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Abstract

Machine learning (ML) and deep learning (DL) have
advanced at a very rapid pace; thus, improving image
classification in many fields. MNIST data is one of
the most popular benchmark datasets to compare
classification algorithms and it is represented by
70,000 grayscale images of handwritten digits (09).
This paper will make a comparative analysis of a
number of machine learning and deep learning
algorithms and models, namely Logistic Regression,
Decision Tree, Random Forest, Support Vector
Machine (SVM) and Convolutional Neural
Networks (CNN) using the MNIST dataset. All of the
models were trained and tested using the same
preprocessing methods, including normalization and
feature scaling. Several evaluation metrics were
applied to evaluate the performance, and they
included accuracy, precision, recall, F1-score, and
confusion matrix. The findings prove that
conventional machine learning models, especially
SVM and Random Forest, perform competitively.
Nonetheless, CNN is more effective as compared to
classical models because it is capable of learning
hierarchical features of space automatically using
image data. The results indicate the significance of
choosing suitable models depending upon the nature
of data and computing limitations. This paper
presents a comparative study in detail and in a
systematic manner that would improve the
comprehension of the trade-offs between the model
performance and computational efficiency and could
act as a valuable source of information to researchers
and practitioners in image classification exercises.
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1. Introduction

Image classification is one of the core events of the Artificial Intelligence (Al) and pattern recognition systems.
Machine learning methods have been widely used in solving classification tasks over the last decades in the fields
of medical imaging, autonomous systems, cybersecurity, and document recognition [1]. MNIST is one of the most
popular and used benchmark datasets to measure the classification performance in the literature [2].

LeCun et al. introduced the MNIST data set as a standardized handwritten digit recognition data set [2]. It provides
28 28 pixel grayscale images separated into training and testing sets allowing the algorithms to be consistently
tested. MNIST has become a popular testbed because it is easy and has a structured structure to both traditional
machine learning models and deep learning architectures [3].

To structured classification tasks, classical machine learning algorithms like the Logistic Regression, Decision
Trees, Rand Forest, and Support Vector Machines have shown high results [4]. Nevertheless, due to the
development of deep learning, specifically, Convolutional Neural Networks (CNNSs), significant enhancements
have been witnessed in image-related classification tasks [5]. CNNs are very useful when dealing with visual
information as they automatically acquire spatial pyramids of features by use of convolutional layers.

Although MNIST was widely studied with the classic methods of ML approaches, comparative analyses between
the classical methods and deep learning are still useful in comprehending the trade-offs between computational
complexity, interpretability, and predictive performance [6][7]. The research seeks to comparatively evaluate
several machine learning methods on MNIST in an organized way based on similar preprocessing and assessment
measures. The contributions of this Study is that it introduces a single and reproducible assessment framework
based on the combination of classical machine learning paradigms and deep learning methods in the same
preprocessing framework, training, and evaluation settings. Compared to most of the extant literature, this paper
does not only compare the precision of classification but it also highlights the computational efficiency (training
time), which offers a realistic analysis of trade-off between performance and resource utilization. Besides, the
research gives useful recommendations about the choice of models when working with real-life situations, in
particular, with resource-limited and edge computing systems, which increases the relevance and importance of
the suggested comparative analysis.

The findings of this paper can be summarized as follows:

1. A systematic comparative analysis of five ML/DL methods.

2. Analysis of performance against various assessment indicators.

3. Computational and practical trade-offs should be discussed.

4. Published sources which are current in the field of machine learning.

After the above introduction, the related work in section 2, proposed system in section 3, results in section 4, and
finally conclusion.

2. Related Work
The recognition of handwritten digits has been a test problem in machine learning and computer vision since the
beginning of time. As the deep learning architectures evolve continuously, the MNIST dataset is still used to date
the performance of classification and efficiency of the model.

The recent research has been devoted to the better convolutional neural network (CNN) architecture to achieve
perfection and be computationally efficient. Ahlawat et al. [8] suggested a more optimized CNN architecture that
delivered almost-state-of-the-art results on MNIST through the fine-tuning of convolutional layers and dropout
regularization. Their efforts indicated that architectural optimization is very important in reducing classification
error.

On the same note, Canziani et al. [9] conducted a trade-off study on the use of various deep neural networks in
determining the model accuracy and the computational complexity. Their study involved more general sets of
images; however, the results can be used in classifications that are based on MNIST, especially in efficiency vs.
performance.

In 2021, Tan and Le [10] expanded the approaches of scaling in convolutional networks by proposing scaling
strategies that are based on compounds, which significantly boosts the performance at the same computational
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scales. This type of scaling schemes has an impact on the contemporary CNN architectures used in digit
recognition.
Lightweight deep learning architectures have been researched more recently. Howard et al. [11] introduced the
MobileNetV3, which focuses on efficiency and lowering the cost of computations at the expense of maintaining
high classification accuracy. Architectures of lightweight are of special concern to embedded and edge-based
handwritten recognizers.
Also, transformer-based models have been used lately on vision tasks. Vision Transformers (ViT) were proposed
by Dosovitskiy et al. [12] and shown to be able to compete with CNN in image classification. Transformer models
have been implemented on MNIST-like digit classification problems although originally designed on large-scale
datasets.
In general, these works reflect an evident shift of the classical ML methodology towards optimized deep learning
and transformer-based designs. The current research expands on these developments by comparing the classical
machine learning models and the contemporary deep learning methods systematically in a single evaluation
framework, see table 1.

Table 1 : Comparison of Recent Handwritten Digit Recognition Studies

Ref. Year | Model / Approach Dataset Accuracy Strengths Limitations
High accuracy, Higher
[8] 2020 Optimized CNN MNIST 99.87% optimized computational
architecture cost
~99%
- 2020 DNN Model MNIST / (MNIST- Per;?frir;‘izrr‘fce vs. Nost ';AC'I\#'IET
Analysis CIFAR based 1cy peciiic
evaluation optimization
models)
Scalable
[10] 2021 EfficientNetV2 MNIST ~99% architecture, More complex
(adapted) £ . tuning required
aster training
. Requires larger
[11] 2021 Vision Tr{ansformer MNIST ~99% Strong feat_ure data for best
(ViT) (adapted) representation
performance
Reduced
Lightweight CNN 0 parameters, Slight drop vs
[12] 2024 Variants MNIST 9%+ suitable for deep CNN
edge devices

Despite numerous researches conducted on the MNIST dataset, most of them are primarily concerned with the
classification accuracy and do not provide a detailed analysis of the computational efficiency and the training time.
Moreover, not all works offer a consistent experimental framework, and thus it becomes more difficult to compare
models. Thus, it remains necessary to have a systematic and unbiased comparison of the classical machine learning
and deep learning models under comparable circumstances.

3. Proposed System
This work presents a detailed algorithm of handwritten digit recognition on the MNIST dataset and implies a
complex approach to the use of both classical machine learning and deep learning methods. The suggested system
will be able to compare the performance of a variety of models within a common preprocessing and evaluation
pipeline, which will allow making a fair and systematic comparison. The intention of the framework is to improve
the accuracy of classification, as well as retaining computational efficiency.

3.1 System Overview
The system suggested has six major parts:
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1) Data Acquisition: Gather the MNIST dataset 70, 000 grayscale images of handwritten numbers
(28<Jhuman|>Data Acquisition: Gather the MNIST dataset 70, 000 grayscale images of handwritten numbers (28).
The dataset is divided into two sections, 60000 training images and 10000 testing images.

2) Preprocessing: Perform image reshaping, one-hot label encoding, and normalization. In classical machine
learning models, the image is flattened into 784-dimension and in CNNs, the original 28x28x1 organization is
preserved.
3) Feature Extraction:
e Classical ML Models: FEAT: Rolling values of raw pixel intensity. Such models as SVM are optionalized.
o Deep Learning Models: Convolutional layers are automatic in which hierarchical spatial features are
extracted. The max-pooling layers decrease the spatial dimensions, and the dropout layers eliminate
overfitting.
4) Model Training: Train 5 varieties of classifiers Logistic Regression, Decision Tree, Random Forest, SVM, and
Convolutional Neural Network (CNN). The CNN architecture will be based on the two convolutional layers with
RelLU activation followed by max-pooling layers, dropout layer, a single fully connected dense layer, and a
Softmax output layer of ten classes.
5) Model Evaluation: Model evaluation is based on accuracy, precision, recall, F1-score, confusion matrix and
computational time.
6) Comparison: Perform a comparison of model performance, in terms of accuracy, robustness and computational
efficiency to offer recommendation on the application to the real world.

3.2 System Architecture
The suggested system uses a modular pipeline design to guarantee scalability and reproducibility and a systematic
assessment of various machine learning and deep learning algorithms. Every pipeline stage is created to be

Activity Diagram: Handwritten Digit Recognition System
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|_ Preprocessing =— - One-hot encode labels
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consistent with preprocessing, training and evaluation, making it possible to compare and contrast various models
fairly.

Figure 1: The activity diagram of the proposed method.
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The Activity Diagram in figure 1. indicates the working procedure of the suggested handwritten digit recognition
system. This starts with acquisition of raw MNIST images and preprocessing with normalization, label encoding
and reshaping to allow both classical and deep learning models to work on it. The classical models are flattened
vectors of the pixel intensities in the feature extraction stage, and the convolutional neural networks use the original
image structure of 28x28x1 to learn hierarchical spatial features automatically. Various models, such as Logistic
Regression, Decision Tree, Random Forest, SVM, and CNN are then trained in constant experimental conditions.
The trained models are tested on the test dataset based on the accuracy, precision, recall, F1-score, and confusion
matrix, and computational time is recorded. Lastly a comparative analysis is used to study trade-offs between
model performance and computational efficiency to give a practical information towards the choice of the most
appropriate model to resolve practical handwritten digit classification tasks. It is reproducible, systematic and
scalable with the need to integrate more models or datasets in future works through this modular pipeline.

3.3 Major Characteristics and Contributions.
e Unified Evaluation Framework: Facilitates a reasonable comparison between the traditional ML and deep
learning models.
e Optimized Preprocessing Pipeline: Does not create inconsistencies in data or model.
e Practical Insights: Gives guidelines on how to choose the right models to be used in image classification.
o Possibility of Explainable Al Implementation: The system may be broadened to learn visual methods of
explanation like Grad-CAM when using CNN-based models.

The CNN structure is made up of several convolutional and pooling layers that are used to gradually extract
hierarchical features out of the input images. The model uses ReLU activation functions in order to add non-
linearity and max-pooling layers to downsample spatial dimensions. Final classification is done using a fully
connected dense layer that is followed by a softmax output layer. The dropout is used to decrease overfitting and
enhance generalization. See table 2.

Table 1: summarizes the detailed configuration of the proposed CNN architecture.

Layer Type Output Filters /| Kernel Activation | Pooling Description
Shape Units Size
Input Layer 28 x 28 x | - - - - Input MNIST grayscale
1 images
Convolution 26 x 26 x | 32 3x3 ReLU - Extracts low-level
Layer 1 32 features
MaxPooling 13 x 13 x | - 2x2 - MaxPooling | Reduces spatial
Layer 1 32 dimensions
Convolution 11 x 11 x | 64 3x3 RelLU - Extracts deeper features
Layer 2 64
MaxPooling 5x5x64 |- 2%x2 - MaxPooling | Further dimensionality
Layer 2 reduction
Convolution 3 x 3 x|128 3x3 RelLU - High-level feature
Layer 3 128 extraction
Flatten Layer 1152 - - - - Converts feature maps to
vector
Dense Layer 1 128 128 - RelLU - Fully connected layer
Dropout Layer 128 - - - Dropout Prevents overfitting
(0.5)
Output Layer 10 10 - Softmax | - Classifies digits (0-9)
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3.4 Experimental Setup:

The experiments were done in a controlled and reproducible environment. Logistic Regression, Decision Tree,
Random Forest, and SVM models of classical machine learning were implemented with Python via the Scikit-
learn library, and CNN was implemented with Tensor-Flow and Keras. In the CNN model, the network will be
made up of two convolutional layers with the ReLU activation, and the max-pooling layers, dropout layer, a dense
fully connected layer, and the Softmax output layer. The training of the model was performed with Adam
optimizer, the learning rate being 0.001. The model was trained using a batch size of 32 and 20 epochs. In the case
of classical machine learning models, default or default hyperparameters were used. In particular, SVM was
equipped with an RBF kernel, and the Random Forest was set to 100 trees. All of the experiments were conducted
on a computer with an Intel Core i7 processor, 16GB of RAM, and (where available) GPU acceleration. The
models were tested using the same preprocessing conditions, such as normalization and data reshaping to provide
a fair comparison. Accuracy, Precision, Recall, and F1-score were used to evaluate the performance of all models,
and the computational training time was also used.

4. Results and Discussion
The MNIST data set, which was based on classical machine learning as well as deep learning models, was used to
assess the performance of the proposed handwritten digit recognition system. In order to have a fair comparison
between models, they were all trained and tested under the same preprocessing conditions as well as experimental
conditions. The metrics used to evaluate the data were Accuracy, Precision, Recall, F1-score and training time
which did offer an overall measure of the predictive effectiveness and the computational performance.

4.1 Quantitative Results

Figure 2 provides the performance of five models, namely, Logistic Regression, Decision Tree, Random Forest,
Support Vector machine (SVM) and Convolutional Neural Network (CNN) in terms of accuracy on the MNIST
test set. The CNN model is the most accurate (99.3%), which proves that deep learning is superior in hierarchical
feature extraction. SVM is one of the classical machine learning models and the highest accuracy is 97.8. It is
clearly observed in this visualization how there is a performance difference in the traditional ML and deep learning
architectures in recognition of handwritten digit. A table of results of the tested models on the MNIST test set is
presented in Table 3:

Table 3: The Results of Modes on MINIST Dataset

Model AC((:(I)J/(I)’)acy Pnzg/;s)ion Recall (%) Fl(—g/((:);)re g;igi(r:};
Logistic Regression 92.3 92.4 92.3 92.3 12
Decision Tree 88.7 88.8 88.7 88.6 5
Random Forest 96.5 96.6 96.5 96.5 28
SVM (RBF Kernel) 97.8 97.9 97.8 97.8 180
COR,‘;?\:\‘/‘;;‘;”("‘C'NN,SI‘)”""' 99.3 99.3 99.3 99.3 210
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Accuracy Comparison of ML and DL Models on MNIST
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Figure 2: The Performance of Five Models: Logistic Regression, Decision Tree, Random Forest, Support Vector machine
(SVM) and Convolutional Neural Network (CNN)
4.2 Analysis of Results
The findings have shown that the deep learning models, namely CNN, are far more effective than the classical
machine learning models in predictive performance. CNN has accuracy of 99.3, which reflects the quality of
convolutional layers in obtaining hierarchical spatial characteristics of handwritten digits. Conversely, SVM has
the biggest accuracy amongst classical models at 97.8, which proves that the use of kernels still remains
competitive with structured datasets such as MNIST.
Random Forest has high performance (96.5) and a comparatively low cost of computation thus it is a feasible
choice when instead of using a GPU resources are minimal. Logistic Regression and Decision Tree models are
less accurate and less F1-score showing their weak ability to learn the complicated pixel-based patterns of the
images.
The analysis of training time shows the anticipated trade-off between the complexity of the model and its cost of
computation. CNN takes more time to be trained because of multiple layers and backpropagation calculations and
provides the highest predictive performance. Another limitation of SVM is that it requires large computational
resources to compute the kernels of high dimension feature vectors.
In general, the comparative analysis highlights the idea that the models used must be in terms of accuracy
requirements as well as computational capability, especially when the model is needed in the real world like
embedded systems or edge devices. The proposed system is a modular pipeline that guarantees the reproducibility
of results and further application of other models or datasets. The figure3 shows training time of each of the
models evaluated. Machine learning models like Logistic Regression and Decision tree have very low
computational times as compared to complex models like SVM and CNN, as the latter have more computational
requirements. Achieving the highest accuracy and having a trade-off of 210 seconds training, the CNN is the fastest
trade-off. This comparison shows the need to take into account the predictive performance and resource constraints
when choosing the models to be used in the real world.
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Training Time Comparison of ML and DL Models on MNIST
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Figure 3: Training Time of Each of the Models Evaluated

The confusion matrix of the CNN model in the MNIST test set is presented in figure 4, where the high classification
rates of the model of each digit class (0-9) are shown. The matrix indicates that the CNN has the right classification
of the majority of the digits with a few misclassification mistakes. The majority of confusions are of similar digits
(e.g. 4 and 9, 3 and 5) as is common with handwritten recognition. This in-depth visualization gives impression
on the performance at class level, which fosters better analysis of accuracy at the class level.

Confusion Matrix for CNN on MNIST 6

Actual

Predicted

Figure 4: Confusion Matrix for CNN on MNIST
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4.3 Key Observations

o Deep learning systems always achieve higher recognition in handwritten digits as compared to classical
machine learning systems.

o SVM offers optimal trade-off between classical models on accuracy vs. a computation.

e Leveraging lightweight models like the Random Forest will be appropriate in resource constrained
environments.

e The suggested comprehensive assessment tool will result in equitable comparison and scalability in
upcoming studies.

5. Conclusion and Future Works

This paper presented a single framework to handwritten digit recognition on the MNIST database, which combined
both classical machine learning and deep learning architectures into a pipeline modular framework that consisted
of preprocessing, feature extraction, model training, testing, and evaluation. Empirical evidence shows that
convolutional neural networks (CNN) have a considerable advantage over classical approaches with the highest
accuracy of 99.3, and Support Vector Machines have the highest performance of the traditional models. The
comparison explains the compromise between accuracy and cost of computation, where deep learning models need
a greater amount of resources but yield better predictive accuracy. The future research directions are to incorporate
the explainable Al methods to understand the CNNs decisions, test them on large and more diverse datasets,
investigate lightweight models to operate on resource-constrained devices, use ensemble methods to become more
robust, and apply automated hyperparameter optimizations. The extensions will improve the generalization of the
system, its interpretability and applicability in real-world recognizing handwritten digits and other image
classification tasks.
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