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Abstract. Relevance. Image classification is a key task in computer vision, which has wide applications in medicine,
transportation, industry, and security. The use of optimized CNN architectures allows high accuracy to be achieved with
limited resources, which is relevant for mobile and embedded systems. Research subject: machine learning methods and
neural network architectures for image classification. The purpose of the article is to develop and evaluate a modified
convolutional neural network that provides a balance between classification accuracy and computational efficiency, as well
as to compare its results with classical and modern models. Research results. The proposed CNN achieved 93.8%
accuracy on the Fashion MNIST dataset, exceeding the performance of LeNet-5 (91.2%) and classical algorithms (KNN —
85.3%, Decision Tree — 82.7%, XGBoost — 90.4%). On the more complex CIFAR-10 dataset, the model showed an
accuracy of 80.2%, exceeding LeNet-5 but falling short of ResNet and EfficientNet. This confirms the effectiveness of the
model for tasks of medium complexity and systems with limited resources. Conclusions. Modified CNN is a compromise
between simple classical methods and complex modern architectures. It provides an optimal balance between accuracy and
learning speed, making it suitable for practical application in mobile and embedded systems. Further research may focus on
the use of more complex datasets, automatic hyperparameter selection, and the integration of self-attention mechanisms.
Scope of application of the results obtained: medium-complexity computer vision systems, mobile and embedded devices
with limited resources, applied image classification tasks.
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Introduction

Problem statement. Image classification is one of
the key tasks in computer vision, which finds application
in many areas: from medicine and autonomous vehicles
to the fashion industry and face recognition. Recent
advances in machine learning have made it possible to
create models that can analyze and classify images with
high accuracy. The development of deep learning methods,
such as convolutional neural networks (CNNs), as well as
architectures based on the self-attention mechanism (e.g.,
Vision Transformer), have opened up new horizons for
solving this problem. This article examines the
effectiveness of various approaches to image classification
based on the Fashion MNIST dataset, which contains
images of clothing, footwear, and accessories. Both
classical machine learning methods (K-Nearest Neighbors,
Decision Tree, XGBoost) and modern deep learning
models were selected for the study: LeNet-5, VGG16,
ResNet, EfficientNet, Vision Transformer [1, 2]. Particular
attention is paid to the presentation and analysis of my
implementation,  which ~ demonstrates  significant
advantages over other architectures.

The aim of this work is to study existing machine
learning methods and modify the classical convolutional
neural network. The proposed model is a modification of
the classical convolutional neural network, built on the
basis of well-known architectural solutions widely used
in image classification tasks. The main focus of the work
is on the practical analysis of the influence of
architectural parameters (number of convolutional layers,
use of MaxPooling, choice of activation functions and
optimization algorithm) on the classification accuracy
and computational efficiency of the model. Thus, the
research is applied in nature and aims to evaluate the
feasibility of using simplified CNN architectures in tasks
with limited computational resources. A comparative
analysis of the proposed model with other approaches

allows us to assess how effective my implementation is in
visual data analysis tasks

Main material

Analysis of methods. To achieve the set goal, a
number of classification methods were applied,
covering both classical machine learning algorithms and
modern neural networks. Classic approaches include
KNN, Decision Tree, and XGBoost. These methods are
based on geometric and statistical classification
principles, but their application to image processing
tasks is limited due to the local nature of feature
computation and insufficient generalization ability on
complex datasets.

Neural  networks, in  particular  ResNet,
EfficientNet, and Vision Transformer, demonstrate
higher efficiency due to their ability to consider both
local and global features of images. Within the scope of
this study, both the modern architectures and the
implemented convolutional neural network were used to
classify images from the Fashion MNIST dataset.

The Fashion MNIST dataset consists of 28x28
pixel grayscale images and contains 10 classes
corresponding to different categories of clothing,
footwear, and accessories [3]. The data is divided into a
training sample of 60,000 images and a test sample of
10,000 images. In addition, the study used the CIFAR-
10 dataset, which contains 32x32 pixel color images
belonging to 10 classes, including vehicles, animals, and
everyday objects. The use of CIFAR-10 made it
possible to evaluate the ability of models to work with
more complex and diverse visual data.

Classic ~ machine  learning  methods have
demonstrated limited effectiveness in image classification
tasks. The KNN algorithm is simple to implement [4], but
its performance decreases on large samples due to
significant computational complexity. Decision Tree
provides convenient interpretation of results but is prone
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to overfitting. XGBoost shows better results thanks to its
ensemble approach but requires significant computational
resources. In contrast, neural networks are capable of
automatically forming complex features from input data,
making them more suitable for image analysis.

Modified CNN. The implemented convolutional
neural network was optimized (Fig. 1) to work with
relatively simple datasets. Its architecture includes
several convolutional layers, MaxPooling operations to
reduce feature dimensions, as well as modern RelLU
activation functions and the Adam optimization
algorithm. This combination allows for improved
classification accuracy without a significant increase in
computational costs. The proposed model is built in
accordance with generally accepted principles of CNN
development and does not contain fundamentally new
architectural components, which ensures the correctness
of comparing its results with classical and modern
models such as LeNet-5 ResNet, EfficientNet, and
Vision Transformer [6].

The general structure of the proposed
convolutional neural network is shown in Fig. 1.
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Fig. 1. Model architecture

The architecture was designed with an emphasis
on simplicity and computational efficiency while

preserving sufficient representational capacity for image
classification tasks. Particular attention was paid to the
selection of the number of layers and their configuration
in order to ensure stable training and reliable
performance on benchmark datasets.

The design of the modified convolutional neural
network was guided by the need to achieve a balance
between model simplicity and classification
performance. Unlike deep modern architectures that rely
on many layers and complex structural elements, the
proposed CNN focuses on a limited number of carefully
selected components that are sufficient for effective
feature extraction. This approach allows the model to
remain computationally efficient while avoiding
excessive overfitting, which is especially important
when working with relatively small and low-resolution
datasets such as Fashion MNIST.

Results. The results of the study showed that this
model demonstrates significant improvements in
accuracy compared to classical machine learning
methods and the classical LeNet-5. On the Fashion
MNIST dataset, the developed CNN achieved an
accuracy of 93.8%, while the classic version of LeNet-5
achieved only 91.2% (Table 1). This improvement was
achieved using additional convolutional layers, modern
activation  functions (ReLU), and the Adam
optimization algorithm.

After the convolutional feature extraction stage, the
network includes fully connected layers that perform the
final classification. The Adam optimization algorithm
was selected due to its ability to adaptively adjust the
learning rate, which leads to faster convergence and more
stable training. Overall, the proposed architecture follows
well-established CNN design principles and serves as a
representative baseline for comparison with both classical
and modern deep learning models.

Classic machine learning methods such as KNN,
Decision Tree, and XGBoost demonstrated significantly
lower performance. KNN achieved 85.3% accuracy,
which can be explained by its high computational
complexity and low ability to work with high-
dimensional data. Decision Tree demonstrated 82.7%
accuracy but suffered from overfitting. XGBoost
achieved 90.4% accuracy thanks to its powerful ensemble
approach but required significant computational resources
and did not outperform neural networks.

Modern neural networks such as ResNet,
EfficientNet, and Vision Transformer showed the
highest results. ResNet achieved 95.5% accuracy by
using residual connections that ensure stable training of
deep models [8]. EfficientNet achieved 96.1% accuracy
by optimizing the width, depth, and resolution of the
model. Vision Transformer showed the best accuracy
96.3% using a self-attention mechanism that allows it to
analyze the global context in images. However, these
models require significantly more computational
resources, which limits their application on less
powerful hardware systems.

Discussion. It should be noted that the results of
this study were obtained from a limited number of
datasets, which may affect the generalizability of the
conclusions.
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Table 1 — Test results

Accuracy FASHION 85 75 88 90 92 94 94 96 96 97
Loss FASHION - - 0.6 0.4 0.35 0.3 0.3 0.25 0.2 0.18
Accuracy CIFAR-10 40 30 50 65 75 80 88 93 94 94
Loss CIFAR-10 - - 12 11 0.8 0.44 0.4 0.4 0.35 0.3

In particular, the Fashion MNIST dataset contains
relatively simple images with low resolution, which
makes the classification task easier compared to real-
world application scenarios. In addition, the selection of
model hyperparameters was done empirically and did
not cover the entire space of possible configurations. In
future studies, it would be advisable to expand the set of
experiments using more complex datasets and methods
for automatic hyperparameter selection.

Although CNN is inferior in accuracy to ResNet,
EfficientNet, and Vision Transformer, it has several key
advantages. It provides an optimal balance between
accuracy and computational efficiency, making it ideal
for tasks of medium complexity and systems with
limited resources. For example, the training time for this
network is significantly shorter than for EfficientNet
and Vision Transformer, allowing the model to be
adapted to new tasks more quickly.

On the CIFAR-10 dataset, the implementation
showed an accuracy of 80.2%, which surpasses the
classic LeNet-5 (78.1%) but is inferior to modern
models such as ResNet (91.3%) and EfficientNet
(92.5%). This indicates that it is effective for tasks of
low and medium complexity, but for high complexity, it
is recommended to use deeper models with global data
processing.

It should be noted that the results of this study
were obtained from a limited number of datasets, which
may affect the generalizability of the conclusions. In
particular, the Fashion MNIST dataset contains
relatively simple images with low resolution, which
makes the classification task easier compared to real-
world application scenarios.

In  addition, the selection of  model
hyperparameters was performed empirically and did not
cover the entire space of possible configurations. In
further research, it is advisable to expand the set of
experiments using more complex datasets and methods
of automatic hyperparameter selection.

Conclusions

Thus, the proposed model demonstrates practical
effectiveness as a compromise solution between simple
classical machine learning methods and complex
modern deep models. This confirms the feasibility of

using similar CNN architectures in applied image
classification tasks of medium complexity.

In this article, the following results were obtained:

1. A comparative analysis of classical machine
learning methods and modern deep learning models for
image classification was conducted using the Fashion
MNIST and CIFAR-10 datasets, demonstrating the
limitations of traditional approaches when applied to
visual data.

2. A modified convolutional neural network based
on standard CNN architectural principles was
implemented and evaluated. The proposed model showed
improved classification accuracy compared to the
classical LeNet-5 architecture while maintaining lower
computational complexity than deeper modern models.

3. Experimental results confirmed that the
proposed CNN provides a balanced trade-off between
accuracy and computational efficiency, making it
suitable for image classification tasks of low to medium
complexity, especially in environments with limited
computational resources.

Future research may focus on extending the
proposed approach by exploring more complex datasets,
applying automated hyperparameter  optimization
techniques, and integrating advanced architectural
components such as attention mechanisms or
lightweight residual connections to further improve
model performance and generalization ability.

From a practical perspective, the modified CNN
can be effectively applied in mobile applications,
embedded vision systems, and industrial monitoring
tasks, where a compromise between accuracy, inference
speed, and memory consumption is required. This
confirms the relevance of lightweight convolutional
models in modern computer vision pipelines.
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3acTocyBaHHsI Ta aHAJI3 MeTOiB MALIMHHOI0 HABYAHHSA 1A KJIacudikanii 300pakeHb
0. O. Cokonos, A. L. ITopomenko, P. O. Spomesny, B. O. Xones

AHoTanis. AkryansnicTb. Kiacudikaiis 300paxeHb € KJIIOYOBUM 3aBJaHHIM Y KOMIT'IOTEPHOMY 30Di, K Ma€ [INPOKe
3aCTOCYBaHHsI B MEAWIIMHI, TPAHCIOPTI, MPOMHUCIOBOCTI Ta Oe3mneni. Bukopucranus ontumizoBanux apxitektyp CNN mo3Boisie
JOCSATTH BHUCOKOI TOYHOCTI 3 OOMEXEHHMH pecypcaM, II0 € aKTyalbHHM i MoOinpHHX Ta BOynoBaHux cucreM. Tema
JOOCJIIZKeHHsI: METON MAlIMHHOTO HABYAHHS Ta apXiTEKTYpH HEHPOHHUX Mepex Uil kiacudikaiii 300paxeHs. MeTa cTaTTi.
PpOo3poOHUTH Ta OWIHUTH MOAN(DIKOBaHY KOHBOIIOIIIHY HEHPOHHY MEpEKy, sika 3ade3rneuye OanaHc MK TOUHICTIO Kiacudikaii
Ta 0OYMCIIOBAIBHOK €EeKTUBHICTIO, a TAKOK MOPIBHATH 1i pe3ybTaTH 3 KIACHYHUMHU Ta Cy4acHHMH MoJensiMu. PesyabTaTn
nocaimkenns. 3anporoHoBaHa CNN  gocsrma Tounocti 93,8% na naOopi ganux Fashion MNIST, nepeBuiuBLm
npoayktuBHicTs LeNet-5 (91,2%) i xnacuunux amroputmis (KNN — 85,3%, Decision Tree — 82,7%, XGBoost — 90,4%). Ha
Oinbmn ckmagaoMmy Habopi naHux CIFAR-10 mozmens moka3zana tounicts 80,2%, mepeBummBiu LeNet-5, ane mocTynuBIIuch
ResNet i EfficientNet. e miaTBepkye eeKTHBHICT MOAEINI I 3aBAaHb CepelHbOI CKIAIHOCTI Ta CHCTEM 3 OOMEXKEHHMH
pecypcamu. BucnoBku. MoudikoBana CNN € KOMIPOMICOM MK MPOCTUMH KJIACHYHUMH METOJIAMH Ta CKIIAJHUMH CY4acHUMHU
apxiTekrypamu. BoHa 3a0e3nedye onTuManbHAN 0aJaHC MK TOYHICTIO Ta IIBHIKICTIO HABYAHHS, IO POOUTS ii MPUAATHOIO IS
MPAKTHYHOTO 3aCTOCYBaHHS B MOOUIBHHX Ta BOyZOBaHMX cucreMax. [lojanblii JOCHTIIKEHHS MOXYTh 30CEPEIUTHCS Ha
BHKOPHUCTaHHI OLTBII CKIIAQJHUX HAOOPIB JaHWX, aBTOMAaTHYHOMY BHOOpI TileprapaMeTpiB Ta iHTerpalii MexaHi3MiB caMOyBarHd.
Cdepa 3acTocyBaHHS OTPHMAHUX PE3YJIbTATIB: CHCTEMH KOMITTOTEPHOTO 30py CEepeAHBOI CKIagHOCTI, MOOUIbHI Ta BOYIOBaHI
MPUCTPOT 3 0OMEKEHUMH pecypcaMu, MPUKIAIHI 3aBIaHHs Kiacupikailii 300pakeHb.

KawuoBi caoBa: knacudikanis 300paxenb, CNN, Vision Transformer, Fashion MNIST, HelipoHHI Mepexi, MallHHHE
HaBYaHHIL.
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