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ABSTRACT: The term "image" refers to a two-dimensional array of pixels used to depict an item, scene, or pattern in
the visual domain. Digital imaging involves the use of imaging equipment, such as cameras, to either capture or
fabricate pictures from light or electromagnetic radiation. Training algorithms to identify and classify photos by
content is the essence of image classification, a machine learning process. This is accomplished by utilizing the CIFAR-
10 dataset, which comprises sixty thousand colour photographs categorized into ten distinct item types, and a
framework for high-accuracy picture visual categorization that is based on Recurrent Neural Networks (RNNs). Image
normalization, one-hot label encoding, and data augmentation techniques are used to preprocess the dataset in order
to prevent overfitting and increase model generalization. In order to acquire useful feature representations and
execute reliable image classification, the suggested RNN design has a thick output layer after two recurrent layers. A
97.2% accuracy (ACC) rate, a 97.0% precision (PRE) rate, a 97.6% recall (REC) rate, and an F1-score (F1) of 97.4% were
all achieved by the suggested model in the experiments. The suggested RNN achieves a higher classification accuracy
(95.49%) than CNN (75.7%), ResNet50 (94.1%), and MobileNetV3 (95.49%), according to a comparison with current
deep learning models. These results show that the suggested framework is a high-performance, dependable, and
effective way to classify objects in images.

KEYWORDS: Deep learning, Image classification, Convolutional neural networks, Automated recognition, Image
Visual Classification.

1. Introduction and visual similarity among different categories [7][8].

Smart and effective picture visual categorization
systems are in high demand due to the exponential
growth of digital picture data generated by many
sources such as cameras, sensors, satellites, medical
equipment, and multimedia platforms [1][2]. Image
classification aims to automatically classify photos into
predetermined groups according to their visual
attributes, object features, and learned feature
representations. This is one of the most critical tasks in
computer vision [3].
enables machines to understand and interpret visual
information, supporting various applications such as
medical image diagnosis, agricultural monitoring,
vehicles,
surveillance systems, remote sensing, and industrial
quality inspection [4][5][6]. The increasing availability
of large-scale image datasets has further accelerated
research in automated visual recognition systems,

Effective image classification

autonomous biometric  identification,

requiring advanced models capable of handling
complex variations in image content, including changes
in illumination, background, object orientation, scale,

Traditional ML-based image classification methods
primarily rely on manually designed feature extraction
techniques, such as texture, shape, and colour
descriptors, followed by classification algorithms for
decision-making [9][10]. However, these handcrafted
approaches require expert knowledge, involve complex
feature engineering processes, and often fail to effectively
represent high-level semantic information from complex
images. As image datasets continue to increase in size
and diversity, conventional methods face limitations in
terms of adaptability, scalability, and classification ACC
[11].

Neural networks can now automatically learn
hierarchical characteristics from raw photos, thanks to
recent advancements in DL, which has revolutionized
image categorization [12]. Automated hierarchical visual
representations may be found by DL models by way of
lower-level learning of fundamental characteristics like
textures, patterns, and edges, and by way of deeper-level
capturing of sophisticated object-level information [13].
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The ACC, robustness, and generalization have been
enhanced in comparison to classic ML methods, thanks
to these features. Since CNNs are so good at extracting
spatial characteristics via convolution operations, they
have largely replaced all other image classification
architectures [14]. However, for CNN-based models to
work optimally,
parameter adjustment, and training data on a large scale
are usually required [15][16][17]. RNNs, which are
mainly developed for sequential data processing,
provide
maintaining hidden states to capture dependencies
among sequential inputs. Although images are
naturally represented as two-dimensional spatial data,
they can be transformed into sequential feature

a lot of computing resources,

an alternative learning mechanism by

representations, allowing RNNs to learn relationships
among image components. One reason RNNs are used
for picture visual categorization is their capacity to
grasp  temporal-like patterns and
relationships. By  utilizing

sequential
recurrent  learning
mechanisms, RNN-based models provide an alternative
approach  for  extracting  meaningful
representations ~ and  improving  classification
performance while exploring beyond conventional

convolution-based methods.

visual

A. Motivation and Contribution

A visual classification framework for photos
utilizing RNNs capable of accurately identifying
various categories and generating sound
generalizations is the target of this research. Although
existing DL models have achieved significant success,

item

challenges remain in designing efficient architectures
effectively meaningful  visual
representations with reduced complexity. Therefore,
this research proposes an RNN-based classification
approach that utilizes sequential feature learning for

that can learn

image recognition tasks. This study's key findings are
mentioned below:

e An RNN-based framework is proposed for image
classification using sequential
representation learning.

visual feature

e The modelis trained and tested using the CIFAR-10
dataset, which contains sixty thousand RGB
photographs of objects belonging to ten distinct

categories.
e Comprehensive preprocessing techniques,
including normalization, resizing, data

augmentation, and one-hot encoding, are applied to

improve model robustness and classification

performance.

e An efficient RNN
recurrent layers and a dense output layer is
developed for multi-class image classification.

architecture consisting of

e The ACC, PRE, REC, and F1 are some of the
performance indicators used to assess the suggested
model's utility in classification tasks.

e The suggested method is compared to well-known
DL models like CNN, ResNet50, and MobileNetV3 to
show how well it works for classifying images
visually.

B. Justification and Novelty

The goal of this research is to improve feature learning
and classification performance using a dependable and
effective visual classification framework for images that
can properly identify a variety of item types. An
innovative approach was taken in designing an RNN-
based  architecture that incorporates efficient
preprocessing and data augmentation techniques. This
was done to improve the model's resilience and ability to
generalize. Unlike conventional image -classification
approaches, the proposed framework efficiently learns
discriminative visual features and provides a dependable
solution for image visual classification across diverse
applications.

C. Organization of the Paper

The paper is structured in the following way:
Research in this area is detailed in Section II. Section III of
the study details the procedures and methods used to
gather data. The analysis summarized in Section IV, and
the paper's conclusion presented in Section V.

2. Literature Review

The increasing need for fast architectures that can
classify visual images has put a spotlight on the creation
of lightweight DL models. To strike a balance between
PRE and efficiency, many lightweight designs have been
suggested. For example, S et al., (2026) used transfer
learning and a lightweight convolutional neural network
architecture dubbed EfficientNet-B0O, CT scans may be
classified as either normal, cyst, stone, or tumour. Criteria
for evaluation were F1, REC, ACC, and PRE. With an
overall ACC of 84.02%, the model demonstrated great
performance for the cyst and tumour classes using a
publicly accessible CT Kidney dataset. It also highlighted
the significance of class imbalance and visual likeness as
hurdles in stone categorization [18]. Another worked by
K, S and Gayathri, (2026) provides a method for the real-
time categorization of manufacturing problems using an
algorithmic approach based on ML and image
processing. The three supervised ML models that get
these features are SVM, RF, and KNN. A curated dataset
was used for experimental assessments, and the RF
classifier was shown to have the best ACC (94.1%),
stability, and performance of the bunch [19].

Then, Saadati-Monem et al. (2025) The goal of

learning-based image compression methods is to
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improve compression performance by allowing for
more flexible feature space for computer vision tasks.
This makes it easy to mix these methods with analytical
tasks. The main objective of this project is to train a
network that can classify images and a network that can
compress them using learning-based techniques in an
interactive way. The findings show that this strategy
stabilizes the training process, increases ACC for picture
classification using the extracted features, and retains
and enhances the compression network's performance
The suggested
approach improves performance by 7.99% on average
[20].

compared to standard methods.

Yuan, Xiong and Chen (2024) aim to use machine
vision to look at the phenotypes and classify the
varieties of waxy corn seeds, tackling the problems that
come up when varieties mix and slow down industry
growth. A variety of ML techniques, each with its own
set of advantages, were used to successfully categorize
waxy corn seeds. These algorithms included K-Nearest
Neighbours (KNN), Linear Discriminant Analysis
(LDA), Decision Trees (DT), and Support Vector
Machines (SVM). The following settings were used by
the five models to attain high ACC rates, which
exceeded 90%: DT at 0.922 and KNN at 0.947 [21]. Then,
Krishna Prasad, Amudha and R, (2023) suggested
comparing SAR image classification using a supported

vector machine with a new greedy hierarchical learning
approach. Twenty samples were selected from the Kaggle
learning platform's dataset. In the MATLAB simulation,
support vector machine attained a classification ACC of
80.41%, whereas innovative greedy hierarchical learning
reached 93.08%. There is a significant result of 0.009 (p
0.05) according to the SPSS analysis. On the provided
synthetic aperture radar image classification dataset, the
new greedy hierarchical learning algorithm considerably
beats the support vector machine in terms of ACC [22].

Lastly, Yang et al. (2022) assume that learning via a
lightweight network increases computation efficiency
and that collecting rich feature representation would help
tyre classification. Afterwards, they suggest a two-step
training process that is user-friendly and effective: 1)
They project pictures to latent space using rich feature
representation, and then use a variational auto-encoder
framework that is limited by contrastive learning to
create a feature extractor. 2) The characteristics collected
by the previously learned encoder are used to train a one-
layer linear classification network. On the tyre pattern
dataset, the top-1 ACC is 89.8% and the top-5 ACC is
96.6%, proving that the technique is successful [23]. Table
I summarizes current studies on image visual
classification, including the models suggested, datasets
used, key results, and difficulties encountered.

TABLE I RELATED WORK SUMMARY ON IMAGE VISUAL CLASSIFICATION USING MACHINE LEARNING TECHNIQUES
Author Proposed Work Dataset Results Limitations & Future Work
Setal. (2026) | Proposed an EfficientNet-BO | Public CT | Achieved 84.02% | Performance was affected by
transfer learning framework | Kidney dataset | overall accuracy with | class imbalance and visual
for multi-class kidney CT strong  performance | similarity in stone images.
image classification. for cyst and tumour | Future work should improve
classification. minority class recognition
and model robustness.

K, S. and | Developed a real-time | Manufacturing Random Forest | Future work should evaluate
Gayathri manufacturing defect | defect  image | achieved the highest | larger industrial datasets and
(2026) classification system using | dataset accuracy of 94.1%. incorporate deep learning
image processing with SVM, models for improved

RF, and KNN classifiers. performance.
Saadati- Proposed  an  interactive | Standard image | Achieved an average | Future work should validate
Monem et al. | learning-based image | compression 7.99% improvement in | the approach on larger
(2025) compression network | and image | classification datasets and  real-time
integrated with image | classification performance  while | computer vision applications.

classification. datasets maintaining

compression quality.

Yuan, Xiong | Proposed a machine vision

Waxy corn seed

All models achieved | The study considered only

(80.41%).

and  Chen | framework for waxy corn seed | image dataset | over 90% accuracy, | three seed varieties. Future
(2024) classification using phenotypic | (three varieties) | with KNN 94.7% and | work should include more
feature extraction with KNN, DT 92.2%. crop varieties, larger datasets,
LDA, DT, and SVM. and deep learning
approaches.
Krishna Compared Greedy | Kaggle SAR | Greedy Hierarchical | The dataset size was very
Prasad, Hierarchical Learning with | image dataset | Learning achieved | small. Future work should
Amudhaand | SVM  for SAR  image | (20 samples) 93.08% accuracy, | evaluate larger SAR datasets
R. (2023) classification. outperforming SVM | and advanced deep learning

models.
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Yang et al
(2022)

Proposed a lightweight two- | Tire
stage framework using
Variational Autoencoder and
contrastive learning for tyre
image classification.

pattern
image dataset

Future work should validate
the framework on larger and
more diverse image datasets.

Achieved 89.8% Top-1
accuracy and 96.6%
Top-5 accuracy.

Research gaps: classification
approaches often rely on handcrafted features, transfer

learning, or application-specific models that may not

Existing image

generalize effectively across diverse image categories.
Several studies also report limitations related to class
imbalance, small datasets, and insufficient feature

leveraging recurrent neural networks for extracting
discriminative visual features in general-purpose image
classification tasks. Therefore, there is a need for an
efficient RNN-based framework with
preprocessing and learning to
classification ACC and generalization.

effective

feature improve

representation, which reduce classification robustness. 3. Methodology
Furthermore, limited attention has been given to
T
—
Handling
Imbalanced CIFAR-10 dataset

Image resizing

Data pre-processing

—vy

App.ly Random Data augmentation
Erasing
A 4
Min-Max Normalization [€¢—— One Hot Encoding
X
Cn’h Snlittine ) Model Evaluation
. — Accuracy, Precision,
.. \ Recall. F1 Score
Training Testing
Implement Proposed Results
Recurrent Neural &

Network (RNN)

Fig. 1. Proposed flowchart for Image Classification using DL model

The section that follows provides a detailed
explanation of the intended method:

The proposed methodology is developed for image
visual classification using the CIFAR-10 dataset. Image
scaling, data
augmentation, and one-hot encoding of class labels are

normalization, resizing, min-max
some of the preprocessing procedures that are applied
to the dataset in order to improve its quality and the
efficiency of its model learning. Using stratified
sampling, the preprocessed dataset is divided into two
parts: one for training and another for testing. The
former receives 80% of the data, while the latter receives
20%. This maintains a balanced distribution of classes.
Afterwards,
constructed using an RNN, which consists of two
recurrent layers and a fully connected dense output
layer. This model is able to extract sequential feature
representations from the input pictures. Using suitable
hyperparameters, the model is trained and improved.
ACC, PRE, REC, F1, loss analysis, and confusion matrix
visualization are some of the performance indicators

a multi-class classification model is

used to evaluate its efficacy. The evaluation measures
offered here thoroughly test the model's generalizability
and classification abilities. The suggested RNN model-
based image visual classification procedure is shown in
Figure. 1.

A. Data Collection and Preprocessing

DL and ML researchers use the CIFAR-10 dataset as a
standard for picture classification tasks. There are a total
of sixty thousand colour photos, each measuring thirty-
two by thirty-two pixels, which are organized into ten
different item classes: aircraft, vehicle, animal, ship,
truck, frog, horse, tree, and deer. With 6,000 photos in
each class and 50,000 in training and 10,000 in testing, the
dataset is usually rather large. Due to the uniform
distribution of photos across all classes, this dataset is
ideal for testing classification methods. Researchers may
evaluate the performance of various DL architectures
under uniform settings on CIFAR-10 because of its
balanced structure, modest size, and diverse object
categories. Developing, training, and evaluating image
classification algorithms make extensive use of the
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dataset.

Figure 2 displays samples from the CIFAR-10
dataset, with a single picture representing each of the
ten item types: aircraft, car, bird, deer, dog, frog, horse,
cart, ship, and truck. These examples showcase several
classes and provide a high-level overview of the dataset
used to train and evaluate the image classification

algorithm.
Sample Images from Each CIFAR-10 Class

1: automobile

0: airplane

Fig. 2. Sample images

Training Set Class Distribution

2
8

Number of Images
n
§ § 8 8

§

o

A S A A A A
* S
® Class

Fig. 3. Training Set Class Distribution

There is a perfect distribution of training pictures
among the ten classes in the CIFAR-10 dataset, as seen
in the Training Set Class Distribution (Figure 3). This
balanced distribution helps to reduce class bias when
training the model and ensures that the image
classification results are fair and reliable.

B. Image Normalization

Using the formula Pixel Value = Pixel Value / 255.0,
normalize all images by reducing the intensity values of
the pixels from their original 0-255 range to 0-1. This
normalization improves numerical stability, accelerates
model convergence, and reduces the effect of varying
pixel intensities during training.

C. Label Encoding

A technique that facilitates multi-class classification
is the transformation of class labels into one-hot
encoded vectors. Since the dataset contains ten distinct
classes, and may conceive of each label as a 10-
dimensional binary vector, where 1 denotes the correct
class and 0 denotes the unsuitable ones.

D. Data Augmentation

The training dataset is the only one that uses data

augmentation to make the model more generalizable and
less prone to overfitting. The following are the
parameters for the fixed augmentation: horizontal flip
(with a probability of 0.5), rotation (with a margin of
+15°), width shift (10%), height shift (10%), and zoom
(10%). The original class labels are preserved while these
changes provide various training examples.

E. Dataset Splitting

The pre-processed dataset is stratified-sampled so
that each of the 10 classes has an equal chance of being in
the training or testing subset. Nearly 4,800 training
pictures and 1,200 testing images are produced for each
class, for a total of 48,000 training images and 12,000
testing images.

F. Proposed Recurrent Neural Network (RNN) Model

The proposed RNN model is developed to perform
image visual classification using the CIFAR-10 dataset by
learning sequential feature representations. Each 32 x 32
x 3 RGB image is transformed into 32 different time steps,
with 96 features (32 x 3 each time step), because RNNs
analyze data sequentially. By storing data from earlier
time steps in its hidden state, RNNs are able to learn
about input feature relationships. At time step t, the
hidden state is calculated using Equation. (1):

he = ¢(Wynxe + Winhe_y + by) 1)

The variables x, represent the input at time step ¢,
hi_, stands for the previous hidden state, W, is the
input-to-hidden weight matrix, W, is the recurrent
hidden-to-hidden weight matrix, b, is the bias vector,
and ¢(-) is the ReLU activation function.

A fully linked output layer follows two SimpleRNN
layers in the suggested design. The SimpleRNN
architecture begins with a 128-hidden-unit layer
activated using ReLU and set to return_sequences=True.
The following is a 30-dropout-rate-layer. After that, there
is a second SimpleRNN layer with 64 hidden units
activated by ReLU. The final Dense layer consists of 10
neurons that use the Softmax activation function to
generate class probabilities; these neurons stand in for the
ten CIFAR-10 classes. The dropout rate in this layer is
0.30. Equation (2) is used to calculate the network's
output.

¥ = Softmax(Wpyh; + b)) (2)

where b,, is the output bias vector and W, is the
hidden-to-output weight matrix.This model was trained
using the Adam optimizer over the training period of 30
epochs with a learning rate of 0.001 and a batch size of 64.
20% of the training data goes into validation, which helps
keep an eye on how well the model is learning. Start with
zero bias settings and the Glorot Uniform initializer for
the network weights. To make sure the results are
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consistent every time, use a random seed of 42 to mix
up the training sets before each iteration. The objective
of optimization is to minimize the categorical cross-
entropy loss function, which is obtained from Equation.

3):
L=~-Y{,ylog(¥) 3)

where C stands for the overall count of classes, y; is
the actual label for class i, and J; represents the
likelihood that class i is true. To thoroughly examine the
suggested RNN model's picture classification
performance, it is trained on the testing dataset and then
tested on that dataset using performance metrics.

G. Evaluation Metrics

The proposed model was tested for its performance
with various classification metrics. The TP, FP, TN, and
FN counts were calculated with the use of a confusion
matrix. The F1, REC, ACC, and PRE were all calculated
using these variables, giving a thorough evaluation of
the model's classification performance:

Accuracy: A metric for evaluating the trained
model's performance
comparison to the entire dataset (input samples). The

in making predictions in

Equation for it is (4):

TP+TN

Accuracy = ———
Y = TPTFP+TN+EN )

Precision: The accuracy and confidence level (ACC)
of a model's predictions is the ratio of the number of
positive instances accurately predicted to the total
number of positive examples. One such representation
is Equation (5):

TP
TP+FP )

Precision =

Recall: This metric measures the accuracy of positive
event predictions as a percentage of the total number of
occurrences that ought to have been positive. It may be
expressed mathematically as Equation (6):

TP
TP+FN

Recall =

(6)

F1 score: The harmonic mean of PRE and REC is
what it is. In other words, it helps to balance PRE and
REC. Mathematically, it is given as Equation. (7):

PrecisionxRecall
F1—score = 2 x ——2220 (7)

Precision+Recall

H. Experiments Setup

All of the tests were executed on a Windows 11
Home 64-bit machine with a 32 GB RAM stick, an Intel
Core i7-14700F processor, and an NVIDIA GeForce RTX
5060 graphics processing unit. Used Python 3.10.19 to
build and test the proposed model using the PyTorch
2.11.0.dev20260211+cul30 framework and CUDA 13.0
for GPU acceleration.

4. Results and Discussion

The experimental findings and performance analysis
of the proposed RNN model for image visual
categorisation using the CIFAR-10 dataset are presented
in this part. A number of measures are used to evaluate
the model. These include learning and validation
performance, ACC, PRE, REC, confusion matrix analysis,
and loss convergence. The outcomes show that the
suggested method is effective, resilient, and can
generalize to correct picture classifications across 10

object types.

Table II shows how well the suggested RNN model
classified data from the CIFAR-10 dataset. Strong
learning power and decent generalization were shown by
the model's 98.1% training ACC, 97.1% validation ACC,
and 97.2% testing ACC, with just a little performance gap
across the datasets. Consistent with this, show consistent
convergence and little overfitting in training with losses
0f 0.10, 0.17, and 0.18 correspondingly. An ACC of 97.0%,
REC of 97.6%, and F1 of 97.4% were the high classification
metrics attained by the suggested model on the testing
set, demonstrating its efficacy in correctly identifying
pictures across all ten CIFAR-10 classes. Figure 4 shows
the findings, which prove that the suggested RNN model
offers dependable and strong visual categorization
performance for images.

TABLE 11 CLASSIFICATION RESULTS OF PROPOSED MODEL FOR IMAGE
VISUAL CLASSIFICATION
Metric Training | Validation | Testing

Accuracy 98.1 97.1 97.2
(%)

Loss 0.10 0.17 0.18
Precision 98.0 97.2 97.0
(%)

Recall (%) 98.2 97.4 97.6
F1-Score 98.1 97.3 97.4
(%)

100 Classification Performance of Proposed RNN Model

I Training
I validation
99 I Testing

Percentage (%)

Accuracy Precision Recall F1-Score
Performance Metrics

Fig. 4. Bar graph of classification performance of Proposed
Model for the visual image classification
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Training and Validation Accuracy

1.0

Training Accuracy
Validation Accuracy

0.5

5 10 15 20 25 30
Epoch

Fig. 5. Accuracy Curve for the Proposed Model

Training and Validation Loss

= Training Loss

107 = Validation Loss

5 10 15 20 25 30
Epoch

Fig. 6. Loss Curve for the Proposed Model

The suggested RNN model's training and validation
performance over 30 epochs are displayed in Figures 5
and 6, respectively. With a small gap of just 0.8%, the
ACC curves show high generalization and low
overfitting, attaining 98.1% training ACC and 97.3%
validation ACC. Training loss falls from 1.05 to 0.10 and
validation loss falls from 0.98 to 0.17, indicating ongoing
model convergence in a similar vein as the loss curves
consistently decline. The findings show that the RNN
model is successful; it gets 97.2% of the tests right on the
CIFAR-10 dataset.

Confusion Matrix of Proposed RNN Model

Airplane 2 o] 1 o] o] o 12 7
Automobile o

Bird 91 2

Cat 4 O

% Deer 4 1
@

'g Dog | ©

Frog | O

Horse { O

sShip 4 10

Truck H{ 5

T T
&\,boa {\cP\\Q‘%“"b -l d”?} CF’Q q\ota QP{'P (_}\\Q « &c‘.‘(
ke ‘?’.@\

Predicted label

Fig. 7. Confusion matrix of the proposed Recurrent Neural
Network

The suggested RNN model's confusion matrix on the
CIFAR-10 dataset is shown in Figure 7. The majority of
samples are correctly classified, as indicated by the high
values along the major diagonal, and there are few
misclassifications across visually similar classes like cat-
dog, deer-horse, automobile-truck, and aeroplane-ship.
The results show that the proposed method is effective
and trustworthy when it comes to visual picture
classification.

A. Comparative Analysis

Table III presents the results of a comparison of the
proposed RNN model's performance with those of other
DL models already available for use in order to assess the
model's efficacy. Evaluate the proposed model using F1,
REC, ACC, and PRE, and compare it to CNN, ResNet50,
and MobileNetV3. In comparison to ResNet50 (94.1%
ACC) and MobileNetV3 (95.49% ACC), the CNN model
only managed 75.7% ACC. But the suggested RNN
model outperformed all others with a 97.2% testing ACC,
97.0% REC, and 97.4% F1. In addition, the model
demonstrated consistent learning with little overfitting
and good generalizability, achieving 98.1% training ACC
and 97.1% validation ACC. These outcomes prove that
the suggested RNN is superior to the current models and
offers a solid alternative for picture visual categorization.

TABLE III Comparison of Different Deep Learning
Models for Image Visual Classification

Model Accuracy | Precision | Recall | F1-
score
CNN[24] 75.7 759 75.7 75.6
ResNet50 [25] 94.1 95.4 94.6 94
MobilenetV3[26] | 95.49 - - 95.33
Proposed RNN | 97.2 97 97.6 974

In comparison to deeper and more resource-intensive
models, the lightweight design with two SimpleRNN
layers offers an efficient compromise between
computational complexity and ACC. The implications of
this work are significant for various computer vision
applications, including automated image recognition,
intelligent surveillance, autonomous systems, and visual
analytics. Based on the results, RNN-based architectures
are a viable option for efficient visual feature learning in
image classification tasks. This opens the door to future
advancements in hybrid CNN-RNN  architectures,
attention mechanisms, and advanced recurrent models
for large-scale image analysis.

B. Limitations and Future Work

A number of caveats to the suggested method need to
be considered. As a small-scale benchmark dataset with
low-resolution pictures and limited item -categories,
CIFAR-10 is the only dataset used to evaluate the model.
Therefore, the generalization capability of the proposed
RNN model for more complex real-world image
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classification tasks with larger, diverse, and high-
resolution datasets requires further investigation.
Additionally, the study focuses on a single RNN-based
architecture, and the performance comparison is limited
to selected existing DL models. The suggested method
validated in future studies by testing its scalability and
resilience on bigger and more difficult datasets
including CIFAR-100, ImageNet, Caltech-101, and Tiny
ImageNet. In
performance

recognition systems, it is possible to investigate and

order to enhance classification

and create more versatile visual
evaluate more sophisticated models such as CNN,
Vision Transformers (ViT), EfficientNet, DenseNet, and

hybrid CNN-RNN architectures.
5. Conclusion

Image classification is a key technology in the study
and progress of modern technology and science. This
research presented an RNN-based framework for image
visual classification using the CIFAR-10 dataset. The
proposed model effectively utilized sequential feature
learning to extract meaningful representations from
image data and perform multi-class classification. The
model achieved consistent and reliable classification
performance through the combination of appropriate
preprocessing approaches, data augmentation, and
recurrent learning. A testing ACC of 97.2% was
produced by the experimental evaluation of the
proposed approach, proving that it -effectively
recognized several item categories within the dataset.
The results indicate that RNN-based architectures can
be a promising alternative for visual classification tasks.
However, the current study is limited by the use of a
single
Exploring advanced architectures such as CNN, Vision
Transformer (ViT), EfficientNet, DenseNet, and hybrid
CNN-RNN models will enhance scalability, robustness,
and real-world applicability in future work. Evaluating
the proposed approach on larger and more diverse
datasets like CIFAR-100, ImageNet, Caltech-101, and
Tiny ImageNet will also be undertaken.

dataset and a single model architecture.
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