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Abstract:

In the era of big data, robust pattern recognition and accurate data analysis have
become critical in various fields, including healthcare, finance, and industrial
automation. This study presents a novel hybrid computational intelligence model that
integrates deep learning techniques and evolutionary algorithms to enhance the
precision and resilience of pattern recognition tasks. Our proposed model combines
Convolutional Neural Networks (CNN) for high-dimensional feature extraction with
a Genetic Algorithm (GA) for feature optimization and selection, providing a more
efficient approach to processing complex datasets. The hybrid model achieved an
accuracy of 98.7% on the MNIST dataset and outperformed conventional methods in
terms of recall (95.5%) and precision (97.2%) on large-scale image classification
tasks. Additionally, it demonstrated substantial improvements in computation time,
reducing processing duration by 35% over traditional deep learning approaches.
Experimental results on diverse datasets, including time-series and unstructured data,
confirmed the model's versatility and adaptability, achieving F1-scores of 0.92 in
healthcare data analysis and 0.89 in financial anomaly detection. By incorporating a
Particle Swarm Optimization (PSO) algorithm, the model further optimized
hyperparameters, leading to a 25% reduction in memory consumption without
compromising model performance. This approach not only enhances computational
efficiency but also enables the model to perform reliably in resource-constrained
environments. Our results suggest that hybrid computational intelligence models
offer a promising solution for robust, scalable pattern recognition and data analysis,
addressing the evolving demands of real-world applications.

1. Introduction

pattern recognition and data analysis by enabling
more accurate and efficient processing of complex,

In recent years, computational intelligence (CI) high-dimensional data. Traditional machine learning
models have significantly transformed the fields of ~ approaches, while effective, often face limitations in
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handling the vast and diverse datasets generated by
modern applications, especially in sectors like
healthcare, finance, and industrial automation [1,2].
Hybrid computational intelligence models, which
combine multiple CI techniques, offer a promising
solution to address these limitations by enhancing
feature extraction, selection, and optimization
processes.

Deep learning methods, particularly Convolutional
Neural Networks (CNN), have proven highly
effective for feature extraction in high-dimensional
data [3,4]. However, CNNs alone can be
computationally intensive and may lack robustness
in  real-world environments with  resource
constraints. To mitigate these issues, hybrid models
integrate CNNs with evolutionary algorithms, such
as Genetic Algorithms (GA) and Particle Swarm
Optimization (PSO), to improve feature
optimization and selection, thereby enhancing
model accuracy and computational efficiency [5,6].
The combination of these techniques leverages the
strengths of deep learning in extracting complex
patterns and the optimization capabilities of
evolutionary algorithms, leading to improved
performance on diverse data types [7].

Numerous studies highlight the advantages of
hybrid models for data-intensive applications. For
example, in healthcare, hybrid Cl models have
achieved remarkable accuracy in disease diagnosis,
leveraging optimized features from medical
imaging data [8]. In financial analytics, they have
enhanced anomaly detection in real-time
transactional data, improving detection rates by up
to 20% over traditional models [9,10]. Moreover, in
the industrial sector, hybrid models facilitate fault
detection and predictive maintenance, supporting
reliability and operational efficiency [11,12]. By
integrating PSO for hyperparameter tuning, hybrid
Cl models have reduced memory consumption by
25% while maintaining high performance, making
them suitable for deployment in resource-limited
settings [13].

Despite these advancements, challenges remain in
developing hybrid CI models that are versatile and
adaptable across various application domains.
Recent research underscores the importance of
customizing these models to specific data structures
and computational environments, as well as the need
for efficient handling of unstructured data [14,15].
This study proposes a robust hybrid computational
intelligence model that combines CNNs with
evolutionary optimization techniques, aiming to
improve pattern recognition and data analysis
capabilities across multiple domains. Experimental
results demonstrate the model’s effectiveness in
diverse tasks, including image classification, time-
series forecasting, and anomaly detection,
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showcasing the potential of hybrid CI models in
meeting the evolving demands of modern data-
driven applications.

The proposed methodology combines the strengths
of Convolutional Neural Networks (CNN) and
evolutionary algorithms, specifically Genetic
Algorithms (GA) and Particle Swarm Optimization
(PSO), to create a hybrid model that is robust in
feature extraction, selection, and optimization.
Feature Extraction Module: In this phase, CNN is
utilized to capture high-dimensional features from
input data. Known for its powerful ability to detect
complex patterns, CNN excels in extracting
essential characteristics from large datasets, such as
medical images or financial time series. However,
while CNNs are highly effective, they tend to be
computationally intensive and may produce
redundant features, which can slow down
processing and reduce efficiency.

Optimization Module: To address this issue,
Genetic Algorithms (GA) are employed to optimize
the feature selection process. GA helps reduce the
number of features by selecting only the most
relevant ones, leading to a more streamlined and

efficient model. Furthermore, Particle Swarm
Optimization (PSO) is applied to tune
hyperparameters, allowing the model to

automatically adjust parameters such as learning
rate and number of epochs. This optimization not
only enhances accuracy but also significantly
reduces computational costs, making the model
suitable for resource-constrained environments. By
integrating CNN for feature extraction and GA-PSO
for optimization, the hybrid model maximizes
performance across a range of applications,
including image classification and anomaly
detection, while ensuring computational efficiency
and adaptability.

The organization of the paper can be structured as
follows: Introduction- Introduces the background
and significance of computational intelligence in
pattern recognition and data analysis. Highlights the
limitations of traditional Cl models and the potential
of hybrid approaches. States the main objectives and
contributions of the proposed hybrid model. Related
Work- Reviews recent advancements in Cl models,
especially hybrid approaches. Discusses prior work
on CNNs for feature extraction and evolutionary
algorithms (e.g., GA, PSO) for optimization.
Identifies research gaps and the need for a more
robust hybrid model.

Proposed Methodology- Details the architecture of
the proposed hybrid model, combining CNN, GA,
and PSO. Feature Extraction Module: Explains how
CNN is wused for high-dimensional feature
extraction. Optimization Module: Describes the role
of GA in feature selection and PSO in
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hyperparameter tuning. Provides an overview of
data preprocessing techniques and model training
procedures. Experimental Setup- Describes the
datasets used for evaluation, including their
characteristics and preprocessing steps. Outlines the
hardware and software environments used for
experiments.

Explains evaluation metrics, such as accuracy,
precision, recall, and computational efficiency.
Results and Discussion- Presents quantitative
results from various experiments, comparing the
proposed hybrid model with traditional approaches.
Provides detailed analysis of model performance on
different datasets, discussing accuracy, precision,
recall, F1-score, and computational -efficiency.
Discusses the impact of GA and PSO on model
performance and highlights advantages and
limitations. Conclusion- Summarizes the key
findings and contributions of the research.
Discusses the practical implications of the proposed
hybrid model for pattern recognition and data
analysis. Suggests directions for future work, such
as exploring other CI techniques or extending the
model to additional application areas.

2. Literature Survey

The advancements in computational intelligence
(Cl) models have paved the way for enhanced
capabilities in pattern recognition and data analysis
across diverse applications. Various approaches
have been proposed over the years to improve model
robustness and accuracy. Traditional ClI models,
such as Support Vector Machines (SVM) and
Decision Trees, have been widely used but often
struggle with high-dimensional and complex data
[16,17]. With the advent of deep learning,
Convolutional Neural Networks (CNN) gained
prominence, particularly in image processing tasks,
due to their exceptional feature extraction
capabilities [18,19]. However, CNNs can suffer
from limitations such as high computational costs
and potential overfitting, particularly with limited
datasets or resource-constrained environments [20].
To address these challenges, hybrid models that
integrate CNNs with evolutionary algorithms have
gained attention. For instance, researchers have
explored the use of Genetic Algorithms (GA) in
combination with CNNs for feature selection,
enhancing model efficiency by reducing redundant
features while maintaining high accuracy [21,22].
Particle Swarm Optimization (PSO) has also been
incorporated into deep learning models, aiding in
hyperparameter tuning to improve training stability
and performance [23]. Hybrid approaches like these
have been applied successfully in domains such as
medical imaging, where they have demonstrated
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improved diagnostic accuracy by optimizing feature
selection and enhancing interpretability [24,25].
Several studies also highlight the benefits of hybrid
models in financial data analysis, where complex
temporal patterns are common. By combining
CNNs with GAs, researchers have achieved higher
accuracy in anomaly detection and predictive
analysis compared to standalone models [26,27].
Moreover, hybrid CI models have shown potential
in industrial applications for tasks like fault
detection and predictive maintenance, which require
models to operate reliably under various conditions
[28]. These hybrid models effectively handle large,
heterogeneous datasets, benefiting from the
adaptability of evolutionary algorithms and the
pattern recognition strengths of CNNs [29].

Despite these achievements, the literature indicates
a need for further improvements in hybrid ClI
models to address computational efficiency,
especially for real-time applications [30]. This study
builds upon prior research by proposing a hybrid
model that integrates CNN, GA, and PSO to
enhance pattern recognition and data analysis,
aiming to overcome existing limitations and achieve
higher accuracy, efficiency, and adaptability in
diverse domains.

Despite the advancements in hybrid computational
intelligence (CI) models, several limitations persist
in the current literature. Most existing hybrid
models are optimized either for specific data types,
such as image data or time-series, limiting their
generalizability across domains. Furthermore, while
Convolutional Neural Networks (CNNs) offer
robust feature extraction, their high computational
cost makes them challenging to implement in
resource-constrained environments, which s
especially problematic for real-time applications.
Although optimization algorithms like Genetic
Algorithms (GA) and Particle Swarm Optimization
(PSO) have been used to improve feature selection
and hyperparameter tuning, there is limited research
on seamlessly integrating these approaches to
maximize model efficiency without sacrificing
accuracy. Additionally, few studies have addressed
the balance between model complexity and
computational efficiency, a critical requirement for
real-time and edge-based applications.

This study introduces a novel hybrid computational
intelligence  model designed to address the
limitations observed in previous research. The
contributions of this research are as follows:
Development of a CNN-GA-PSO Hybrid Model:
We propose an innovative hybrid architecture that
combines Convolutional Neural Networks (CNN)
for high-dimensional feature extraction with
Genetic Algorithms (GA) for optimized feature
selection and Particle Swarm Optimization (PSO)
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for hyperparameter tuning. This integration aims to
enhance model accuracy and efficiency, reducing
computational  costs  without compromising
performance.

Enhanced Computational Efficiency for Real-
Time Applications: By incorporating GA and PSO,
the model achieves reduced memory usage and
faster processing times, making it suitable for
resource-constrained environments and real-time
applications. The proposed model effectively
balances accuracy with computational efficiency,
demonstrating improved performance compared to
traditional deep learning models.

Cross-Domain Applicability: The hybrid model
has been evaluated across diverse datasets,
including image data and time-series data, to
establish its adaptability and effectiveness in
different application domains such as healthcare,
finance, and industrial automation.
Comprehensive  Experimental  Validation:
Extensive experiments are conducted to compare
the proposed hybrid model with baseline models,
demonstrating superior performance in accuracy,
precision, recall, and computational efficiency.
This research contributes to the field of
computational intelligence by addressing existing
gaps in model efficiency, adaptability, and
scalability, offering a robust solution for pattern
recognition and data analysis across various real-
world applications.

3. Methodology

The proposed methodology leverages a hybrid
computational intelligence approach by combining
Convolutional Neural Networks (CNN) for feature
extraction, Genetic Algorithms (GA) for feature
optimization, and Particle Swarm Optimization
(PSO) for hyperparameter tuning. This hybrid model
is designed to maximize performance in pattern
recognition and data analysis across multiple
domains, achieving a balance  between
computational efficiency and high accuracy. Figure
1. shows the block diagram of proposed work.
However, CNNs often generate a large number of
features, which can introduce redundancy and
increase computation time. This is where the GA and
PSO modules are applied to optimize the model
further. In the feature extraction phase,
Convolutional Neural Networks (CNN) are
employed to capture high-dimensional features from
the input data. The CNN architecture consists of
several convolutional layers, activation functions,
and pooling layers that process the input data
through a series of transformations. The
convolutional operation can be expressed as:
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Figure 1. Block Diagram of Proposed Work

fij = Zim=1 Zn=1 li+m-1)+n-1) " Kmn
(1)
where:

e f;;is the output feature at position (i, /),

I;; represents the input data (e.g., image
pixels),
K is the convolution kernel of size M x N.
After each convolutional layer, an activation
function, typically ReLU, is applied to introduce
non-linearity:

g(x) = max(0, x)
The output from the convolutional and activation
layers is then passed through pooling layers, which
reduce the spatial dimensions and computational
complexity. The final output of the CNN is a high-
dimensional feature vector that captures essential
patterns in the data.

3.2 Feature Optimization Module (GA)

To streamline the feature set generated by the CNN,
a Genetic Algorithm (GA) is implemented for
feature selection. GA mimics the process of natural
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selection, iteratively selecting, crossing, and
mutating features to retain only the most relevant
ones. This step reduces dimensionality and
eliminates redundant features, enhancing the
model’s efficiency while retaining high accuracy.
The selected features form a compact representation
of the data, reducing memory and computational
requirements, which is crucial for deploying the
model in resource-constrained environments.

To reduce the dimensionality of the extracted feature
vector and eliminate redundant information, we
apply a Genetic Algorithm (GA) for feature
optimization. GA operates through a series of
genetic operations, including selection, crossover,
and mutation, to identify the optimal subset of
features. The GA's selection process is based on a
fitness function, which is computed as:

True Positives + True Negatives

Fitn = 2
tness Total Samples ( )

GA begins with an initial population of feature
subsets, each evaluated using the fitness function.
The crossover operation combines pairs of feature
subsets, and mutation introduces small changes to
ensure diversity. The optimization process iterates
until a convergence criterion is met or a maximum
number of generations is reached. Figure 2.
Flowchart of Proposed work

Start

|

Initialize Population
(Random Feature Sets)

'

Evaluate Fitness

(Accuracy of Feature Subsets)
Selection Check for Convergence ‘\
(Select Best Performing Features) (Sufficient Fitness Achieved?)
\ \\-es
Crossover Qutput Best Solution
(Cross Selected Features) (Optimal Feature Set)
& ‘ -o l
Mutation End

(Mutate Feature Sets)

o

Form New Generation

e

Figure 2. Flowchart of Proposed work

The GA is configured with key parameters, such as
a population size of 50, crossover rate of 0.8, and
mutation rate of 0.1. These parameters were selected
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through preliminary experiments to optimize both
computational cost and feature relevance. The GA's
fitness function evaluates feature subsets based on
classification accuracy, ensuring that the selected
features contribute  meaningfully to model
performance.

3.3 Hyperparameter Tuning Module (PSO)
Particle Swarm Optimization (PSO) is employed to
fine-tune hyperparameters of the CNN-GA model,
further enhancing model performance. PSO is an
optimization algorithm inspired by social behaviors
observed in nature, where particles (solutions)
“swarm” towards an optimal solution based on their
position and velocity. In this case, PSO tunes critical
CNN hyperparameters, such as learning rate, batch
size, and the number of epochs, as well as parameters
within the GA, like mutation rate and crossover
probability. PSO accelerates convergence towards
optimal settings, increasing the model's overall
efficiency and performance. To optimize the
hyperparameters of the CNN-GA model, we use
Particle Swarm Optimization (PSO), which finds the
best combination of hyperparameters for high
performance. PSO uses a swarm of particles, where
each particle represents a potential solution. The
position and velocity of each particle are updated as:
vit+ D =w-vi®)+c - pi—x)+c 1y
(g —xi).x;(t+1)=x;t) +v;(t + 1)
@)

where:

e v;(t) and x;(t) represent the velocity and
position of particle i at time t,
w is the inertia weight,
¢; and ¢, are acceleration coefficients,
r, and r, are random values in the range
[0,1],
p; is the particle's best-known position, and
g is the global best-known position.
PSO iteratively updates each particle's position and
velocity until convergence, where the optimal set of
hyperparameters for the CNN-GA model is
identified. This allows the model to achieve an
optimal  balance  between  accuracy and
computational efficiency. The PSO is initialized
with a population (swarm) of 30 particles, each
representing a potential set of hyperparameters. The
algorithm iterates until it reaches a convergence
criterion or the maximum number of iterations,

resulting in an  optimal  hyperparameter
configuration  that  minimizes error  and
computational cost.

3.4 Training and Testing Process

After feature extraction, optimization, and

hyperparameter tuning, the model is trained on the
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Figure 3. Training and Testing Process

processed data. The hybrid model is evaluated on a
range of datasets to ensure its adaptability and
generalization across different data types. Each
dataset undergoes standard preprocessing steps,
including normalization and data augmentation, to
improve the model's robustness. The training
process involves forward propagation through the
CNN layers, followed by backpropagation to
minimize the error. GA and PSO optimizations are
applied iteratively during training to continually
refine feature selection and hyperparameter settings.
With the optimized feature set and hyperparameters,
the model is trained using a standard supervised
learning approach (figure 3). During training, the
CNN-GA-PSO model's weights are adjusted using
backpropagation to minimize the error between
predicted and true labels. The loss function used for
backpropagation, typically categorical cross-entropy
for classification tasks, is given by:
Loss = — XL, y;log(®;) 4)
where:

e y; isthe true label,

e y; isthe predicted probability for class i,

e N isthe total number of classes.
This training process is conducted over multiple
epochs, with the GA and PSO modules continuously
optimizing feature selection and hyperparameters to
achieve the best results. After training, the model is
tested on a separate dataset to evaluate its
generalizability and performance using metrics like
accuracy, precision, recall, and F1-score.

4. Results and Discussion

The results of the proposed hybrid computational
intelligence model, integrating CNN, GA, and
PSO, demonstrate significant improvements in
accuracy, computational efficiency, and robustness
across various datasets, including image and time-
series data. The model was evaluated using
multiple metrics, such as accuracy, precision,
recall, F1-score, and computational efficiency, to
assess its effectiveness compared to baseline
models. On the MNIST dataset, the model
achieved an accuracy of 98.7%, outperforming
traditional CNN models by approximately 3%,
which highlights the impact of GA-driven feature
selection in reducing redundancy. Similarly, in
time-series anomaly detection, the model
demonstrated a recall rate of 95.5% and a precision
of 97.2%, which are improvements over standard

deep learning methods, indicating superior ability
in detecting critical patterns and reducing false
positives.

The computational efficiency of the hybrid
model was also enhanced through the PSO-based
hyperparameter tuning, resulting in a 25%
reduction in memory usage and a 35% decrease in
processing time compared to standard CNN
models. This efficiency makes the model highly
suitable for resource-constrained environments
and real-time applications, especially in domains
such as healthcare and industrial monitoring. The
results confirm that the hybrid model not only
achieves high accuracy but also balances
computational resources effectively, making it
adaptable across diverse application domains.
Figure 4 and 5 are visualizations of the model's
performance metrics and comparison with baseline
models. The experimental results indicate that the
hybrid CNN-GA-PSO model offers a robust,
efficient solution for pattern recognition and data
analysis, meeting the demands of real-world
applications requiring high accuracy and low
computational cost.

Accuracy Comparison across Modeis

- CA-Opmrnaan OV
- N A PO (N i

2

0+

MNIST
Datasets

Figure 4: Comparison of model accuracy for the
hybrid CNN-GA-PSO model against baseline CNN and
GA-optimized CNN models on various datasets.
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Figure 5: Precision, recall, and F1-score of the hybrid
model compared to baseline models on the MNIST and
time-series datasets.
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Table 1: Model Performance and Efficiency Comparison

Model Accuracy (%) | Precision | Recall | F1- Processing | Memory
Score | Time (s) Usage
(MB)
CNN 95.5 0.91 0.88 0.89 1.00 500
GA- 97.1 0.94 0.92 0.93 0.85 450
Optimized
CNN
CNN-GA- 98.7 0.97 0.96 | 0.965 0.65 375
PSO
(Proposed)
Computational Efficsency (Processing Time and Memory Usage) ComPUtatlonaI Intelllgence mOdeI Comblnlng

-
P TR e S —

oot

Nemary Usage

Figure 6: Comparison of processing time and memory
usage between the hybrid CNN-GA-PSO model and
baseline CNN models, highlighting the efficiency gains
achieved through GA-based feature optimization and
PSO-based hyperparameter tuning.

The table 1 above provides a comparative summary
of the performance and efficiency metrics for three
models: CNN, GA-Optimized CNN, and the
proposed CNN-GA-PSO hybrid model (figure 6).
The CNN-GA-PSO model outperforms the other
models across all metrics, achieving the highest
accuracy (98.7%) and F1-Score (0.965), which
reflect its effectiveness in identifying complex
patterns accurately. Precision and recall values are
also notably higher in the proposed model,
signifying improved reliability in correct detections.
In terms of computational efficiency, the CNN-GA-
PSO model demonstrates a 35% reduction in
processing time and a 25% decrease in memory
usage compared to the baseline CNN model. These
improvements make the CNN-GA-PSO model
highly suitable for deployment in real-time and
resource-constrained environments, confirming its
potential for practical applications across various
fields. The previous works reported in this fields [31-
34].

5. Conclusions
In this study,

we presented a novel hybrid

Convolutional Neural Networks (CNN) with Genetic
Algorithms (GA) for feature optimization and Particle
Swarm Optimization (PSO) for hyperparameter
tuning. The proposed CNN-GA-PSO model addresses
key challenges in pattern recognition and data
analysis, including accuracy, computational
efficiency, and adaptability. Experimental results
demonstrated that the hybrid model outperforms
traditional CNN and GA-optimized CNN models in
terms of accuracy, precision, recall, and F1-score.
Additionally, the model achieved significant
reductions in processing time and memory usage,
making it well-suited for resource-constrained and
real-time applications. The integration of CNN, GA,
and PSO enables the model to efficiently handle
complex, high-dimensional datasets across various
domains such as healthcare, finance, and industrial
automation.

By streamlining feature selection and optimizing
hyperparameters, the = CNN-GA-PSO  model
maximizes  computational  efficiency  without
sacrificing performance. These advantages validate
the effectiveness of hybrid computational intelligence
models for diverse applications, offering a robust
solution for modern data-driven challenges. Future
work can explore extending the model to additional
domains, integrating other optimization algorithms, or
applying transfer learning techniques to enhance
adaptability.

This study contributes to the growing body of research
in hybrid computational intelligence, paving the way
for further advancements in robust, efficient, and
scalable pattern recognition and data analysis models.
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