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Abstract: 
Handwriting recognition (HWR) remains a significant challenge in artificial intelligence and computer 
vision. Traditional methods such as Hidden Markov Models (HMM), Support Vector Machines (SVM), 
and K-Nearest Neighbors (KNN) achieved moderate accuracy but struggled with generalization across 
diverse handwriting styles. Deep learning approaches, particularly Convolutional Neural Networks 
(CNNs) and Transformer models, have improved the field by automating feature extraction and 
enhancing contextual understanding. This paper presents a comprehensive performance analysis 
between traditional and deep learning-based HWR systems using a CNN model trained on a large 
handwritten character dataset. The proposed CNN achieved a recognition accuracy of 94.21%, 
surpassing traditional SVM (91.0%), KNN (90.03%), and HMM (88.5%) models. The findings show that 
deep learning architectures provide stronger accuracy and scalability for modern optical character 
recognition systems, especially when dealing with the variability of handwritten text. The paper also 
discusses computational challenges and future directions, including lightweight models, explainable AI, 
and hybrid CNN-Transformer architectures. 
 
Keywords: Handwriting Recognition, Optical Character Recognition, Deep Learning, CNN, 
Transformer Models, Performance Comparison. 

 : الملخص
تتناول هذه الدراسة مقارنة شاملة بين أساليب التعرف على خط اليد التقليدية وأساليب التعلم العميق الحديثة. اعتمدت الطرق 
التقليدية مثل نماذج ماركوف المخفية وآلات متجه الدعم وخوارزمية أقرب الجيران على استخراج خصائص يدوية، وقد 

تعميم أمام تنوع أنماط الكتابة اليدوية. في المقابل، أتاحت الشبكات العصبية حققت دقة متوسطة لكنها عانت من ضعف ال
الالتفافية ونماذج المحولات استخراج الخصائص تلقائيًا وتحسين فهم السياق البصري للنصوص المكتوبة بخط اليد. تقدم  

يانات كبيرة من الحروف والأرقام المكتوبة  الورقة نموذجًا قائمًا على الشبكات العصبية الالتفافية تم تدريبه على مجموعة ب
العميق يوفر قدرة أفضل  تؤكد النتائج أن التعلم   .HMMو KNNو SVM %، متفوقًا على 94.21يدويًا، وحقق دقة بلغت  

على الدقة وقابلية التوسع في أنظمة التعرف الضوئي على الحروف، مع الإشارة إلى الحاجة المستقبلية لنماذج أخف وأكثر  
 .قابلية للتفسير
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التعرف على خط اليد، التعرف الضوئي على الحروف، التعلم العميق، الشبكات العصبية الالتفافية،   الكلمات المفتاحية:
 .نماذج المحولات، مقارنة الأداء

Introduction: 
     Optical character recognition (OCR) has evolved remarkably from early rule-based systems to 
advanced learning-based models [1]. Traditional approaches rely on handcrafted features such as 
zoning and projection histograms [5], which proved effective for printed text but consistently failed with 
cursive handwriting. While machine learning models such as HMM [2] and SVM [3] improved accuracy 
using probabilistic frameworks, they remained limited by their dependency on predefined features [17]. 
The advent of deep learning, particularly CNNs [6, 9] and RNNs [7], marked a paradigm shift by enabling 
automatic feature learning from raw pixel data. More recently, Transformer architectures [8, 15, 19] 
further enhanced global contextual understanding, pushing the boundaries of handwriting recognition 
performance. 
 

 
Figure (1): Evolution of handwriting recognition techniques (2010-2025). 

 
Traditional Approaches: 
     Traditional handwriting recognition systems are fundamentally based on manual feature engineering 
[2-5]. HMM effectively captures sequential handwriting dynamics but exhibits sensitivity to noise and 
variability [2, 11]. Similarly, SVM provides robust classification boundaries but requires complex kernel 
selection and careful parameter tuning [3, 12]. KNN offers straightforward implementation but scales 
poorly with large datasets [4]. Despite achieving 88-91% accuracy on constrained datasets [3, 17], 
these models consistently struggle with diverse handwriting styles and real-world variations. 
 

Table (1): Performance of traditional handwriting recognition models. 

Model References Accuracy (%) Strengths Limitations 

HMM [2], [11] 88.5 Sequential modeling Sensitive to noise 

SVM [3], [12] 91.0 Strong classification boundaries Computationally expensive 

KNN [4] 90.03 Simple implementation Poor generalization 

Template Matching [5] 87.9 Easy for fixed patterns Language-specific 

 

 
Figure (2): Comparative accuracy of handwriting recognition models. 
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Material and Methods: 
Deep Learning Approaches: 
     Deep learning eliminates the need for manual feature extraction [6, 9, 13]. CNNs learn spatial 
features automatically [6, 9], while RNNs and LSTMs capture sequential dependencies [7, 18]. 
Transformer models employ self-attention mechanisms for improved global context [8, 15]. The CNN 
model developed in this study achieved 94.21% accuracy, substantially outperforming traditional 
methods. Analysis of hybrid architectures shows that CNN-RNN models reach approximately 93.5% [7, 
18], while contemporary Transformer architectures exceed 94.8% on standard benchmark datasets [8, 
15]. 
 

 
Figure (3): Traditional vs. deep learning OCR architecture. 

 
Dataset and Data Preparation: 
     The proposed CNN model was trained using the Handwritten Characters Dataset from Kaggle, 
containing approximately 857,000 grayscale images representing English alphabets, digits, and 
selected special characters. Each image was resized to 32x32 pixels, converted to grayscale, and 
binarized using Otsu's thresholding method [17] to enhance contrast and preserve character structures. 
The dataset includes 39 balanced classes, covering merged uppercase and lowercase letters, digits, 
and special characters such as @, #, $, and &. To ensure fair representation, the data were stratified 
with an equal number of samples per class, with about 110,000 for training and 3,000 for testing. Data 
augmentation techniques, including rotation, scaling, and translation shifts, were applied to improve 
generalization [9, 11, 17]. 
Proposed CNN Architecture: 
     The proposed model adopts a sequential CNN architecture composed of five convolutional blocks. 
The first block uses 32 filters (3x3) with same padding and ReLU activation, followed by MaxPooling2D. 
Subsequent layers progressively increase filter depth to 64, 128, 256, and 512, each combined with 
pooling and Dropout to reduce overfitting. The final convolutional output is flattened and passed through 
Dense layers, ending with a softmax layer for character classification. An additional Dense layer with 
256 units was added to enhance learning capacity and improve accuracy. This configuration balances 
accuracy and computational efficiency, enabling the model to achieve the reported 94.21% recognition 
rate. 
Results and Discussion: 
Performance Comparison: 
     The comparative analysis reveals that deep learning models consistently outperform traditional 
systems by approximately 3-5% in accuracy [6, 9, 19]. The CNN model developed in this study achieved 
94.21%, significantly surpassing SVM (91.0%) [3], KNN (90.03%) [4], and HMM (88.5%) [2, 11]. This 
performance gap is particularly relevant when handling noisy and diverse handwriting samples. 
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Table (2): Traditional vs. deep learning handwriting recognition models. 

Criterion Traditional Models Deep Learning Models 

Accuracy range 88-91% [3, 11, 17] 93-95% [9, 19] 

Feature extraction Manual [2-5] Automatic [6, 9, 13] 

Scalability Limited High 

Computational cost Low High (GPU required) 

Multilingual support Weak Strong [8, 15, 19] 

 
Factors Behind Deep Learning Superiority 
- Automated feature extraction: CNNs learn optimal features directly from data, reducing the bias 

introduced by manually engineered descriptors [6, 9]. 
- Hierarchical learning: Deep models capture patterns at multiple abstraction levels, enabling 

stronger generalization [6, 9]. 
- Robust preprocessing: Binarization and data augmentation improve performance and reduce 

sensitivity to handwriting variability [17]. 
- Scalability: Deep learning models handle large and diverse datasets more effectively than 

traditional approaches [8, 15]. 
Practical Implications: 
     While deep learning offers superior accuracy, it also requires significant computational resources 
[17, 19] and may lack the interpretability of traditional models. Practical challenges in resource-
constrained environments highlight the need for lightweight architectures [20, 22] and more transparent 
decision mechanisms for critical applications [19, 23]. 
 

 
Figure (4): Accuracy trend in handwriting recognition (2010-2025). 

 
Future Research Directions: 
- CNN-Transformer hybrid architectures to balance accuracy and efficiency. 
- Lightweight models for real-time deployment on mobile and embedded devices [20, 22]. 
- Explainable AI techniques to improve model transparency and trust [19, 23]. 
- Self-supervised learning approaches to reduce dependency on large labeled datasets. 
- Cross-lingual transfer learning for low-resource languages and scripts. 
Conclusion: 
     This study demonstrates the superiority of deep learning approaches in handwriting recognition. The 
CNN model developed in this work achieved 94.21% accuracy, outperforming traditional methods such 
as SVM, KNN, and HMM. The results confirm that deep learning provides stronger capability for 
automatic feature extraction and for handling diverse handwriting styles. Although the computational 
demands of deep learning remain a challenge, the findings support its transformative potential for 
practical OCR systems. Future research should continue to balance performance, efficiency, and 
interpretability to enable wider deployment in real-world handwriting recognition applications [8, 15, 19, 
24]. 
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