1.85771963 ©.63569161]
[0.30880044 1.26390046 0.68082922]
[0.56120452 1.08903958 @.81189573]
[1.36469162 0.92173876 1.28186539]
[0.95826879 1.07176646 8.65911766]]

[9. 8. 0.06.1.1. 1. 1. l.]
Figure 2. Dummy Dataset

2. Iris Dataset

The Iris dataset employed in this study is based on previous research comparing the classification
performance of the K-Nearest Neighbor and Random Forest algorithms. The dataset includes 150 flower
samples, each sample described with four traits: sepal length, sepal width, petal length, and petal width.
These flower samples are usually categorized into three different species of flower: Iris setosa, Iris
versicolor, and Iris virginica—as established in prior studies[17]. The image of those samples can be seen
in the Figure 3.
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iris virginica
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Figure 3. Iris Dataset
3. Sasak Script Image Dataset

The image dataset of Sasak script utilized in this study originates from previous research involving
the implementation of Convolutional Neural Networks (CNN) for character recognition on Android
platforms, which reported a high classification accuracy of 99.31%][18]. The dataset is organized
systematically into three subsets; the first subset contains 18 classes, the second subset contains 12 classes,
and the third subset contains 6 classes. Each class contains 600 handwritten character samples. Participants
in the data collection represented a variety of educational backgrounds, including elementary school
students, junior high school students, senior high school students, and university students. Participants
were instructed to write Sasak characters on A4-sized paper that was formatted with a 4x4 cm grid, so that
the placement of the characters was consistent. All character samples were digitized and saved in PNG file
format and were saved at a resolution of 128 x 128 pixels. Examples of images of each Sasak script image
can be seen in the Figure

ID: ba ID: ca ID: da ID: ga ID: ha ID: ja ID: ka
ID: la ID: ma ID: na ID: nga ID: nya ID: pa ID: ra
ID: sa ID: ta ID: wa ID: ya

Figure 4. Sasak Scrip Image Dataset
2.2. Labeling

In the labeling stage, each of the three datasets used a different labeling approach. The dataset used in
this analysis contained three columns as input variables, plus another variable column that indicated the dataset
as a form of identifier. The Iris dataset includes measurements of sepal length, sepal width, petal length, petal
width, and species of the iris. Specifically, the species, which were Setosa, Versicolor, and Virginica, have
been formatted as numerical labels, specifically 0, 1, and 2. The conversion of the categorical labels into
numerical labels allows the model to effectively optimize the weights and biases based on differences between
classes.

In this study, the labeling process for the Sasak character dataset was conducted by assigning a unique
numerical identifier to each class of character images during the dataset loading phase. As we loaded the images
from the folder, we determined the class labels based on the folder names. Each subfolder represented a specific
character class. Each image was then associated with an integer label corresponding to its respective class. The
labels were subsequently converted into a one-hot encoded format utilizing the to_categorical() function from
the Keras library. This transformation is crucial for multi-class classification tasks, as it effectively converts
integer class labels into binary matrices that represent class membership. For example, an image belonging to
class 3 out of 6 total classes would be represented as a binary vector [0, 0, 0, 1, 0, 0]. This one-hot encoded
label matrix was then used as the target output (y) during the training and evaluation of the classification model.
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2.3. Preprocessing
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The preprocessing stages applied to each dataset in this study depend on the characteristics of the data

used. For the dummy dataset, preprocessing was minimal. The data were directly initialized as NumPy arrays
and split into features and labels without further normalization or standardization in contrast, the Iris dataset
has undergone a series of preprocessing steps, which included the separation of features from labels, the
conversion of categorical labels into a numerical format, and the division of the dataset into training and testing

sets.
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Figure 5. Preprocessing Flow

Meanwhile, in Figure 5 for the Sasak character image dataset, the preprocessing process begins with
the original Sasak script image, which is first converted to grayscale to simplify color information and reduce
computational complexity. The grayscale image undergoes resizing to a standardized dimension, specifically
128x128 pixels, to maintain consistent input sizes for the model. Subsequently, feature extraction is conducted
utilizing the Discrete Cosine Transform (DCT), which effectively converts the image from the spatial domain
to the frequency domain. This transformation highlights critical features while minimizing redundancy. The
outcome of the DCT is a matrix of frequency coefficients that can be further refined, for instance, through the
application of a Zigzag scanning technique, to produce a compact and representative feature vector. This
feature vector then serves as the input for the neural network-based classification model.

2.4, Extraction Fature DCT

Feature extraction utilizing the Discrete Cosine Transform (DCT) is a prominent technique in the field
of image processing, particularly in the context of classification tasks. The DCT serves to convert spatial image
data into the frequency domain, enabling the capture of essential patterns and textures. This transformation
effectively concentrates the image's energy within a limited number of low-frequency components. As a result,
it facilitates dimensionality reduction while preserving vital information, thereby enhancing both the efficiency
and accuracy of classification models[19].

Recent studies have demonstrated the efficacy of DCT in various applications. For instance, in the
classification of brain tumors using MRI images, DCT-based feature extraction combined with machine
learning models like Support Vector Machines (SVM) achieved high classification accuracy, underscoring
DCT's capability to capture discriminative features in medical imaging. Similarly, in the assessment of tobacco
leaf quality, DCT was utilized to extract texture features, leading to a classification accuracy of 90%, which
highlights its effectiveness in agricultural product evaluation[20][21]. In the context of the provided code, DCT
is employed to extract features from grayscale images of Sasak characters. Each image is first converted to
grayscale to ensure uniformity in pixel intensity values. The Discrete Cosine Transform (DCT) is employed to
convert the image into the frequency domain. To effectively manage the dimensionality of the resulting data,
a ZigZag scanning pattern is utilized to select a subset of the most significant DCT coefficients. This method
allows for the extraction of the most informative features from the image. These features are subsequently used
as inputs for training a neural network model, which is optimized through Particle Swarm Optimization (PSO).
This integrated approach harnesses the strengths of DCT in feature extraction and PSO in optimization, leading
to high classification accuracy in the Sasak character recognition task.

2.5. Select Feature

In this process, which takes place after feature extraction using the Discrete Cosine Transform (DCT),
only the most significant coefficients from the transformed matrix are retained to construct a compact and
informative feature vector. The selection process is essential for minimizing the dimensionality of the input
data, which in turn reduces computational complexity. This approach effectively preserves the key
characteristics of the images that are necessary for accurate classification.

In the context of this study, 64 DCT coefficients were selected from each image to serve as the feature
representation. This decision was based on an effort to capture more discriminative information compared to a
previous experiment that utilized only 32 features[16]. The increase in the number of features was designed to
enhance the model’s capability to differentiate between classes by offering a more comprehensive set of
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descriptors for each input. The effects of this modification were further assessed during the model testing phase
to evaluate any improvements in classification performance. This process is vital for reducing computational
complexity while maintaining essential information from the image. The selected features are subsequently
passed to the feedforward stage of the neural network.

2.6. Feed Forward

The feedforward process is the basic computational operation of the Multilayer Perceptron (MLP)
model where input features pass through several layers of neurons. Each neuron in the network computes the
weighted sum of its inputs, along with a bias term and applies a nonlinear activation function, generally
'Rectified Linear Unit' (ReLU), to produce its output. This process will allow the network to learn complex,
nonlinear relationships in the data, which is crucial to obtain high accuracy levels when classifying images.

In this study, the feedforward computation is pair with the Particle Swarm Optimization (PSO)
algorithm for the purpose of optimizing the weights and biases of the network and to supplant traditional
gradient-based optimization methods, like backpropagation. The Particle Swarm Optimization (PSO) has very
powerful benefits including improved global search abilities and more robust against local minima, which
improves the performance of training a neural network.

A primary focus of this study is yet to explore depth of network architectures, and specifically how
many hidden layers would be needed to improve their classification performance. For the past few studies, the
classification model was fit without hidden layers, using only direct connections between inputs and outputs.
While this avoided fitting a complex network with hidden layers, it also restricted the network’s ability to
consider higher level abstractions of the data[16].

To address this limitation, the present study presents and compares two architectural configurations
one with a single hidden layer and another with two hidden layers. The goal is to determine how increased
depth in combination with PSO (Particle Swarm Optimisation) will improve the ability of the ANN (Artificial
Neural Network) to generalise and classify the image data accurately.

Findings from our experiments indicate that the model was able to capture complex relationships more
effectively with additional hidden layers. However, the presence of more than one hidden layer did not always
improve model performance. In some cases, excessive depth, especially with high-dimensional image data,
increased the amount of complexity and can result in overfitting or slow down convergence. These findings
reinforce the importance of tuning architecture for neural networks, even with state-of-the-art optimization
interventions like Particle Swarm Optimization (PSO).

2.7. ML-PSO Architecture

In this study, the classification engine was designed using three different datasets as inputs. Once the
eventuality of pre-processing was reached, the data was processed through a feedforward structure in an ANN
(artificial neural network). The structure calculated the dot product of the input matrix and the weights,
followed by the use of the Rectified Linear Unit (ReLU) activation function. The ReLU activation function
allows negative values to become zeros and positive values to remain, allowing the model to learn non-linear
relationships in the data, providing relative representational power. The neural network had two hidden layers,
which provided additional representational power but also increased the model's generalization ability when
solving complex tasks, what are mostly classification tasks [22].

This study used the Particle Swarm Optimization (PSO) algorithm to optimize the model parameters,
including the weights and biases. PSO is a population-based optimization method, inspired by the behaviors of
natural systems, such as birds flocking or fish schooling and is suitable for optimizing complex real-life
problems. In a PSO approach, each particle in the swarm represents a potential solution and moves in space
based on both their own best position (local best), and the best position of the swarm (global best). The velocity
and position of each particle are updated using the following equations:

vl =w. v+ c1. 1. (pbest - xt) + cz. rz2. (pbest - xt;) (1)
xl-l’+1 = xl-l’+ 1711'+1

where w is the inertia weight, c1 and c2 are cognitive and social learning factors respectively, and rl
and r2 are random values between 0 and 1. This process continues until a maximum number of iterations is
reached, or convergence occurs, with the final solution based on the global best position (gbest) which defines
the best set of weights and biases for the classification model. In this work, the PSO algorithm was employed
to optimize weights and biases of an MLP architecture.

The PSO parameters were chosen as follows: A population size of 500, a max iteration value of 1500,
an initial inertia weight (w) of 0.7 with a damping factor (wdamp) of 0.99, and both learning coefficients,
personal and social, (c1 and c2) were set to 1.5. The parameter values were chosen based on a variety of
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previous works and initial trials, which showed stability during the convergence process. The selected values
of w= 0.7 and wdamp = 0.99 were intended to maintain a balance between exploration and exploitation, while
cl and c2 = 1.5 provided a balanced contribution between individual and collective experience.

To further adapt the algorithm to the increased dataset size and complexity, especially in the
classification of Sasak script images, parameter ranges were adjusted. Specifically, the population size (nPop)
was varied between 500 and 1500, and it tended to increase proportionally with the number of hidden layers
and dataset complexity. Likewise, the maximum number of iterations was extended up to 2000 to allow
sufficient convergence in more complex scenarios. By contrast, for simpler datasets such as Iris and dummy
data, the default parameters adopted from previous studies [11] were retained, since they already yielded stable
and optimal results.

The parameters of PSO, population size (nPop), inertia weight (w), inertia damping ratio (wDamp),
and the learning coefficients (c1 and c2) were optimized based on the features of each dataset. The population
size (nPop) specifies how many particles are traveling through the search space. The inertia weight (w) controls
how much a particle’s past velocity affects its movement, while the damping factor (wDamp) gradually reduces
this influence to help the swarm focus on better solutions over time. The learning coefficients (c1 and c2)
balance the influence of individual experience and the collective knowledge of the swarm, ensuring stable and
reliable optimization. Larger datasets required more particles and iterations to explore a wider search space
and ensure adequate exploration, whereas smaller datasets had lower dimensionality and required fewer
particles to achieve optimal results more efficiently.

The hybrid approach of merging PSO and neural networks has been successful in many different
classification applications. For example, developed a PSO based method to optimize neural network structure
for image classification. These results produced comparable accuracies with significantly reduced
computational costs than traditional methods [23].

2.8. Hidden Layer

The architecture includes one or more hidden layers, which are represented as consecutive Layer
blocks in the diagram.These layers provide the MLP with the capability to represent the input data in
increasingly abstract forms. In the context of this study, experiments were conducted using both a single hidden
layer and a two-layer configuration to investigate how network depth impacts classification accuracy when
combined with PSO-based optimization. Surprisingly, adding hidden layers did not always improve
performance. This was particularly evident in experimenting with complex image data. This speaks to the
importance of getting the architecture right when using PSO.

2.9. Termination Condition

In this study, the stopping criteria for the ML-PSO model are determined by two parameters: the
maximum number of iterations (maxIt) and the minimum error threshold (maxError). The optimization process
will terminate when either of these conditions is met. The maxIt parameter is implemented to ensure that the
optimization does not continue indefinitely, which is especially relevant when working with complex datasets,
such as Sasak script images that comprise 3,600 samples and 6 classes. In these cases, the reduction in error
can be gradual, making convergence difficult to achieve within a limited number of iterations.

2.10. Testing

The MLP-PSO model was validated as part of the testing stage against a test dataset (x_test, y_test)
that had not be utilized during training as test datasets allow for analysis of the model's ability to generalize
findings to unseen instances. Therefore, the optimum weights and biases obtained in training were applied to
the test inputs, along with predictions made using the forward propagation function. The model's performance
was subsequently assessed through standard classification metrics, including accuracy, precision, recall, and
F1-score, all derived from the confusion matrix. These metrics provide a comprehensive evaluation of the
model’s effectiveness under different class distributions and complexities. Furthermore, this evaluation
highlights the performance gap between simple datasets (dummy and Iris) and the more complex multiclass
dataset (Sasak script), thereby supporting the hypotheses regarding dataset complexity and classification
challenges.

2.11. Training

The classification model training integrates a feedforward artificial neural network (ANN)
architecture optimized by Particle Swarm Optimization (PSO). After data preprocessing, the input passes
through the network layers, where each neuron calculates the weighted sum of inputs followed by the Rectified
Linear Unit (ReLU) activation function to introduce non-linearity. Instead of traditional gradient-based
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optimization, PSO a population-based metaheuristic inspired by social behavior is employed to optimize the
network’s weights and biases.

In particle swarm optimisation (PSO), multiple candidate solutions (particles) concurrently search the
solution space based on their own best experience (local best), and the best experience of the swarm (global
best). Each particle's fitness will continuously be assessed using a chosen loss/error function at every iteration.
Each particle updates its velocity and position based on the movement rules for PSO which gives a good
balance of exploration and exploitation during the search process. This iterative process continues through to
some form of convergence, such as a maximum number of iterations or error level.

The use of multiple hidden layers in the ANN enhances the ability to model complex data patterns
and improves classification accuracy. Combining ANN with PSO allows effective training by circumventing
local minima issues commonly faced in gradient descent, leading to improved convergence and robustness
across various datasets.

This hybrid training approach has demonstrated effectiveness in recent studies optimizing neural
networks with swarm intelligence algorithms, achieving significant improvements in classification tasks
[24][25].

2.12. Evaluation

The evaluation of the system occurs at this stage to confirm it operates correctly and achieves the
intended goals. The evaluation also identifies potential shortfalls and enhancement opportunities for the system.
Evaluation methodology is based upon the confusion matrix, which allows for the analysis of the classification
performance. The performance of the model is evaluated utilizing standard performance metrics: accuracy
(Equation 1), recall (Equation 2), and precision (Equation 3). All metrics are established for a number of pre-
defined test cases to provide a comprehensive evaluation of the model's predictive potential.

Number of correctly classified data points
Accuracy = - (2)
Total number of data points
.. Number of correctly data points in a specific class
Precision = 4 E L ®)

Total number of predicted data points for that class

Number pf correctly classified data points in a specific class (4)

Recall =
Total number of actual data points in that class

3. RESULTS AND DISCUSSION

Implementing various scenarios was essential to determine the effectiveness of the classification
model in this research study. This research used three separate datasets, and for the Sasak character image
dataset, additional testing scenarios were needed as follows.

3.1 Testing on Dummy Dataset

The testing results of the classification engine model, built using an artificial neural network with two
hidden layers and optimized by Particle Swarm Optimization (PSO), showed highly satisfactory outcomes, as
presented in the following Table 1 and graph illustrates how the error decrease as the number of iterations

increase in the following Figure 6.
Table 1. Classification Report Dummy Dataset

Model Precision  Recall F1- Accuracy
Optimization Score
ML-PSO 100% 100%  100% 100%
CNN 11% 33% 17% 33%
SVM 83% 67% 67% 67%
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Figure 6. Test Result Graph on Dummy Dataset

The results for the dummy dataset indicate a rapid convergence, with the error showing a sharp
decrease starting from the second iteration. This early drop in error demonstrates that the PSO algorithm is
highly effective in optimizing the MLP weights and biases when applied to simple, linearly separable data. The
simplicity of the dummy dataset allows PSO to quickly reach near-optimal solutions with minimal iteration,
avoiding the need for extensive search across the solution space. the experimental results indicate that MLP
optimized with PSO achieved the highest accuracy at 100%, confirming its effectiveness in learning from
small, structured datasets through global weight optimization. This outstanding performance demonstrates the
capability of the MLP+PSO hybrid model to identify patterns accurately and generalize well, even when trained
on a limited number of samples. The use of PSO as a global optimizer allows the model to explore the weight
space more effectively than traditional gradient-based methods, thereby avoiding local minima and improving
convergence stability. Moreover, the MLP's architectural configuration, which incorporated hidden layers,
significantly contributed to its ability to recognize nonlinear relationships within the data, thereby boosting its
classification performance in this experimental context.

The SVM model followed with an accuracy of 67%, demonstrating its well-known strength in
handling low-dimensional and linearly separable data. While SVM can adequately handle situations with a
small number of features, its performance was not optimal in this instance due to its sensitivity to the
distribution of features and the choice of kernel. Unlike MLP+PSO, SVM lacks the capacity to internally adapt
its feature representations, which limits its flexibility when modeling more complex or nonlinear patterns, even
in simple datasets.

In contrast, CNNs were not effective, obtaining a performance of only 33%, which can be associated
with the relatively small size of the dataset and the lack of spatial structure in the dataset, both of which inhibit
the generally well-functioning nature of CNNs. CNNs are constructed to process data with spatial hierarchies,
like images which have specific pixel relationships and local patterns. In the absence of spatial dependencies,
CNN architectures have a much harder time being able to learn meaningful features, which makes the use of
convolutional layers not functional.

The results confirm that MLP combined with PSO is a very efficient classification method for simple,
low-sample, non-image datasets. The ability to achieve perfect accuracy with such datasets is impressive and
highlights the importance of matching model architecture and optimization strategies to the dataset
characteristics. While traditional models like SVM can also generate acceptable results, the limitations of SVM
in handling nonlinearity and accommodations of flexibility become apparent when compared to the
combinations of neural networks training methods enhanced by PSO. Meanwhile, convolutional models such
as CNNs require more appropriate data types to fully leverage their representational power, and therefore are
not suitable for the type of dataset used in this experiment.

3.2 Testing on Iris Dataset

An experiment was conducted to develop a classification model using the Iris dataset by implementing
a neural network architecture with two hidden layers. The network was composed of 4 input neurons, 8 neurons
in the first hidden layer, 16 neurons in the second hidden layer, and 3 output neurons that represented the three
classes of Iris flowers. ReL U activation functions were used in the hidden layers, and a softmax function in the
output layer to produce class probabilities. The model's training was performed using the Particle Swarm
Optimization (PSO) algorithm which optimized all weights and biases in the network. The results of the
iteration to achieve the cost function value in this experiment can be seen in Figure 7.
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Table 2. Classification Report Iris Dataset

Model Precision Recall F1-Score
Optimization
ML-PSO 98% 98% 98%
CNN 98% 98% 98%
SVM 98% 98% 98%
0175 "
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Figure 7. Test Result Graph on Iris Dataset

All three models CNN, SVM, and MLP optimized with PSO achieved the same accuracy of 98% on
the Iris dataset that can be seen in the Table 2. The convergence plot for the Iris dataset reveals that the error
value begins to decrease more consistently after approximately 400 iterations. This suggests that the PSO
algorithm required an initial exploration phase before gradually refining the weights and biases toward an
optimal solution. The relatively simple and structured nature of the Iris dataset likely contributed to the
successful convergence, highlighting the suitability of PSO for handling low-dimensional and linearly
separable classification tasks. This result indicates that the dataset, characterized by its well-organized and
linearly separable feature space, is relatively straightforward and can be effectively classified using both
traditional machine learning algorithms and more advanced neural network architectures.

The SVM model proved to be effective and efficient in dealing with tabular data that exhibited clear
class separation, providing a lightweight and rapid training process. Although CNNs are primarily designed
for spatial data like images, they adapted well to the reshaped tabular input, likely because of the dataset's low
dimensionality and structured characteristics.

The MLP-PSO model, on the other hand, proved that swarm-based optimization techniques can
successfully train neural networks without relying on gradient-based methods like backpropagation. Even
though the resulting accuracy was the same, the MLP-PSO approach exhibited advantages in terms of
robustness and global search capability, which may be particularly beneficial for more complex datasets or
scenarios prone to local minima.

This result confirms that the classification machine developed using PSO is not only capable of
matching the performance of traditional and deep learning methods on simple datasets, but also offers
flexibility and potential scalability to handle more challenging classification tasks. In terms of computational
complexity, SVM remains the most efficient choice for this specific case, but MLP-PSO presents a compelling
alternative where gradient-free optimization or architectural flexibility is needed.

3.3 Testing on SasakChar Image Dataset

To evaluate the performance of the proposed classification model, a series of experiments were
conducted using the Sasak script image dataset under various testing scenarios. These scenarios encompassed
variations in the number of classes, specifically 6, 12, and 18 classes, with each class containing 600 images.
Additionally, the architecture of the neural network was changed by implementing both 1 and 2 hidden layers
to evaluate how model complexity affects classification performance. The results from each experimental setup
are displayed in a tabular format, including evaluation metrics such as accuracy, precision, recall, and F1-score.
These findings aim to provide a thorough overview of the model's capacity to identify patterns in Sasak script
image data across different complexity levels.
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3.1.1 Testing With One Hidden Layer

The evaluation was conducted using several scenarios on the model by employing a single hidden
layer with different class configurations: 6, 12, and 18 classes. This testing aimed to observe the performance
of the classification model across varying numbers of image dataset classes using a single hidden layer. The
results of the classification report in this experiment can be seen in Table 3.

Table 3. Classification Report SasakChar Dataset One Hidden Layer

Class  Precision  Recall F1- Accuracy
Score
6 71% 71% 70% 71%
12 25% 36% 26% 35%
18 22% 28% 21% 27%
6 Class 12 Class 18 Class
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Figure 8. Test Result Graph on SasakChar Dataset with 1 Hidden Layer

In Figure 8, The convergence plots for the Sasak script image dataset, tested across 6, 12, and 18-class
configurations, show that the error values did not reach zero in any scenario. However, every experiment had
a consistent pattern that demonstrated a decreasing trend of error with additional iterations. This suggests that
even though the PSO algorithm was able to progressively decrease error, it still struggled with completely
optimizing the model with respect to high-dimensional image data. The average number of iterations until
convergence in these experiments ranged from 1400 to 2000. The experiments were initially conducted with
an artificial neural network model with one hidden layer. The evaluation was conducted across three different
scenarios focused on image classification tasks with varying class counts of 6, 12, and 18, with each class
comprising 600 images. The findings indicated that an increase in the number of classes notably decreased
classification accuracy.
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Figure 9. Confusion Matrix on SasakChar Dataset with 1 Hidden Layer

From the confusion matrix in Figure 9 the 6-class scenario, the model achieved an accuracy of 71%,
indicating that DCT-based feature representation was relatively effective for simpler classification tasks.
However, when the number of classes was increased to 12, the accuracy dropped significantly to 35%, and
further decreased to 27% for the 18-class scenario. This decline suggests that the single hidden layer
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architecture has limited capability in distinguishing features when dealing with more complex, multi-class
datasets.

These findings indicate that a network with a single hidden layer can be ineffective for classification
tasks with a large number of classes. Typically, as the number of classes and the amount of data increases, the
overall model performance decreases as seen in the lower precision scores, recall scores, F1-scores, and overall
accuracy. This suggests that the representational capacity of a single hidden layer is less capable of capturing
the complex patterns required for accurate multi-class classification. Therefore, to further examine the model’s
performance under these more challenging conditions, the next phase of experiments employed a neural
network architecture with two hidden layers, aiming to determine whether deeper networks can enhance
classification accuracy and provide better generalization for larger and more complex datasets.

3.2.1 Testing With Two Hidden Layer

The evaluation was conducted using several scenarios on the model by employing two hidden layer with
different class configurations: 6, 12, and 18 classes. This testing aimed to observe the performance of the
classification model across varying numbers of image dataset classes using two hidden layer. The results of
the classification report in this experiment can be seen in Table 4.

Table 4. Classification Report SasakChar Dataset Two Hidden Layer

Class Precision Recall F1- Accuracy
Score
6 48% 56% 51% 56%
12 14% 26% 15% 25%
18 8% 7% 4% 7%
6 Class 12 Class 18 Class
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Figure 9. Test Result Graph on SasakChar Dataset with 2 Hidden Layer

In Figure 9, you can see the best cost results obtained for each class tested and each class was tested
with a different number of iterations to obtain optimal results in the test. The Mean Squared Error (MSE),
defined as the average squared difference between the target values and the PSO outputs, consistently decreased
until the iteration limit of 1500 to 2000 was reached in the different class trials. In the subsequent experiment,
the neural network architecture was enhanced by adding a second hidden layer, with the goal of improving
classification performance in more complex scenarios. The same three class configurations were used 6, 12,
and 18 classes with each class containing 600 images, consistent with the earlier setup.
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Figure 10. Confusion Matrix on SasakChar Dataset with 2 Hidden Layer
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Surprisingly, the results with two hidden layers showed lower accuracy across all scenarios compared
to the single hidden layer configuration. For the 6-class model accuracy was 56% which is 15% worse than the
previous model. In the same vein, the 12-class and 18-class model accuracies were 25% and 7% respectively
both underperforming the single layered model. There are multiple factors that can be inferred from the
confusion matrices that explain this change in effectiveness. Firstly, having added multiple hidden layers
increased the model complexity and if it isn't a one to one classification, one can assume that overfitting
occurred for certain classes and did not generalize well to new data. Second, the optimization process using
PSO became more challenging in a higher-dimensional search space, making it harder to converge toward
optimal weight and bias values. Thirdly, the confusion matrices indicate that misclassifications were mixed
across a wide breadth of classes; this suggests that the deeper architecture had difficulty extracting consistently
discriminative features. Hence, instead of increasing accuracy, the more complex architecture compromised
the stability of the learning process which ultimately led to a decline in overall performance. A major limitation
is that PSO often falls into local minima during optimization in large searching landscapes [26].

These results illustrate that a deeper network will not lead to better performance by
the mere act of increasing depth with no tuning of hyperparameters or regularization. In this situation, the
additional complexity likely caused overfitting or convergence issues, especially since Particle Swarm
Optimization (PSO) has been used in training and thus may need to be further tuned when the model is deeper.
Even with the implementation of a two-hidden-layer configuration, the results showed a further decline in
precision, recall, F1-score, and accuracy across individual classes, indicating that the deeper model did not
yield improved classification outcomes.

Future studies should consider the use of additional methods such as dropout, batch normalization, or
different activation functions to improve the model's capacity for effective learning of higher-dimensional class
distributions. This concept represents the anchor of the final conclusion for this study, which provides a
summary on the impacts of architectural depth and optimization strategies on classification results. This study
has several limitations. First, although the use of the Sasak script dataset with a large number of classes provides
a realistic representation of data complexity, it poses a significant challenge for the PSO-MLP model, as
performance decreases with the increasing number of classes and feature dimensions. Second, the model is
limited to an MLP architecture optimized with PSO, without the integration of advanced feature extraction
methods, data augmentation, or deep learning architectures such as CNNs, which are more suitable for large-
scale image data. Third, the experiments were only conducted on networks with one and two hidden layers,
leaving the potential of deeper architectures or hybrid approaches with other algorithms unexplored.

3.4 Testing On JAFFE (Japanese Female Facial Expression) Dataset
In addition this test uses a image datasets were used: facial expression images from the JAFFE
(Japanese Female Facial Expression) Database [27], and Sasak script character images. The JAFFE dataset
contains 210 grayscale images with a resolution of 256x256 pixels, classified into 7 fundamental facial
expressions. Graph illustrates how the error decrease as the number of iterations increase in the following
Figure 10.
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Figure 10. Test Result Graph on JAFFE Dataset with 1 and 2 Hidden Layer

Experiments were conducted using a Multilayer Perceptron (MLP) architecture with both one and two
hidden layers, optimized using the Particle Swarm Optimization (PSO) algorithm. Both experiments were
performed under the same parameter settings: a population size of 200, a maximum of 500 iterations, and an
error threshold of 0.001.

The results of the study show that the model trained on the Sasak character dataset consistently
achieved higher classification accuracy compared to the model trained on the facial expression dataset with a
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comparison of the number of datasets and the fewest classes from the Sasak script image testing. The model's
accuracy on the facial expression dataset was only 22% when testing with a single hidden layer; however, the
accuracy rose to 32% when using two hidden layers. Due to the small sample size and the high visual
complexity between facial expression classes, the model finds it challenging to identify unique patterns, which
may be the cause of the poor accuracy on facial images. On the other hand, the larger number of samples and
lower intra-class variation in the Sasak character dataset enabled the model to learn more effective feature
representations, resulting in significantly better classification performance overall.

4. CONCLUSION

This study successfully developed a classification model using a Multilayer Perceptron (MLP) trained
with the Particle Swarm Optimization (PSO) algorithm, addressing the demand for efficient automatic
classification systems in handling datasets of varying complexity. Initially, the model, which was previously
built without hidden layers, was enhanced by integrating hidden layers to evaluate performance across three
types of datasets: dummy data, the Iris dataset, and Sasak script image data. Experimental results showed that
the inclusion of hidden layers significantly improved performance on simpler datasets, with the model
achieving 100% accuracy on dummy data and 98% on the Iris dataset, demonstrating the strength of the PSO-
MLP combination in handling linearly separable and structured data.

However, when tested on the more complex Sasak script image dataset, the model's performance
declined with increased data complexity and class count. For 6, 12, and 18 classes, the model's accuracies with
a single hidden layer were 71%, 35%, and 27%, respectively. But the accuracy dropped dramatically to 56%,
25%, and 7% when two hidden layers were used. These findings imply that PSO struggles to generalize well
to high-dimensional, large-scale image data, even though it is successful at optimizing neural network
parameters for simpler datasets. This highlights a critical limitation of PSO in complex classification tasks, as
raised in the introduction and abstract.

This study expands upon the previous work[16] by conducting a more in-depth analysis of the impact
of varying the number of hidden layers in the MLP architecture on classification performance across datasets
of different complexity levels. The experimental findings suggest that adding more hidden layers does not
inherently enhance performance, especially when applied to the complex Sasak script image dataset. These
results highlight PSQ's shortcomings in large-scale image classification tasks and imply that improvements
might be required, which could involve integrating CNNSs or using hybrid optimization strategies. As a result,
this study not only highlights the PSO-MLP model's performance limitations but also offers a strong basis for
creating more sophisticated classification techniques in subsequent research.

The findings provide valuable insights for the development of automatic classification systems,
especially for the preservation and digitalization of traditional scripts such as the Sasak script. Furthermore,
the results highlight the strengths of PSO in handling simpler datasets, which can be leveraged in applications
requiring efficient optimization with limited computational resources. This study was limited to the use of MLP
with PSO optimization, without incorporating advanced feature extraction methods, data augmentation, or deep
learning techniques such as Convolutional Neural Networks (CNNs). As a result, the model’s performance on
complex multi-class image data was constrained.

Future studies should concentrate on examining hybrid optimization techniques that combine PSO
with other metaheuristic algorithms like Differential Evolution or Genetic Algorithms, or with gradient-based
learning. Furthermore, investigating convolutional neural networks (CNNs), dimensionality reduction, and
feature extraction strategies may help increase classification accuracy in image-based datasets such as the Sasak
script. These improvements are essential for creating classification systems that are more resilient, scalable,
and flexible so they can handle challenging real-world data situations.

Future research could specifically look into combining PSO with CNNs to optimize CNN
architectures' initial weights, hyperparameters, or filter configurations. By better utilizing the spatial and
hierarchical nature of image data, this hybrid approach may be able to overcome the optimization stagnation
seen in deep MLPs trained exclusively with PSO. Given the high-dimensionality and variability of the Sasak
script image dataset, such an approach may lead to improved generalization and accuracy, especially in multi-
class scenarios.
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