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Abstract

Writer identification systems are advanced technology solutions used in forensic investigation,
authentication of historical document and the identification of writer that are crucial for
identifying handwritten text with specific individuals. This study presents a novel dataset called
GUR-PRIMTA of 2100 handwritten text images in the Gurmukhi script which is often used in
Punjab, India. The experimental setup involved many crucial phases, primarily segmentation
and preprocessing. Using deep convolutional neural networks (CNNs) to reduce and eliminate
noise from images, VGG16 model is used to preprocess the handwritten text images. A contour
curving-based segmentation approach has been applied to segment handwritten text words for
further analysis. The proposed methodology shows effectiveness to enhance the accuracy and
speed in the tasks of writer identification, with implications for various real-world applications
that required accurate features of handwritten text.
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1. Introduction
In today's technologically evolved society, handwriting identification is a requirement across
various sectors. The identification of writers is one of the most challenging tasks in pattern
recognition. For writer identification, a text is compared with a training dataset in order to
determine who wrote it. Because different people have different writing styles, this procedure
is very complicated. Identification depends on several factors, including writing style,
emotions, perceptions, behavior, and distinct cognitive processes. With the rapid development
of pattern recognition and artificial intelligence, handwriting analysis has emerged as a
prominent research topic. Biometric identification, a field within computer science, focuses on
identifying individuals from a group by using various identifiers such as signatures, retinal
scans, handwriting, and fingerprints. Compared to non-Indic scripts, less work has been done
on writer identification systems with excellent efficiency rates in Gurmukhi, an Indic script.
Many preprocessing method and text word segmentation techniques for handwritten text
images have been performed in recent decades. Various techniques work directly on grayscale
images, while others work in binary images. Still others combine binary and grayscale images
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to achieve text word segmentation. The objective of the paper is to create a model that
preprocess and segments the words, lines etc. on the handwritten images of Novel GUR
PRATIMA dataset which is based on Gurmukhi script. The Gurmukhi script, an alphabetic
writing system primarily employed for the Punjabi language, was pioneered by the Sikh Guru,
Guru Angad Dev Ji, during the 16th century. In addition to religious scriptures, Gurmukhi is
utilized in Punjab, India, and other Punjabi-speaking areas of the world for literature, education,
and government purposes.

1.1 General Architecture of handwritten identification system

Figure 1 depicts the generalized architecture of the handwriting identification system which
consists of various phases such as:

Image Acquisition: An image is captured and digitalized using a sensor, such as a scanner or
camera.

Image Preprocessing: The initial stage of getting an image ready for further processing. The
objective is to extract desirable characteristics that represent important information in an image
and to eliminate unsuitable features that will interfere with later processing. At this point, the
computer eliminates noise and sometimes enhances specific object attributes that are essential
when interpreting the image.

Image Segmentation This is fundamental task in computer vision that involves partitioning an
image into multiple segments or regions based on certain criteria, such as color, texture, or
intensity. The goal of image segmentation is to simplify the representation of an image for
easier analysis and interpretation.

Feature Extraction: Feature extraction step includes extraction of salient features, capture
curvature and roundness, texture based and spectral features of handwriting. The off line feature
extraction includes document feature, paragraph feature, line feature, word feature and
character feature

Classification: Classification of writer is the last step of the handwriting identification
process. The extracted features are to be fed into some classifier to assign writer-id. We will

use machine learning with suitable classifier.

Training Phase

Segementation &
Feature Extraction

Pre-Processing

Training Images

Trained
Model File

Testing Phase

Testing Image éﬁﬁgegﬁéﬁi; Classification Identified Writer

Fig 1: General Architecture of Writer Identification and Classification
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1.2 Motivation and Contribution

No work is available the writer identification of handwritten documents of Gurmukhi Script.
So, it is of great motivation to, process such handwritten documents with a large variability.
Writer identification system has been used for the digitization of documents where
segmentation of documents is a necessary and inherent part of the process. Thus, this research
work is a modest attempt to segment the handwritten documents having text written in
Gurmukhi scripts at the word. It contributes in the manner as described below:

1. Large variations in handwriting have been captured by taking samples from persons
belonging to different domain and content of text from Academic domain, etc.

2. There is limit on the number of words or lines written on the document for sample land 2 as
print- printed pangram is mentioned, no restriction of line, word and character size and spacing
between the lines. An effort has been made to capture straight, skewed as well as the curved
text which is a complex task in handwritten identification. Skew can be present at the document,
line or word level.

3. There is no limit of word and lines for sample 3. Writer can write the data of own interest

3. The approach contour curve tracking has been implemented for segmentation.

4.A novel GUR-PRATIMA dataset has been constructed from the various domain of 2100
documents with handwritten text collected from writers of various age groups. The documents
considered for the purpose include Punjabi and Alphanumeric characters data.

5. A preprocessing technique VGG16 model has been applied to handwritten images of GUR-
PRATIMA dataset.

6. The contour curve approach is capable of segmenting documents with various structures like
application format, notes to be displayed, text starting from the middle of page, document with
paragraphs etc.

7. Later, the performance of the applied segmentation technique has been computed on the basis
of the accuracy

1.3 Challenges

It is hard to segment the text in handwritten documents due to variable line spacing and curved
text lines. In Punjabi, characters are connected by a header line; and modifiers are present in
the upper and lower zones of text, and overlap with lower and upper text lines. To segment such
text we need certain methods which can segment the text without losing the meaning of
characters like modifiers etc. Segmenting text with header line has more challenges as there are
some characters which use header line while some characters have empty space in the header
line (eg. Sassa and khakha).. Gurumukhi text is written in three zones and it has many modifiers
present in the upper and lower zones. Further some modifiers like sihari and bihari are present
in upper and middle zone. Segmentation of such text requires special techniques to reduce the
over and under segmentation errors. Taking into consideration above mentioned all points, we
have implemented curve contouring method on Gurumukhi and script. Some of the other
challenges for text segmentation are as follows:
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1. The segmentation algorithms need to be evaluated on the basis of number of over, mixed and
bad as the over segmentation rates result in high computation power.

2. The present state-of-the-art segmentation algorithms produced different results after their
application on the same dataset for various iterations.

3. In Gurumukhi, characters are connected through header line, and are overlapped in the upper
and lower zone due to the modifiers. It makes the segmentation process more difficult as the
approaches used in segmenting the cursive script cannot be applied in segmenting the
Gurumukhi script.

4. It is necessary to focus on increasing the diversity of training data to process variety of
documents as one training set can handle similar kind of documents. This fact can be seen by
the large difference between volumes of both training as well as testing data set.

5. Some writing styles have variable inter and intra word gap which challenges the word
segmentation task.

6. Irregular page layout cannot be handled using a single approach.

1.4.Format of the manuscript

The subsequent sections outline the reported work (Section 2), elaborate Material and methods
(Section 3), discuss and analyze experimental outcomes (Section 4), and conclude by
summarizing findings and suggesting future directions (Section 5).

2. Reported Work
Bal A. et al. (2016) [1] used the IAM database and proposed modified horizontal and vertical
projection, baseline recognition and normalization, and writing pressure for detecting
handwritten manuscripts in cursive. The accuracy of the segmentation was 92.56% for words
and 95.65% for lines. Zuo L. et al. (2002) [2] used PCA for writer identification on the basis
of their handwriting. The experiment encompassed 400 pages of handwritten texts, comprising
approximately 16,000 Chinese characters written by 40 distinct writers. This extensive dataset
was employed to assess the efficacy of the method. The outcomes demonstrated a remarkable
average identification accuracy of 97.5%, coupled with rapid identification processing.
Suteddy W. et al. (2023) [3] presented evaluation of several deep learning architectures,
including VGG16, ResNet50, MobileNet, Xception, and EfficientNet, for offline handwriting
writer identification using the IAM and CVL databases has been accomplished. ResNet50 and
VGG16. When the accuracy of the training and validation metrics for each architecture was
evaluated, ResNet50 produced the best train accuracy, at 98.86%. Suteddy W. et al. (2022)
[4] proposed CNN model, which was trained, evaluated, and analyzed using Adam and the
stochastic gradient descent (SGD) optimizer with batch sizes of 2, 4, and 8 and applied
learning rates (LR) 0 0.001, 0.01, and 0.1. and contained different classes of 10 writers, each
included 400 images of handwritten city names in Gurmukhi script, created the dataset which
was utilized for the implementation task. By comparing the metrics, it had been analyzed that
ResNet50 had the best training accuracy of 98.86% and 99.13% validation accuracy, for the
CNN model with an Adam optimizer, batch size of 4 with LR of 0.001. Rehman A. et al.

Received: July 24, 2025 93



International Journal of Applied Mathematics

Volume 38 No. 2s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

(2019) [5] QUWI dataset consist of English and Arabic language, was utilized to train a deep
transfer convolutional neural network (CNN) to identify writers. Techniques like contours,
negatives, and sharpness implemented on text-line images on the target data-set resulting in
reduced the possibility of over-fitting. For English, 92.78%, and Arabic, 92.20%, and the
combination of Arabic and English, 88.11%, were the accuracy rates utilizing the frozen
Conv5 layer. Purohit N. et al. (2023) [6] proposed an offline writer identification system using
a multi-input hybrid convolution neural network (CNN) which worked on multilingual and
monolingual handwritten texts. By merging local CNN features with the traditional
handcrafted features of HOG (Histogram of Oriented Gradients), the model generated global
features for classification. The model achieved an accuracy rate of 98.23% using the English
script benchmark dataset CVL; however, the accuracy rate was 96.93% with an in-house
bilingual dataset consisting of handwritten English and Hindi text. Roy P. P et al. (2016) [7]
provided information that identifying a writer of Indic scripts—such as Devanagari, Bangla,
Gurumukhi, and others—required a difficult process. A model based on HMM sequence has
been utilized in these script and the reported accuracy for Bangla and Devanagari was 92.82%
and 94.51%, respectively. Ahmed B.Q.et al. (2023) [8] developed a technique for offline text-
independent writer identification, by using handwritten samples in Arabic and English. The
contour points curve angle (CPCA) and contour point concavity/convexity (CON3) have two
characteristics which has been applied for analysis of handwritten ink strokes. The reported
accuracy was 89.5% for the KHATT dataset while 98.2%. for IAM. Dargan S. et al. (2020)
[9] implemented technique on handwritten Gurumukhi text for identifying writers. A dataset
of 100 authors which contained 100x53x10=53000 Gurumukhi characters, has been acquired
for experiment. Feature extraction approaches such as Zoning, transition, diagonal, and peak
extent were employed, further Multi Layered Perceptron (MLP), Artificial Neural Network
(ANN), and Random Forest (RF) classifiers were trained to accomplish the classification
phase. A 93.06% accuracy rate for writer identification system has been reported. The
proposed study analysis the performance metrics with a 0.39% False Positive Rate (FPR) and
a 93.2% True Positive Rate (TPR). Dargan S. et al. (2020) [10] a system that implemented
feature extraction with a mixture of zoning, diagonal, transitions, and a linear SVM classifier,
in addition to preprocessing and digitization. An accuracy rate of 91.53% was reported on
24,500 samples of Devanagari characters written by 100 distinct authors. Longjam T. et al.
(2023) [11] implemented an adaptable CNN-based system to verify offline multi-scripted
signatures by using two publically accessible databases (BH-Sig260 and CEDAR) which
include English, Bengali, and Hindi signatures. The reported method has been tested with
individual script signature classes as well as a combination of these scripts, and the attained
accuracy of 93.33%, 95%, 98.33%, and 90%, respectively. Dos Santos et al. (2009) [12]
introduced a text line segmentation technique implemented on the IAM database, and
demonstrated its effectiveness, speed, and safety. It extracted the picture characteristics using
a morphological operator. He J. et al. (2003) [13] introduced a configurable archive document
image analysis system for the construction of digital libraries, which has been designed using
top-down iterative development methods and rapid prototyping. The system achieved
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approximately 93% correct segmentation of the required archive card fields when tested on
set of 2000 images. Nguyen K. C., et al. (2016) [14] discovered text-line segmentation by
utilizing a morphological approach, zone projection. Every text-line segmented by vertical
projection, Stroke Width Transform (SWT), bridge discovery, and Voronoi diagrams. The
technique divides intricate touching characters into curving, touching, and skew text-lines.
Using the HIT-MW database, 83.93% accuracy has been reported during the trial.
Arivazhagan M. et al. (2007) [15] demonstrated a method for segment a handwritten
document into separate text lines. Based on experimental results, 97.31% of lines in 720 papers
(including Arabic, English, and handwritten by children) with a total of 11, 581 lines have
been accurately segmented. Su T. H. et al. (2007) [16] proposed a technique for skew detection
in handwritten Chinese documents. It utilized the horizontal stroke histogram after examining
the features of Chinese characters. The approach has 8.44% better than the Wigner-Ville
Distribution (WVD) technique, identifying 98.83% of the skew angles within a degree.
Weliwitage C. et al. (2005) [17] proposed a technique Cut text minimization (CTM) for text
segmentation into lines of text, produced accuracy levels of 96% with fewer than five
foreground cuts and 60% of text lines with no front cuts when applied to the NIST data set.
Yin F. et al. (2009) [18] reported that Using a database of 803 unconstrained handwritten
Chinese document images with a total of 8,169 lines, a text line segmentation algorithm based
on minimal spanning tree (MST) clustering with distance metric learning has been developed.
The suggested algorithm achieved a correct rate of 98.02% of line detection and outperformed
other competing algorithms. Basu S. et al. (2007) [19] demonstrated a text line extraction
approach for multi-skewed document picture of handwritten English or Bengali text, and
stated accuracy of 90.34% and 91.44%, respectively. O'Gorman et al. (1993) [20] proposed
the docstrum as a page layout analysis technique. It formed text lines and blocks, automatically
estimates text orientation and spacing settings, and created k nearest-neighbor pairings
between picture components in a bottom-up way. Examples have been provided to
demonstrate how to use the docstrum on various page types. Kise K. et al. (1998) [21] provided
a page segmentation technique by utilizing the estimated area from the Voronoi diagram. The
approach extracted body text regions from 128 images featuring with non-Manhattan layouts
and skew angles ranging from 0° to 45°, as well as 98 images with Manhattan layouts. It
attained an accuracy of 97.9%. Simon A. et al. (1997) [22] proposed methodology used for
the CLIDE (Chemical Literature Data Extraction) system, however the approach outlined here
worked with a wider variety of documents. The physical page structure was built using a
unique distance metric between the components, which was based on Kruskal's method. Li Y
et al. (2008) [23] proposed script-independent text line segmentation in freestyle handwritten
documents, and the obtained accuracy on different scripts were 85.6% on Arabic, 92% for
Hindi, 92% for Chinese, and 96% for Korean. Doermann D. et al. (2006) [24] developed a
method for text line detection for many scripts, including Arabic, English, Chinese, Hindi, and
Korean. According to statistical findings, algorithm consistently yields accurate results with a
stated accuracy of 85.6%, even when skew angles, character sizes, and noise levels were
reasonably varied. Louloudis G. et al. (2006) [25] applied text line identification approach
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based on linked component on unrestricted handwritten Greek manuscripts, and obtained
96.87%-line detection accuracy. Saha S. et al. (2010) [26] developed a Hough transform based
technique for line and word segmentation. This technique was applied on public domain
datasets published on the CMATER, Jadavpur University website, as well as datasets for
business card reader systems and license plate recognition systems, in order to standardize the
performance of the system. Experimental verification showed that the word segmentation
approach has 85.7% accurate for document images, 94.6% accurate for business card images,
and 88% accurate for security camera images. In addition to this, a comprehensive overview
of the diverse preprocessing methodologies and datasets employed in recent studies on
handwritten images had been also compared and analyzed in Table 1. By analyzing and
synthesizing these approaches, we aim to gain insights into the current state-of-the-art
techniques and identify potential avenues for future research in this field.

Table I. Comparison of Different Preprocessing Techniques

Ref Author Name Dataset Techniques
Salt and Pepper noise using Median filter
technique.
[1] Bal A. et al. IAM eemque. .
Image binarization using Otsu
Thresholding
. Li lizati
[2] Zuo L. et al. 16000 Chinese words jneat fiotmatiza .1on
Skewness correction
Noise Removal using dilation and erosion
Suteddy W. et tions.
3] uteddy W. € IAM and CVL Operations.
al. Gaussian Filter
Otsu Thresholding
Normalization

4000 samples of the

Brightness Adjustment

4 h .etal. h i
[4] Sharma S. et a andwritten Contrast Adjustment
Images . .
Intensity level Adjustment
Skew Detection and Correction
Normalization
[5] Rehman A. et al. QUWI The Sliding Window Patching Strategy
Contours Extraction
Sharp Images and Negatives.
(6] Purohit N. et al. CVL and a bilingual Otsu ljhresl'lolding
dataset Gaussian Filter
(7] Roy P. et al. Bangla/D.evanagari Global histogr‘am-based Otsu bir%arization
scripts Water reservoir for skew correction
Ahmed B.Q. et Average Filter
KHATT IAM
[8] al. and Otsu Thresholding
[9] Dargan S. et al. PCA
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53000 Gurumukhi
characters

LDA

[10] Dargan S. et al.

24,500 Devanagari
Character sample

The nearest neighbor interpolation method
is used to normalize character image.
Bitmap Image.

Image thinned with a parallel thinning
technique.

[11] Longjam T et al.

CEDAR and
BH-Sig260

Image cropping and resizing: 256 x 256.
Noise removal: The bilateral filter

A Color image converted to grayscale by
averaging the pixel values across all three
channels.

Table II highlights the diversity of methodologies put forth by various researchers aimed at
segmenting text lines, word and character within document images.

Table II. Comparison of Different Segmentation Techniques

Ref Author Dataset Brief description
dos Santos In order to divide characters and lines in a
[12] et al. IAM document image, they use both horizontal and

vertical projection histograms.

[13] HeJ. et al.

Archive card

This technique cannot be extended to narrow
lines as it assumes parallel text lines with a
wide space between them.

Text is divided into vertical strips, and each

N K. . . .
[14] gu}(ljen Japanese strip's local projection profile is calculated to
’ identify lines.
S e
[15]  anM.et ARABIC, . Y Prol
histogram and connected by heuristic rules
al. Exam Essay .
between adjacent components.
Along with the determined skew angle,
SuT H. et Chinese text is provided using a skew detection
[16] L HIT-MW approach based on the segmentation of
al. . . .
handwritten text lines and the horizontal stroke
histogram.
Suggested extending the projection-based
Weliwitag method to estimate the border of adjacent lines
[17] NIST . e o .
e C.etal. while utilizing optimization techniques for cut

text minimization (CTM), assuming that the
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initial points of lines are identified using

projection.
VinF. et a minimum spanning tree (MST) is produced
[18] al ' HIT-MW using a certain distance metric in line
' segmentation based on connected components.
A theoretical approach that predicts the spaces
[19] Basu S. et Bengali and English  between lines using an hypothetical stream of
al. document images water is presented, originating from both ends
of the text document.
A method that uses the criteria of the k closest
O'Gorman Page formats neighbour unit to cor.nbine nearby link.ed
[20] ) components. The technique works well with
et al. (printed documents) : . .
printed materials and slightly curved
handwritten documents.
Kise K. et L This method integrates CCs into text lines by
[21] Voronoi diagram. _ . C
al. using a Voronoi diagram and heuristic criteria.
Images from the
Journal of Organic
Chemistry, the Journal A method is provided that assembles MST
Simon A. of Medicinal using a hand-crafted distance metric; The
[22] : . . . .
et al. chemistry, and the effectiveness relies on both the distance metric
Journal of the and heuristic rules.
American Chemical
Society
The method for segmenting freely written
‘ Arabic, Hindi, d(?cuments combines the density estin.la‘.ci.on
[23] LiY.etal . with the level-set approach. The initial
Chinese, and Korean
measure defines the boundary between
adjacent lines.
The techni th i i t
Doermann Arabic, Hindi, and © techmique us.e > e Qaussmn Wmd(.)w .O
[24] ) enhance the text-line architecture and maintain
D. etal. Chinese . . .
the level-set in order to determine the distance.
This method divides CCs into three groups that
Louloudis Unconstrained are evenly spaced, each of which is then
[25] Handwritten Greek  subjected to a distinct method and votes in the
G.etal. ) .
Documents Hough domain. Once probable text lines have
been identified, it fixes possible errors.
Handwritten and HT-based method for digital picture
Saha S. et ) . . . . .
[26] al printed text lines with  segmentation into words and lines. The

multi script variations

method is used on a variety of datasets,

Received: July 24, 2025

98



International Journal of Applied Mathematics

Volume 38 No. 2s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

including business card readers and license
plate recognition systems.

3. Material and Methods

In this section, the preprocessing and segmentation of handwritten images extracted from the
novel dataset are depicted in the Fig, followed by a brief discussion.

Accuracy

GUR-PRATIALA ima Segmented images
Dataset -

VGG16 AModel
Preprocessing

Fig 2: Proposed Framework

3.1 Dataset Description

In this research work the novel dataset of Gurmukhi handwriting has been created. The dataset
collection has been designed in three steps: the layout of form, filling up the documents from
various writers, and digitization of filled samples. For this research, initially, the data is gathered
from individuals representing diverse demographic backgrounds, including various age groups
ranging from 10 to 69 years, different genders, educational levels spanning from 5th grade to
doctoral degrees, and a range of professions such as government employees, students,
housewives, and retirees. These individuals were from various regions, specifically Indian
states such as Haryana and Punjab. To collect their personal information and handwriting
samples, we framed/created a five-page form. The first page is designed to collect writer
information as shown in Fig 3. It has a header block that contains two fields: Sample Number
and Writer Number followed by writer personnel detail fields such as writer name, age, gender,
educational background etc. At the bottom of page, two boxes are given for signature of writer
in both languages i.e. English as well Punjabi. The image in Fig 4 of the form contains machine
pre-printed Gurmukhi pangram, which includes 36 Characters, 6 special characters and 11
matras. The paragraph contains approximate of 13 lines that include 205 words. The image in
Fig 5 (text dependent) is designed to provide restricted environment for writing the document
as it effects the writing style of individual. The image in Fig 6 (text dependent) designed as
unrestricted patterns to fill the documents same as already done. The image in Fig 7 is (text
independent) free paragraph of Gurumukhi script, in which writer has to write any 5-6 or more
lines of his/her own interest. Till the date, 700 forms were collected from different persons of
diverse backgrounds. The dataset contains total of 2100 images, in which 700 images are saved
for writer’s identification and remaining 1400 images shall be used for the experimental
purpose. For the scanning purpose, EPSON scanner was used and all the images are scanned
on 600 dpi resolution. The dimensions of scanned images are (5100*6600) and the images are
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saved in .tif format. The storage structure of dataset contains 700 folders; each folder contains

3 images stored in it.
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Kindly read the instruction carefully before filling the sample.

Do not fold the sheets.

Fill the sample carefully.

Kindly write the paragraph within the boundary.

On page No. 3 write the given sample within the lines.

On page no 4 write the paragraph with in boundary.

One sample must be filled by one writer.

Don't cross or mark anything else without the given paragraph.
Don’t over write and cross the character or word.

Fig 4: Pre-printed Gurmukhi Pangram
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Fig 5: Sample of Restricted Environment Fig 6: Sample of Unrestricted Environment
Sarple e l Wreee No
\ i e ) o LU A\ ‘ o 8"
TR TR OHA T MO TN e t2ug @ T2 <3|
- - iy = ” M o " - L) \ £ b B
s O L3Ry (@5 ra. A (388 T P (33aes o |
AN - ACeVd By ey . v 0 B - SR O X
5 -T'l;' oy X Charre X M -l wn [ ,{l l"l._“_ { 7_";0'_1.\..I A Yam ] T3 TSI
P o s o) i 8 wiln ) et B ey fo
y . Lo | { J A - f
""1,_“] ' :.":: A ALY T WA PO ‘)'-.J'[,“T-‘. 115723 (Ee [0 1390
D g 0 . Yot o kit 52 i [ A
Jafle, = aalrd A 2K Y20 O HA 236 3 UMAle o a s

Fig 7: Sample of free paragraph
3.2 Preprocessing
Data preprocessing is the most important task before training any model. Hence in this
research work, VGG16 model have used to preprocess the handwriting image. The reason
behind to choose this model is that it is a pre trained model which means that this model has
been already trained on millions on images so its accuracy of pre-processing the images is
much efficient than any traditional preprocessing techniques. VGG model stands for the
Visual Geometry Group. Here 16 layers have used of VGG model in which thirteen are
convolutional layers, five are Max Pooling layers, and three are Dense layers. No doubt they
sum up to 21 layers but it has only sixteen weight layers which are also called as learnable
parameters layers. The architecture of VGG16 is shown in Fig 8. The results of preprocessed
images in which the original image has been resized to enhance the image quality are shown
in the following section. In this report, the three samples have shown of one writer where the
dimensions of their original image were 5100 x 6600 for each set of image. After applying
VGG16 for preprocessing to the original images as shown in Fig: 9(a), (b), and (c), the size of
preprocessed images shown images Fig: 10(a), (b) and (c) have been reduced to 448%448.
Image Resizing
The original image size is MXN, resize it to 224x224.
Liesized (X, y) = 1 (M/224-x, N/224-y)
where x, y€ {0, 1,....,223}
Mean Subtraction and Normalization
VGG16 was trained on images with certain mean values subtracted and normalized.
Normalization Equation:
For an image with channels R, G, B Thom (X,¥,¢)=lresized(X,y,c)—meanc
where c€ {R, G, B}.
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Fig 9: Original Images of Writer Number (a) Restricted (b) Unrestricted (c) Free
paragraph Gurmukhi Handwriting Sample

Fig 10: Preprocessed Images of Writer Number (a) Restricted (b) Unrestricted(c) Free
paragraph Gurmukhi Handwriting Sample

3.3 Segmentation

The Word segmentation technique for handwritten documents based on contour curve tracking
involves identifying and isolating individual words from handwritten text by tracking the
contours or outlines of the characters. The step-by-step approach to achieve this includes
Contour Detection, Contour Curve Tracking and Word Segmentation. Contour detection
algorithm is used to identify the contours of individual characters in the preprocessed image.
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Filter out small contours that are likely noise or artifacts. In the next phase Contour Curve
Tracking performed by identifying the outer contours of words, which typically form the
boundaries of the text regions. For each contour representing a word boundary, track the
contour curve to extract the word's outline. This involves finding the bounding box or convex
hull of the tracked contour to isolate the word region. The final step is Word Segmentation:
Once the word boundaries are identified using contour curve tracking, extract the
corresponding regions from the original image. The result of segmentation method depicted
in Fig: 11 (a), (b) and (c).

Contour Detection and Tracking

Track the contours to identify the boundaries of the words. Each contour can be represented

as a sequence of points: C = {(Xo, Yo0), (X1, ¥1),--.,(Xn-1,yn-1)}
where C represents the contour with n points.
Calculate properties like bounding boxes for each contour:
BoundingBox(C) = {Xmin, Ymin, Xmax, Ymax}

where Xmin, Ymin, Xmax, Ymax are the minimum and maximum x and y coordinates of the
contour points.

Word Segmentation

Segment words based on bounding box properties and heuristics (e.g., size, aspect ratio):

SegmentedWord; = Ipreprocessed (Xmin : Xmax, Ymin : Ymax)

Here, SegmentedWord; represents the image of the segmented word i, extracted using the
bounding box coordinates (Xmin : Xmax, Ymin : Ymax)-
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o
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08 51 Rl

Fig 11: Segmented Images of Writer Number (a) Restricted (b) Unrestricted(c) Free
paragraph Gurmukhi Handwriting Sample

i e A e
| G | e

The major preprocessing and segmentation steps are shown in following algorithm.
Step 1: Import necessary libraries including c¢v2, numpy, matplotlib, seaborn, skimage,
Kkeras, and others.
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Step 2: Define functions:
a. showlmg(img, cmap) - Display images using Matplotlib.
b. preparelmg(img) - Convert the given image to grayscale.
c. createKernel(kernelSize, sigma, theta) - Create anisotropic filter kernel.
d. find_score(arr, angle) - Evaluate skew correction score.
e. main_processing(ds_path, cd_path) - Main processing function:
i. Set ds_path to the dataset directory.
ii. Set cd_path to the code directory.
iii. Create a 'Segmented' directory in c¢d_path.
iv. Change the working directory to ds_path.
v. Loop through each directory and file in the dataset:
- Call process_image(directory, file) function.
f. process_image (directory, file) - Process each image in the dataset:
i. Read an image file using cv2.imread().
ii. Convert the image to grayscale using preparelmg function.
iii. Apply binary thresholding using Otsu's method to obtain a binary image.
iv. Perform edge detection using the Sobel filter to get output image.
v. Correct skew in the output image to obtain new image using the find_score function.
vi. Resize new image to 448x448 pixels.
vii. Preprocess img4 using VGG16's preprocess_input function.
viii. Save the preprocessed image using cv2.imwrite().
ix. Apply anisotropic filtering to img4 and binary thresholding to get imgThres.
x. Find contours in imgThres using cv2.findContours().
x1. Create a directory with the same name as the original image in 'Segmented'.
xii. Iterate through each contour:
- Extract the segmented region from img4.
- Save the segmented region as a separate file in the created directory using
cv2.imwrite().
- Draw a rectangle around the segmented region on img4 using cv2.rectangle().
xiii. Save img4 with rectangles drawn around segmented regions using cv2.imwrite().
Step 3: Call main_processing(ds_path, cd path) to initiate the processing.
Step 4: End of the program.

3.4 Performance Evaluation

The segmentation technique's performance is evaluated primarily based on its accuracy in a
handwriting identification system. Accuracy here pertains to the segmentation technique's
capability to precisely identify and isolate individual words within a handwritten document.
The analysis of this vital measurement, which is usually presented as a percentage, involves
dividing the total words in the document (total words segment) by the number of successfully
segmented words (obtained words segment). A higher accuracy score indicates how effectively

Received: July 24, 2025 104



International Journal of Applied Mathematics

Volume 38 No. 2s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

the segmentation algorithm divides the handwritten text into words, facilitating a quicker to do
further analysis or identification.

Figure 1 = =]

Bounding Box Detection Metrics

Values

ou Precision Recall Fl Score

On the other hand, a decreased precision score indicates that word segmentation can be difficult,
which could lead to errors in subsequently processing phases. Consequently, attaining high
segmentation accuracy is essential to ensuring a handwriting identification system's reliability
and efficacy since it has a direct impact on the system's ability to accurately analyses and
interpret handwritten information. Using the following method, we test our implemented
approach on 2100 handwritten Gurmukhi script document images dataset by manual
comparison.

Obtained words segment

Accuracy =
Y Total words segment

4. Results and Discussion

This section offers a thorough analysis of the metrics utilized in segmentation based on
handwriting of different writers. Table III shows the segmentation task’s accuracy of each
writer. Every row represents a distinct writer (Writer ID), and the accuracy (%) of their
samples (Samples 1,2 and 3) is shown in three columns. The accuracy results show how well
the segmentation process worked; higher percentages correspond to better results. The wide
range of accuracy differences across writer’s points to differences in writing, styles, patterns
and perhaps even handwritten sample quality. This table III is an invaluable tool for evaluating
and contrasting the handwriting identification skills of different writer, which may be essential
for enhancing identification rate and comprehending the difficulties associated with
handwritten text analysis. The highest accuracy rate of implemented segmentation technique
for our dataset is 100% for various documents.

Reference Technique Dataset Accuracy
Implemented Contour Curve 2100 handwritten 71.30%
Method Tracking Gurmukhi Script
images
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Jindal P.[28] Mid-Point 2 handwritten 65.89%
Detection Gurmukhi
Technique Script images
Tofiq T. A[27] Projection Based 63000 Kurdish 64.60%
word

Table III. Segmentation Outcome of GUR-PRATIMA dataset

5. Conclusion

In this study, a newly curated dataset named GUR-PRATIMA, comprising 2100 handwritten
text images utilized for experimental task. VGG16 model has employed for preprocessing tasks,
encompassing quality enhancement, resizing, and reduction of image dimensions.
Subsequently, a contour tracking-based segmentation method to approximate solutions for
word segmentation within the images has been applied. Table III outlines the percentage
distribution of each sample attributed to corresponding writers and reports an overall
segmentation accuracy of 80.38% for Gurmukhi words. However, a limitation of our study is
the inability to determine the accuracy for sample 3 (Free paragraph) due to the absence of a
specific text length constraint provided by the writer. In future endeavors, we aim to enhance
word extraction by employing advanced segmentation techniques.
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