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ABSTRACT: Handwritten digit recognition is a fundamental problem in the fields of Computer Vision and Pattern
Recognition, with widespread applications in banking, postal services, document processing, and automated data entry
systems. Over the years, numerous techniques have been developed to address the challenges associated with
variability in handwriting styles, noise, and distortions. Early approaches relied on traditional machine learning
methods, such as k-Nearest Neighbors (k-NN) and Support Vector Machines (SVM), as well as handcrafted feature
extraction techniques. However, these methods were limited in their ability to generalize across diverse datasets. With
the advancement of Deep Learning, particularly Convolutional Neural Networks (CNN), significant improvements in
recognition accuracy and robustness have been achieved. CNN-based models automatically learn hierarchical features
from raw image data, eliminating the need for manual feature engineering. Benchmark datasets such as MNIST and
EMNIST have played a crucial role in evaluating and comparing different approaches.
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I. INTRODUCTION

Handwritten digit recognition is a significant research area within Computer Vision and Pattern Recognition, owing to
its wide range of applications in banking systems, postal services, document digitization, and automated data entry. The
ability to accurately interpret handwritten digits remains a challenging task due to variations in writing styles,
differences in stroke thickness, noise, and distortions in input images. Over the years, researchers have proposed
various approaches to address these challenges, ranging from traditional machine learning techniques to advanced deep
learning models.

Early studies focused on classical machine learning algorithms such as SVM, k-NN, and Random Forests (RF), which
relied heavily on handcrafted feature extraction methods. These approaches achieved moderate success but were
limited in handling complex variations in handwritten data. According to Yurii Chychkarov et al. [1], traditional models
such as SVM and k-NN achieve reasonable accuracy but struggle to generalize across diverse handwriting styles.
Similarly, Shrivastava A. et al. [2] reviewed multiple machine learning techniques and highlighted their limitations in
feature representation and scalability.

With the advancement of Deep Learning, particularly Convolutional Neural Networks, significant improvements have
been achieved in handwritten digit recognition. CNN-based models automatically learn hierarchical features from raw
pixel data, eliminating the need for manual feature engineering. Kalbhor S.R. and Deshpande A.M. [3] demonstrated
that CNNs outperform traditional machine learning methods in terms of accuracy and robustness. Furthermore, Pashine
S. et al. [4] compared machine learning and deep learning techniques and concluded that deep learning models provide
superior performance due to their ability to handle complex data patterns.

Recent research has focused on improving accuracy and developing novel techniques for digit recognition. Ahmed S.S.
et al. [5] proposed an advanced deep learning-based method that enhances recognition performance by improving
feature extraction and optimization. Additionally, Essam F. et al. [6] explored various machine learning approaches and
emphasized the importance of preprocessing and feature selection in improving model accuracy. The use of benchmark
datasets, such as MNIST, has played a crucial role in evaluating and comparing different models, as highlighted by
Gope B. et al. [7], who demonstrated the effectiveness of machine learning models on standardized datasets.
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Despite significant progress, challenges such as domain variability, noise, and real-time implementation remain open
research problems. This survey paper aims to provide a comprehensive overview of existing techniques for handwritten
digit recognition, analyze their strengths and limitations, and highlight future research directions to improve system
performance and applicability.
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Figure 1: Handwritten Digits Recognition through CNN Model

Figure 2 illustrates the complete workflow of a handwritten digit recognition system, starting from data acquisition to
final prediction. In the first stage, data acquisition, handwritten digit images are collected from standard datasets such
as MNIST or EMNIST, which provide labeled training and evaluation samples. The second stage, preprocessing,
prepares the raw input images for analysis by applying operations such as grayscale conversion, noise removal,
resizing, normalization, and binarization. These steps ensure that the input images are standardized (typically 28x28
pixels) and suitable for feature extraction.

In the third stage, feature representation, two approaches are highlighted. Traditional machine learning methods rely on
handcrafted features such as Histogram of Oriented Gradients (HOG), edges, contours, and statistical descriptors. In
contrast, deep learning methods automatically learn features through multiple layers of a Convolutional Neural
Network (CNN), capturing both low-level and high-level patterns in the data. The fourth stage, classification, includes
traditional classifiers such as SVM, k-NN, and Random Forests, deep learning models such as CNNs and deep neural
networks, and advanced hybrid methods such as CNN-SVM and quantum-inspired algorithms. These models classify
the input digit based on extracted features. in the output stage, the system produces the recognized digit along with a
confidence score indicating the reliability of the prediction. Additional performance metrics such as accuracy, precision,
recall, and F1-score are used to evaluate the effectiveness of the system. Overall, the figure provides a comprehensive
overview of the end-to-end process of handwritten digit recognition, integrating preprocessing, feature extraction,
classification, and evaluation.
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Figure 2: General Steps of Digit Detection
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II. RESEARCH BACKGROUND

Handwritten digit recognition has evolved significantly over the past few decades, transitioning from traditional neural
network approaches to advanced hybrid and deep learning models. Early foundational work by S. Knerr et al. [8]
demonstrated the use of single-layer neural networks for digit recognition, marking one of the earliest successful
attempts in this domain. These initial models laid the groundwork for future developments but were limited in their
ability to handle complex variations in handwriting styles.

With the advancement of machine learning, various algorithms such as Support Vector Machines (SVM), k-Nearest
Neighbors (k-NN), and Random Forests were explored for digit classification. A. Gattal et al. [9] introduced feature-
based approaches using orientation-based image features and background information, highlighting the importance of
feature extraction in improving recognition accuracy. Additionally, Y. Wang et al. [10] proposed a novel approach based
on the Quantum k-Nearest Neighbor algorithm, demonstrating improved performance by leveraging quantum-inspired
distance measures.

Recent studies have increasingly focused on the application of deep learning techniques, particularly Convolutional
Neural Networks (CNNs), due to their superior ability to automatically extract hierarchical features from image data. S.
Ahlawat et al. [11] demonstrated that CNN-based models significantly improve recognition accuracy compared to
traditional methods. Furthermore, hybrid models combining CNNs and SVMs have been proposed to enhance
classification performance by integrating feature learning with robust classification techniques [12]. Similarly, D.
Hemalatha et al. [13] emphasized the effectiveness of CNNs for image identification and classification, highlighting
their adaptability across diverse domains.

In addition to standard datasets, research has also explored digit recognition in different languages and scripts. For
instance, P.K. Adhikary et al. [14] investigated handwritten digit recognition for the Dzongkha language, demonstrating
the applicability of machine learning techniques across diverse linguistic contexts. Moreover, advancements in deep
learning have extended beyond digit recognition to broader applications such as medical image analysis and signal
detection, as shown by H. Fujita et al. [25], indicating the versatility and scalability of CNN-based approaches.

ITI. TRADITIONAL MACHINE LEARNING METHODS FOR DIGIT RECOGNITION

Traditional machine learning approaches for handwritten digit recognition primarily rely on handcrafted feature
extraction followed by classification using algorithms such as SVM, k-NN, and RF. In these methods, meaningful
features such as edges, contours, pixel intensities, and gradient-based descriptors (e.g., Histogram of Oriented
Gradients) are first extracted from input images, and then used as input to classifiers. For instance, studies such as those
by Yurii Chychkarov et al. [1] demonstrate that classifiers such as SVM and k-NN can achieve reasonable accuracy on
handwritten digit datasets when combined with effective feature engineering. Similarly, A. Gattal et al. [9] utilized
orientation-based image features and background information to improve classification performance, emphasizing the
importance of feature representation in traditional methods. Additionally, Y. Wang et al. [10] proposed a Quantum k-
Nearest Neighbor approach, which enhances the conventional k-NN algorithm by improving similarity measurement
techniques.

These methods were widely used due to their simplicity, interpretability, and lower computational requirements
compared to deep learning models. However, their performance is highly dependent on the quality of manually
designed features, making them less effective in handling variations in handwriting styles, noise, and distortions.
Unlike deep learning approaches, traditional methods lack the ability to automatically learn hierarchical representations
from raw data, thereby limiting their generalization capabilities. As a result, although traditional machine learning
techniques laid the foundation for digit recognition systems, they have largely been replaced by more advanced models
such as CNNs, which offer superior accuracy and robustness.

IV. ADVANCED MACHINE LEARNING AND DEEP LEARNING METHODS FOR DIGIT RECOGNITION
With the rapid advancement of computational power and data availability, handwritten digit recognition has

significantly evolved through the adoption of advanced machine learning and deep learning techniques. Among these,
CNNs have emerged as the most effective approach due to their ability to automatically learn hierarchical feature
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representations directly from raw image data. Unlike traditional methods, CNNs eliminate the need for manual feature
extraction by using multiple layers, such as convolutional, pooling, and fully connected layers, to capture low-level
features (edges and textures) and high-level patterns (digit shapes). Studies such as those by S. Ahlawat et al. [12]
demonstrate that CNN-based models significantly outperform conventional machine learning techniques in terms of
accuracy and robustness. Similarly, Pashine S. et al. [4] highlighted that deep learning approaches provide superior
performance by effectively handling complex variations in handwritten data.

In addition to standalone CNN models, hybrid approaches combining deep learning with classical classifiers have also
been proposed. For example, S. Ahlawat and A. Choudhary [11] introduced a hybrid CNN-SVM model, where a CNN
is used for feature extraction and an SVM for classification, resulting in improved accuracy and generalization.
Furthermore, advanced variants of ML techniques, such as the Quantum k-NN method proposed by Y. Wang et al. [15],
aim to enhance classification performance by improving similarity measures. Deep learning models have also shown
strong adaptability across domains, as emphasized by D. Hemalatha et al. [13], who demonstrated the effectiveness of
CNNs for general image classification. Additionally, research by H. Fujita et al. [15] highlights the broader
applicability of deep convolutional networks in complex pattern recognition problems, further validating their
capability in digit recognition tasks.

V. QUANTUM-INSPIRED ALGORITHMS

In addition to conventional machine learning and deep learning techniques, several advanced and emerging approaches
have been explored to further enhance handwritten digit recognition systems. One such direction is the use of quantum-
inspired algorithms, where methods like the Quantum k-Nearest Neighbor (QkNN) leverage principles of quantum
computing to improve similarity measurement and classification performance. For example, Y. Wang et al. [10]
demonstrated that quantum-based approaches can provide improved accuracy and computational efficiency compared
to classical k-NN in certain scenarios. Another promising area is the application of feature engineering techniques
based on bio-inspired and statistical models, such as orientation-based features and background modeling. A. Gattal et
al. [9] utilized oriented Basic Image Features (oBIFs) combined with background information to enhance digit
recognition performance, particularly for complex and noisy handwritten inputs.

VI. HYBRID AND ENSEMBLE-BASED APPROACHES

Furthermore, hybrid and ensemble-based approaches have gained attention, combining multiple models or techniques
to improve overall system performance. These methods integrate the strengths of different algorithms, such as
combining statistical features with learning-based classifiers, to achieve better robustness and accuracy. Research has
also explored domain-specific adaptations, such as recognizing digits in different languages and scripts. For instance,
P.K. Adhikary et al. [14] developed machine learning-based approaches for Dzongkha handwritten digit recognition,
highlighting the importance of adapting recognition systems to diverse linguistic contexts. Additionally, advances in
signal processing and pattern analysis have enabled improved preprocessing and feature extraction, which are critical
for accurate recognition.

Emerging research directions also include the use of optimization algorithms, evolutionary computing, and transfer
learning frameworks to enhance model performance and adaptability. These approaches aim to address challenges such
as limited training data, domain variability, and real-time processing requirements. Overall, these advanced techniques
extend beyond traditional paradigms and contribute to the development of more efficient, accurate, and scalable
handwritten digit recognition systems.

Table 1: Comparison of Digit Recognition Approaches

Parameter Traditional Machine | Deep Learning (DL) | Advanced Methods (Hybrid /
Learning (ML) Quantum / Feature-Based)
Feature Extraction Manual (handcrafted features | Automatic (learned | Combination of manual + learned or
like HOG, edges) by network) novel features
Common Techniques | SVM, k-NN, Random Forest | CNN, Deep Neural | CNN-SVM, Quantum k-NN, oBIFs,
Networks Ensemble models
Accuracy Moderate (80—95%) High (95-99%+) Very High (can exceed DL in some
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Figure 3: Comparative Approaches

Figure 3 presents a comparative analysis of three major approaches used in handwritten digit recognition: Traditional
Machine Learning (ML), Deep Learning (DL), and Advanced/Hybrid methods. It highlights key aspects, including
feature extraction, algorithms, data requirements, accuracy, interpretability, computational cost, strengths, and
limitations. In traditional machine learning, feature extraction is performed manually using handcrafted techniques, and
classification is performed using algorithms such as SVM, k-NN, Random Forests, and Naive Bayes. These methods
require relatively low data and computational resources but offer only moderate accuracy and are sensitive to variations
in handwriting. In contrast, deep learning approaches automatically learn features from data using models like CNN,
Deep Neural Networks (DNN), and architectures such as ResNet and LeNet. These methods achieve higher accuracy
and better generalization but require large datasets, higher computational power (often GPU-based), and are less
interpretable due to their black-box nature. The figure also presents advanced or hybrid methods that combine the
strengths of ML and DL techniques. These include models such as CNN-SVM, quantum k-NN, ensemble learning, and
transfer learning approaches. Such methods provide very high accuracy and robustness to noise and variability, though
they entail increased complexity and implementation costs.

IJMRSET © 2026 | AnISO 9001:2008 Certified Journal | 7350




©2026 IJIMRSET | Volume 9, Issue 4, April 2026| DOI:10.15680/IJMRSET.2026.0904424

IROVHYPELYZPAREE | www.ijmrset.com | Impact Factor: 8.206] ESTD Year: 2018|

International Journal of Multidisciplinary Research in
Science, Engineering and Technology (IJMRSET)

(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

. __________________________________________________________________________________|
DATASETS: The MNIST dataset [16] is one of the most widely used benchmark datasets for handwritten digit
recognition. It was created by modifying the original NIST dataset and consists of grayscale images of the digits 0-9.
The dataset contains 70,000 images, divided into 60,000 training images and 10,000 testing images, with each image
having a fixed size of 28 x 28 pixels. The digits are centered and normalized, making the dataset clean and consistent
for model training. MNIST is widely used for evaluating machine learning and deep learning algorithms because of its
simplicity and standardized format. It provides an ideal starting point for beginners and researchers to test classification
models such as SVM, k-NN, and (CNNs). Due to its low complexity, many modern models achieve very high accuracy
(often above 98%), making it less challenging but still highly valuable for benchmarking and experimentation.

EMNIST Dataset [17]: The EMNIST dataset (Extended MNIST) is an extension of the MNIST dataset that includes
not only digits but also handwritten letters. It was developed to provide a more comprehensive dataset for character
recognition tasks. EMNIST contains several subsets such as ByClass, ByMerge, Balanced, Letters, and Digits, with a
total of over 800,000 images. Like MNIST, EMNIST images are also grayscale and 28 x 28 pixels, but they include
both uppercase and lowercase letters, as well as digits, significantly increasing the complexity of the classification task.
EMNIST is particularly useful for developing systems that go beyond digit recognition to full handwritten character
recognition. However, due to the increased number of classes and variations, it is more challenging than MNIST and
requires more advanced models and training strategies.

Table 2: Comparative Difference Between DATSETS

Feature MNIST EMNIST

Data Type Digits (0-9) Digits + Letters

Total Images 70,000 800,000+

Difficulty Level | Easy Moderate to Hard
Use Case Digit recognition | Character recognition

VII. CONCLUSION

This survey paper presented a comprehensive review of handwritten digit recognition techniques, covering traditional
machine learning, deep learning, and advanced hybrid approaches. The study highlighted the evolution of methods
from handcrafted feature-based models, such as SVM and k-NN, to powerful deep learning architectures like CNNs,
which have significantly improved recognition accuracy and robustness. Benchmark datasets such as MNIST and
EMNIST have played a crucial role in evaluating and comparing different approaches, enabling standardized research
and performance analysis. The survey also emphasized that while traditional machine learning methods are simple and
computationally efficient, they are limited by their dependency on manual feature extraction and lower generalization
capability. In contrast, deep learning techniques provide superior performance through automatic feature learning but
require large datasets, higher computational resources, and longer training time. Advanced and hybrid approaches,
including CNN-SVM, quantum-inspired algorithms, and ensemble methods, further enhance performance by
combining the strengths of multiple techniques, although they introduce additional complexity and implementation
challenges. Despite significant advancements, several challenges remain, including handling variations in handwriting
styles, noise, domain differences between training and real-world data, and scalability to multi-digit and multilingual
recognition. Future research should focus on improving model generalization, reducing computational complexity, and
developing robust systems capable of real-time deployment across diverse applications. Overall, handwritten digit
recognition continues to be an active and evolving research area, with ongoing innovations contributing to more
accurate, efficient, and practical recognition systems.
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