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Abstract: Handwriting identification is a critical technology that bridges handwritten content with digital systems, 

enabling automation in tasks such as document digitization, form processing, and signature verification. However, 

handwriting poses challenges such as variability in styles, distortions, and noise, which traditional approaches struggle 

to handle effectively. This study presents a handwriting recognition system using Convolutional Neural Networks 

(CNNs), a deep learning architecture that excels at extracting spatial features from images. The proposed system is 

designed to recognize handwritten digits, characters, or words with high accuracy. Preprocessing techniques, such as 

normalization and data augmentation, are applied to ensure the model generalizes well to various handwriting styles and 

environments. Experiments conducted on benchmark datasets like MNIST and EMNIST demonstrate the effectiveness 

of the model, achieving competitive accuracy and performance. 
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I. INTRODUCTION 

 

Handwriting identification is the process of recognizing and interpreting handwritten text from images. It plays an 

essential role in automating tasks such as document digitization, form processing, and signature verification. Traditional 

handwriting recognition methods rely on handcrafted features, which can struggle to manage the variability in 

handwriting styles, noise, and distortions present in real-world data. Convolutional Neural Networks (CNNs), a deep 

learning approach[1,2], have revolutionized handwriting recognition by offering a robust and scalable solution. CNNs 

are designed to automatically learn spatial hierarchies of features from image data, making them well-suited for 

handwriting identification tasks. They can detect patterns in handwriting, such as strokes, curves, and character shapes, 

without the need for manual feature extraction. The process typically involves collecting and preprocessing handwritten 

datasets, training CNN models on these datasets, and validating their performance. Popular datasets like MNIST[4] and 

EMNIST[3] are commonly used to benchmark systems. Applications of CNN powered handwriting recognition include 

automated check processing, form digitization, and signature verification. By leveraging CNNs, handwriting 

identification has become more accurate, scalable, and adaptable, offering transformative benefits in numerous industries.  

The primary goal is to bridge the gap between physical handwritten inputs and digital systems, facilitating applications 

in diverse fields such as banking, healthcare, education, and government. 

 

The scope of handwriting identification using Convolutional Neural Networks (CNNs) is vast, extending across various 

industries and applications. With the ability to recognize and interpret handwritten text, CNN-based systems address 

challenges such as style variability, noise, and distortion in handwriting. The growing demand for automated and accurate 

handwriting recognition underscores its significance as a transformative solution in the digital era. 

 

II. BACKGROUND 

 

Several handwriting identification systems and frameworks currently use Convolutional Neural Networks (CNNs) to 

achieve high accuracy and efficiency. These systems are built on deep learning principles and address a variety of 

applications, including character recognition, word recognition, and even whole-document processing. Below are some 

notable existing systems and implementations:  

 

A. Handwritten Digit Recognition (MNIST-based Models)  

Systems like LeNet-5 [5], a pioneering CNN architecture, were specifically designed for recognizing handwritten digits 

on the MNIST dataset. Variants of CNN architectures continue to outperform traditional approaches in recognizing digits 

due to their feature extraction capabilities. 
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B. EMNIST-based Recognition Systems 

 EMNIST (Extended MNIST) provides a diverse dataset for recognizing handwritten letters and digits across multiple 

classes. Many research implementations focus on improving accuracy using advanced CNN architectures, such as ResNet 

or DenseNet, on this dataset [6]. 

 

C.  IAM Handwriting Database-based Systems  

The IAM dataset consists of English handwritten text and is widely used for word-level or line-level handwriting 

recognition. Systems using CNN combined with Long Short-Term Memory (LSTM) [7] networks handle sequential 

dependencies in text while maintaining high recognition accuracy. 

 

III. METHODOLOGY 

 

To develop a handwriting recognition system that accurately identifies individuals based on their handwriting from 

images using Convolutional Neural Network.  The objective of proposed system to design and train a CNN model to 

accurately classify handwriting styles into predefined categories. To improve classification accuracy and model 

performance using techniques such as data augmentation, optimized architectures. To evaluate the model's performance 

using various performance metrics, including accuracy, precision, recall, F1-score, and confusion matrix analysis. To 

contribute to the development of reliable handwriting identification system applications such as signature verification, 

author identification, and forensic handwriting analysis [8]. 

 

The Figure 1 shows provided outlines the process flow for handwriting identification using a Convolutional Neural 

Network (CNN).  The Proposed Solution elaborates on the CNN-based approach, choice of layers, and justification for 

using CNN over other machine learning models. Methodology, which details the dataset preparation (e.g., MNIST, 

EMNIST), preprocessing techniques like normalization and augmentation, model design specifics, and training/testing 

procedures. 

 

Fig .1 Proposed system of  Hand Written Recognition system 

 

Modules Description  

 

A. Data Collection  

Hand handwriting should consist of several images, with variation in text size, angle, etc. Label the data accordingly. 

Preprocess the data: Resize, normalize, and potentially augment to improve model robustness (rotations, scaling, 

noise addition). 

 

B. Preprocessing 

Image Normalization: Scale images to a common size (e.g., 28x28 pixels) to reduce computational load. Grayscale: 

Convert images to grayscale to reduce complexity. Thresholding or Binarization: Convert to black-and-white images 

to highlight features of the handwriting. Handles the loading of handwritten text images into the system shown in Fig 

2.  This module supports multiple formats (e.g., PNG, JPG) and ensures images are pre-processed (e.g noise reduction) 

for uniformity before analysis. 
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Fig.2 Input Image 

 

Line Segmentation 

This module segments the input handwriting into meaningful units like lines, words, or characters using image processing 

techniques. The segmentation ensures precise feature extraction by isolating relevant regions of interest. Fig 3 refers to 

segmented lines. 

 

 

Fig. 3 Line Segmentation 

 

Data Augmentation Module 

Augments the training dataset with synthetic variations of handwriting styles (e.g., rotated text, adjusted line thickness) 

to improve model generalization and robustness. Figure 4 shows an example of data augmented images. 
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Fig. 4 Augmented Image 

 

C. CNN Architecture  

Input Layer: The images will be input to the network, typically after preprocessing. The input shape will be (height, 

width, channels) where height and width are the dimensions of the input image, and channels is 1 for grayscale.  

Convolutional Layers: Use several convolutional layers with increasing depth. Each convolutional layer will extract 

different features from the handwriting samples. Convolutional Layer 1 used with  32 filters, kernel size (3x3), 

activation function of ReLU [9-10]. Convolution Layer 2 used with 64 filters, kernel size (3x3). Convolution Layer 

3 with 128 filters, kernel size (3x3). 

Pooling: Apply max pooling after each convolutional layer, reducing spatial dimensions. Typically use a pooling size 

of (2x2).  

Flatten Layer: After extracting the features, flatten the multi-dimensional data to a 1D vector to pass it to the fully 

connected layers.  

Fully Connected Layers: Add dense layers for the classification part of the model.  

Dense Layer 1: we used 128 units, activation function of ReLU. Dense Layer 2 of  64 units, 

Output Layer: The final layer will have the number of units equal to the number of authors (e.g., if there are 5 

authors, this layer will have 5 units), with a softmax activation function for multi-class classification.  

Dropout: Apply dropout after fully connected layers to reduce overfitting (e.g., 0.5 dropout rate). 

Batch Normalization: Apply batch normalization after convolutional layers to improve convergence speed and 

stability. 

 

D. Loss Function and Optimizer 

Categorical Cross-Entropy: This is suitable for multi-class classification problems where each handwriting sample 

corresponds to a class (author).  

Adam Optimizer: It's an adaptive learning rate optimizer that works well in many scenarios. 

 

E. Feature Extraction 

Employs a Convolutional Neural Network (CNN) to extract features from the segmented handwriting shown in below 

table 1. Features include pen stroke direction, pressure patterns, and unique style elements that characterize an 

individual's writing. 

 

                                                             Table 1. Sequential Model Summary 
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F. Evaluation and Metrics 

 

Evaluates the system's accuracy, precision, recall, and F1-score using a validation dataset shown in below table 2.  

The module also benchmarks the system against other handwriting recognition models to assess improvement. 

 

                                                                           Table 2. Accuracy  

 

IV. RESULTS 

 

The image shows two plots tracking the training process of a machine learning model and performance measure. 

Figure 5 Left Plot (Accuracy) shows Displays training (blue) and validation (orange) accuracy over epochs. Both increase 

steadily, with validation accuracy slightly higher, indicating good learning without overfitting. Figure 5 Right Plot (Loss) 

Shows training (yellow) and validation (red) loss decreasing over epochs. Both follow similar trends, suggesting effective 

model generalization. The increasing accuracy and decreasing loss in both training and validation datasets suggest that 

the model is learning effectively. The validation accuracy is higher than training accuracy in the accuracy plot might 

indicate that the training data is more complex or noisy. The absence of divergence between training and validation 

metrics suggests that the model has not overfitted significantly. Figure 6 shows the uploaded  input image  and 

corresponding accuracy of hand written recognition accuracy. 

 

 

Fig. 5 Accuracy V/S Loss 
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Fig 6. Hand Written Recognition Output 

The Figure 7 shows Confusion matrix visualizing the performance of a classification model. It shows how well the model 

predicts classes for five labels: Abhiraam, Adi, Akash, Hemanth, and Rohit. Diagonal Values represent correct 

predictions (e.g., 933 for Abhiraam, 537 for Rohit). Off-Diagonal Values represent misclassifications (e.g., 43 Akash 

samples predicted as Abhiraam). Color Scale indicate highlights frequency, with brighter colors indicating higher values. 

 

 

Fig. 7 Confusion Matrix  

 

V. CONCLUSION 

 

Handwriting recognition driven by advancements in Convolutional Neural Networks (CNNs), has become a crucial 

technology bridging the gap between handwritten data and digital systems. It offers efficient, accurate, and scalable 

solutions for automating the recognition of handwritten text, overcoming the challenges of diverse writing styles, noise, 

and distortions. With applications ranging from document digitization and signature verification to form processing and 

education, handwriting recognition has transformed industries by reducing manual effort and improving accuracy. 

Despite its achievements, challenges such as handling illegible handwriting and adapting to diverse scripts remain areas 

of active research. As technology continues to evolve, handwriting recognition systems are poised to become even more 

robust, versatile, and impactful, paving the way for seamless integration of handwritten data into the digital age. 
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