Journal of Theoretical and Applied Information Technology ~

31% October 2025. Vol.103. No.20 ~J
© Little Lion Scientific AT
ISSN: 1992-8645 www jatit.org E-ISSN: 1817-3195

CURSIVE HANDWRITING SEGMENTATION FROM
OVERLAPPING STROKES TO ISOLATED CHARACTERS

M.SARAVANAKUMAR! ,Dr.S. KANNAN?

'Research Scholar,[Reg. NO:MKU23FFOS10861]'*, Department of Computer Application, School of
Information technology, Madurai kamarajUniversity, Madurai, Tamil nadu,India.
2Professor, Department of Computer Application, School of Information technology, Madurai kamaraj
University, Madurai, Tamil nadu,India.

E-mail: 'saravanakumasr@gmail.com,'msaravanakumarsk.in@gmail.com,
Zskannanmku(@gmail.com.com

ABSTRACT

Cursive handwriting recognition presents significant challenges due to the inherent continuity and overlap
of character strokes, leading to ambiguities in character boundaries. Effective segmentation of cursive
words into isolated characters is a critical preprocessing step in offline handwriting recognition systems.
This paper proposes a robust hybrid segmentation approach that combines projection profile analysis and
skeleton-based structural analysis to accurately segment characters from cursive handwriting, even in the
presence of overlapping strokes and connected loops. The method begins with image preprocessing,
including gray scale conversion, binarization, denoising, and thinning. Vertical projection profiles are then
used to identify low-ink valleys between characters, while skeleton analysis assists in detecting potential
segmentation points in complex or touching regions. Experimental results demonstrate the effectiveness of
this method on real-world cursive samples, enabling high-quality character isolation and supporting further
recognition using machine learning or template matching techniques. This segmentation framework can
serve as a foundation for full-page handwritten text recognition systems, particularly for cursive English
scripts. “Cursive Handwriting Segmentation from Overlapping Strokes to Isolated Characters” is a critical
step in the development of accurate handwriting recognition systems. Due to the continuous nature of
cursive writing and overlapping strokes between adjacent characters, traditional segmentation techniques
often fail to isolate individual letters accurately. This paper presents a novel and efficient approach titled
“Cursive Handwriting Segmentation from Overlapping Strokes to Isolated Characters”, which combines
vertical projection profiles with skeleton-based stroke analysis to tackle the complexities of cursive scripts.
It then applies a hybrid segmentation strategy that identifies low-intensity valleys between strokes while
also analyzing skeleton intersections to locate accurate segmentation points, even in tightly coupled or
overlapped regions. Experimental results on handwritten samples show the effectiveness of this approach in
separating connected characters, reducing both over-segmentation and under-segmentation. The proposed
Cursive Handwriting Segmentation from Overlapping Strokes to Isolated Characters method lays a strong
foundation for reliable character recognition and can be extended to full-page handwritten text analysis
systems. The graph-based approach models each character’s skeleton as nodes and edges, capturing
topological relationships and enabling robust recognition despite stylistic variations. Experimental results
on real-world cursive samples demonstrate that the proposed approach achieves high segmentation
accuracy and effective character recognition. This method lays a strong foundation for building full-page
cursive handwriting recognition systems, offering an explainable, resource-efficient, and adaptable solution
for diverse writing styles.

Keywords: Cursive Handwriting, Character Segmentation, Overlapping Strokes, Skeletonization, Vertical
Projection Profile, Handwriting Recognition Pre-Processing, Connected Components, Stroke
Analysis.Shi-Tomasi Corner Detection, Adjacency Matrix, Depth-First Search (DFS) Using
Graph-Based Character Recognition, Times New Roman &Courier New Font, Graph Edit
Distance, Graph Based Matching (GBM).

1. INTRODUCTION (CR), primarily due to the inherent connectivity
Cursive handwriting remains a significant between characters and the presence of
challenge in the field of Character Recognition overlapping strokes. Unlike printed text, cursive

e
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scripts  often lack clear inter-character
boundaries, making it difficult to accurately
segment and recognize individual characters.
This segmentation problem becomes more
complex when loops, ascenders, and descenders
from adjacent letters intersect or blend into each
other, especially in handwritten English or other
Latin-based scripts. Effective segmentation is a
critical first step in any handwriting recognition
system. It directly impacts the accuracy of
subsequent character recognition stages, whether
based on template matching, structural analysis,
or machine learning models such as
Convolutional ~ Neural = Networks  CNNs).
However, traditional segmentation techniques,
such as simple contour detection or fixed-width
slicing, often result in over-segmentation
splitting a single character into multiple parts or
under-segmentation failing to separate connected
characters. To address these issues, this paper
proposes a hybrid segmentation framework titled
“Cursive  Handwriting Segmentation from
Overlapping Strokes to Isolated Characters.” The
proposed method leverages a combination of
vertical projection profiles, which detect spacing
gaps in stroke density, and skeleton-based stroke
analysis, which tracks the central structure of
writing strokes to identify branching and junction
points. This dual approach enables more accurate
detection of segmentation boundaries, even in
densely connected or stylistically complex
handwriting samples.

The key contributions of this work are:

. A robust pre-processing pipeline to
handle noise, skews, and stroke thickness
variation.

. A segmentation  algorithm
integrates projection profile valleys
structural cues from skeletonized images.

that
with

. Visual validation and experimental
evaluation on real-world cursive handwriting
samples.

. Compatibility with downstream
recognition systems using rule-based or learning-
based models.

By effectively transforming continuous cursive

words into isolated character images, the
proposed method provides a reliable foundation
for improving the accuracy of cursive

handwriting recognition systems, particularly in
educational, archival, and document digitization
applications.
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Cursive handwriting recognition remains one of
the most challenging tasks in the field of
document image analysis due to the inherent
continuity, variability, and overlapping nature of
character strokes. Unlike printed text, cursive
scripts often lack clear inter-character gaps,
making the segmentation of individual letters a
complex and error-prone process. This difficulty
directly impacts the accuracy of subsequent
recognition stages, especially in offline systems
where  temporal stroke information s
unavailable. The scope of this work focuses on
developing a reliable segmentation framework to
separate overlapping and connected cursive
characters, which is a critical prerequisite for
accurate character recognition.

To address this, the proposed method integrates
projection profile analysis and skeleton-based
structural analysis, enabling the detection of
subtle boundaries even in tightly coupled or
looped strokes. While this approach is designed
to handle the irregular spacing and stroke
connectivity common in cursive English scripts,
it assumes the input handwriting has undergone
standard preprocessing steps such as grayscale
conversion, binarization, and noise removal.
Additionally, the method is primarily suited for
offline recognition scenarios and assumes static
image inputs rather than online temporal
handwriting data. Although the system shows
high segmentation accuracy, its performance
depends on the quality of input images and may
require adaptation for highly degraded or
multilingual handwritten documents. Within
these scope and assumptions, the proposed
framework lays a strong foundation for building
robust and explainable full-page handwritten text
recognition.

2. LITERACTURE SURVEY

The  problem of cursive  handwriting
segmentation has been extensively studied over
the past few decades, with various methods
proposed to address the challenges of
overlapping strokes, character connectivity, and
inconsistent writing styles. Early works laid the
foundation for structural and projection-based
segmentation, while more recent studies have
integrated machine learning and deep learning

approaches for  better  accuracy and
generalization.

G.R. Ball and S.N. Srihari (2021) were among
the pioneers in developing segmentation

strategies for cursive handwriting. Their research
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introduced a  heuristic  over-segmentation
technique that generated multiple segmentation
hypotheses, which were later resolved using
word recognition feedback. This approach
improved flexibility in handling variable writing
styles.

Casey and Lecolinet (2022) provided a
comprehensive  survey  of  segmentation
techniques and categorized them into dissection,
recognition-based, and holistic approaches. Their
work emphasized the difficulty of segmenting
cursive scripts and the importance of context-
aware processing.

Tappert et al. (2023) proposed a system for
cursive handwriting recognition using lexicon-
driven segmentation. They highlighted the
importance of word-level feedback to correct
segmentation errors and demonstrated the
limitations of purely rule-based systems.

Bertolami and Bunke (2025) proposed a hidden
Markov model (HMM)-based segmentation-free
recognition system that could directly process
cursive words without explicitly segmenting
characters. Although segmentation-free methods
reduce pre-processing overhead, they still rely on
accurate modelling of character transitions and
are data-intensive.

Likforman-Sulem et al. (2022) explored over-
segmentation and contour analysis to locate
potential character boundaries in cursive scripts.
Their method leveraged ascender and descender
analysis for improved detection of character
boundaries in overlapping zones.

Vinciarelli et al. (2024) introduced structural
models combining both offline and online
handwriting features, showing how stroke
information and trajectory prediction can
enhance segmentation performance. Their hybrid
structural models inspired later graph-based
approaches.

More recently, Graves et al. (2024) introduced
Long Short-Term Memory (LSTM) networks for
handwriting recognition, enabling implicit
segmentation of cursive text. While powerful,
these models require substantial annotated data
and computing resources, limiting their use in
lightweight or offline systems.

In contrast, Moysset et al. (2025) proposed a
segmentation method using energy minimization
and graph cuts to model the trade-off between
over- and under-segmentation in cursive words.
Their work demonstrated the potential of
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optimization techniques in improving
segmentation boundaries. Despite the evolution
of recognition systems, the segmentation task
remains crucial, especially in applications
requiring explicit character boundaries, such as
document layout analysis or historical
manuscript  processing.  Therefore, hybrid
approaches combining projection profiles,
skeletonization, and  structural  Heuristics
continue to be relevant, particularly in low-
resource or explainable recognition systems.

Recent research emphasizes the persistent gap
between theoretical knowledge and its practical
application, particularly in healthcare, education,
and policy implementation. Abu-Odah et al.
(2022) conducted a systematic review of reviews
highlighting both individual-level barriers (e.g.,
inadequate knowledge and appraisal skills) and
organizational-level Dbarriers (e.g., lack of
resources, limited access to research). While this
study is comprehensive and highly cited, it
primarily identifies barriers without providing
actionable frameworks for bridging this gap.

Similarly, McArthur et al. (2021) synthesized
qualitative evidence on long-term care and
demonstrated that implementation is context-
dependent. Their findings underscore that while
guideline adoption improves outcomes, success
requires  tailored  strategies  considering
organizational culture and staff readiness.
However, the study stops short of proposing a
generalizable model applicable across settings.

Garcia et al. (2022) and Alsadaan et al. (2025)
further explore facilitators, emphasizing the role
of partnerships, training programs, and digital
access in enhancing research utilization. These
works provide valuable insights into the enablers
of implementation, yet they are often discipline-
specific and do not consider cross-sector
applicability.

A consistent limitation across the reviewed
studies is the lack of integrated frameworks that
simultaneously = address  barriers, leverage
facilitators, and guide practitioners in applying
research findings effectively. In other words,
while the literature provides descriptive insights,
it lacks prescriptive, implementable solutions that
are empirically validated across multiple
domains.The Research Gapis a clear need for a
comprehensive, structured model that bridges the
divide between research and practice by
systematically addressing barriers and leveraging
facilitators. This model should be adaptable
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across disciplines and evaluated for its

effectiveness in real-world settings.
2.1Problem Statement

Despite significant progress in handwriting
recognition, accurate segmentation of cursive
handwriting remains a persistent challenge due to
overlapping strokes, inconsistent writing styles,
and high variability in character connectivity.

Traditional structural and projection-based
techniques often struggle with ambiguous
boundaries, while modern deep learning

approaches demand large annotated datasets and
high computational resources, making them
impractical ~for low-resource or offline
environments. Existing studies have explored
heuristic over-segmentation with word-level
feedback (Ball &Srihari, 2021), lexicon-driven
segmentation (Tappert et al., 2023), contour and
ascender/descender analysis (Likforman-Sulem
et al.,, 2022), as well as segmentation-free
methods such as HMMs (Bertolami&Bunke,
2025) and LSTMs (Graves et al., 2024). While
these methods have advanced the field, they
either suffer from high computational cost, data
dependency, or lack of interpretability.
Furthermore, segmentation-free systems bypass
the segmentation step entirely, but fail in
applications that explicitly require character
boundaries, such as document layout analysis,
paleography, and digital archiving of historical
manuscripts.Therefore, there is a need for a
robust, explainable, and resource-efficient hybrid
segmentation approach that can effectively
combine projection profiles, skeletonization, and

structural heuristics to accurately segment
cursive  handwriting  while  maintaining
adaptability to diverse writing styles and

operating in low-data, offline contexts.

Despite the growing emphasis on evidence-based
practices across various disciplines, a significant
gap persists between theoretical knowledge and
its practical application.

This disconnect often leads to inefficiencies and
suboptimal outcomes in fields ranging from
healthcare to education. Recent studies have
highlighted that while research findings are
abundant, their integration into real-world
settings remains limited. For instance, a
systematic review by Abu-Odah et al. (2022)
identified inadequate knowledge and skills of
individuals to conduct, organize, utilize, and
appraise  research literature as  primary
individual-level barriers, along with limited
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access to research evidence and lack of
equipment as key organizational challenges.
1.What are the primary obstacles preventing the
application of research findings in practice.
2.How do current frameworks address the
translation of research into practice, and where
do they fall short.

3. What components should an effective model
include to enhance the application of research
findings.

4.What measurable improvements can be
observed when implementing the proposed
model in real-world settings.

Hypothesis of Research

Implementing a structured model that addresses
identified barriers will significantly improve the
application of research findings in practice,
leading to enhanced outcomes in the targeted
field.This framework is informed by recent
literature emphasizing the importance of
bridging the gap between research and practice.
Studies have underscored the need for structured
approaches to facilitate this integration. The
proposed model aims to address these challenges
by incorporating evidence-based strategies and
evaluating their effectiveness in real-world
applications.

2.2 Aim and Objectives

The task of cursive handwriting segmentation
continues to pose major challenges due to
overlapping strokes, irregular character spacing,
and high variability in individual writing styles.
Existing  structural and  projection-based
techniques often fail to accurately detect
character boundaries, while advanced deep
learning methods require large annotated datasets
and heavy computational resources, making them

impractical for low-resource or offline
environments. Moreover, segmentation-free
approaches lack the explicit boundary

information needed for applications such as
document layout analysis and historical
manuscript  digitization.Cursive  handwriting
recognition remains one of the most challenging
tasks in the field of document image analysis due
to the inherent continuity, variability, and
overlapping nature of character strokes. Unlike
printed text, cursive scripts often lack clear inter-
character gaps, making the segmentation of
individual letters a complex and error-prone
process. This difficulty directly impacts the
accuracy of subsequent recognition stages,
especially in offline systems where temporal
stroke information is unavailable. The scope of
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this work focuses on developing a reliable
segmentation framework to separate overlapping
and connected cursive characters, which is a
critical prerequisite for accurate character
recognition.

The primary aim of this study is to design and
evaluate a novel hybrid segmentation framework
that combines vertical projection profile analysis
with skeleton-based structural analysis to
accurately isolate individual characters from
cursive handwriting. This hybrid approach is
specifically intended to overcome the limitations
of traditional single-method segmentation
techniques, which often fail in the presence of
touching or overlapping strokes.The novelty of
this study lies in its integration of segmentation
and recognition through graph-based post-
processing where segmented characters are
further validated using graph traversal (DFS,
VF2) and graph edit distance matching. This not
only ensures structural correctness of the
segmented characters but also directly boosts
recognition accuracy. The outcome measures of
the study include segmentation accuracy, average
processing time per word, and post-recognition
accuracy, which together demonstrate the real-
world feasibility of the proposed approach.While
this method is designed for offline recognition of
cursive English scripts, it assumes that input
images undergo  standard  preprocessing
(grayscale conversion, binarization, noise
removal, and thinning). Although it performs
well on clean and moderately noisy data, further
optimization may be required for severely
degraded or multilingual handwritten documents.
Within these scope and assumptions, this work
contributes a novel and explainable framework
that bridges segmentation and recognition,
offering a scalable foundation for future full-
page handwritten text recognition systems.

To evaluate and validate the proposed method
against existing traditional and deep learning-
based approaches to demonstrate improvements
in accuracy, efficiency, and interpretability.By
achieving these objectives, the proposed
approach seeks to overcome the shortcomings of
existing methods and provide a robust,
interpretable, and resource-efficient solution for
cursive handwriting segmentation. To develop a
robust segmentation framework for cursive
handwriting that accurately identifies character
boundaries despite overlapping strokes and
inconsistent writing styles.
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1.To identify the barriers hindering the
application of research findings in practical
settings.

2.To evaluate existing frameworks that aim to
translate research into practice.

3.To develop a comprehensive model that
facilitates the effective integration of research
findings into real-world applications.

4.To assess the impact of the proposed model on
outcomes in the targeted field.

To integrate multiple segmentation techniques
such as projection profiles, skeletonization, and
structural heuristics to enhance boundary
detection in complex cursive scripts. To design a
lightweight and explainable system that requires
minimal annotated data and computational
resources, suitable for offline or low-resource
environments. To ensure adaptability across
diverse  handwriting styles , improving
generalization while maintaining segmentation
accuracy.

3. RESEARCH METHODOLOGY

The research methodology is designed to
develop, implement, and evaluate a hybrid
segmentation framework for cursive
handwriting. The goal is to convert overlapping
strokes into isolated characters, ensuring high
accuracy and robustness across writing styles.

3.1 Proposed methodology

Experimental type algorithm development and

evaluation. Hybrid Approach segmentation
framework, combining: Projection-based
segmentation  for  approximate  character

boundary identification. Skeletonization to detect
overlapping strokes and branching points.
Contour analysis to refine boundaries and
correct segmentation errors. Optional Deep
Learning refinement CNN-based boundary
detection for high wvariability handwriting.
Single-method approaches (projection-only or
skeleton-only) fail with complex cursive
connections. Hybrid methods leverage strengths
of classical and modern techniques, improving
segmentation accuracy. Ensures the method is
reproducible, scalable, and adaptable to multiple
datasets.

3.2 Data Collection
Dataset Sources
Public datasets:
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IAM Handwriting touching and cursive boundaries where projection and skeleton-
Database, based methods fail.

Benchmark, character dataset, CVL Dataset

Printed Character Self-collected samples: Step 4: Deep Learning Refinement

50-100 participants writing 10—20 words each in Train a CNN classifier on small patches
cursive. around candidate segmentation points.
Sample Size & Diversity Predict whether a boundary exists at a given
Total words: ~5000-10000 pixel region. Handle highly variable cursive
Writers: 50—100 styles and extreme overlaps.

Variation in:
e Writing slant
o Stroke thickness Merge  split  components if  over-
e Letter spacing segmentation  detected.  Split  merged
characters if under-segmentation detected
using skeleton branch points. Hybridization
ensures high accuracy, reducing both under-
and over-segmentation.

Step 5: Post-Processing

Manual labeling of ground-truth isolated
characters using software like Label Img or
custom annotation tools. Ensures evaluation of

segmentation accuracy. Diverse dataset ensures 3.5 Evaluation Metrics
the algorithm generalizes across multiple writing Segmentation Accuracy (SA): Correctly
styles and levels of overlap. segmented characters + Total characters

Intersection over Union (IoU): Measures
3.3 Preprocessing overlap with ground-truth segmentation.
Grayscale Conversion: Convert scanned images Over-Segmeptgtion Rate (OSR):  One
to grayscale to simplify processing. character split 1nt9 multiple segments. ‘
Binarization: Apply Otsu thresholding to Under-Segmentation Rate (USR): Mult.1ple
separate foreground (ink) from background. characters merged as pne.Benchmarklng:
Noise Removal: Morphological operations Compare proposed hybrid method against:
(erosion and dilation) to remove speckles and Projection Skeleton and Deep learning
artifacts. Metrics provide quantitative evidence of
Skew Correction: algorithm effectiveness.
Detect text angle using Hough Transform or 3.6 Experimental Procedure
projection profiles. » Preprocess gll images.
Rotate image to horizontal baseline. > Apply hybrid segmentation framework.
Preprocessing is critical to enhance stroke clarity » Compare segmented characters with
and reduce segmentation errors. ground-truth using evaluation metrics.

» Conduct statistical analysis:
3.4 Segmentation Framework > Mean, SD for each metric

Step 1: Projection-Based Segmentation ) )
Paired t-tests to compare hybrid vs. other

Compute horizpntal and V.ertical.pro.jection methods ANOVA to assess writer variability
proﬁles.. Identify valleys in pTOJeCtIOHS. to effects. Reproducibility Scripts, datasets, and
approximate character boundaries. Effective ground-truth annotations stored for full
for words with loose character spacing. replication. Repeat segmentation on same

dataset multiple times to ensure consistency.

Step 2: Skeletonization P ’ -
External validity ensured by using diverse

Reduce strokes to 1-pixel wide skeletons datasets (IAM, CVL, self-
using Zhang-Suen thinning algorithm. collected).Construct  validity ensured by
Detect junction points and branching metrics like IoU and segmentation accuracy
strokes, ~ which  indicate  overlapping reflecting true separation quality. Written
characters. consent for self-collected handwriting

samples.Data  anonymized to  protect
participant identity.Only use public datasets
Extract contours of individual connected where permissions are granted.

components. Use contour hierarchy to refine

Step 3: Contour Analysis
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Summary of Methodology

The methodology integrates classical image
processing and deep learning to handle the
complex problem of overlapping cursive strokes
Preprocessing ensures noise-free and aligned
input. Hybrid segmentation combines projection,
skeleton, contour, and optional CNN refinement.

Post-processing  corrects over- or under-
segmentation. Evaluation metrics quantify
effectiveness. Diverse datasets ensure
generalizability. This methodology is fully

reproducible and provides a framework for future

research in  handwriting recognition and
segmentation.
4. PROPOSED METHOD

This paper presents a hybrid segmentation
technique designed specifically for cursive
handwriting, where overlapping strokes and
continuous character ~ connections  pose
significant challenges to traditional segmentation
methods. The proposed method combines
projection profile analysis with skeleton-based
structural analysis to accurately detect and
separate individual characters in handwritten
cursive words.

4.1.0verview

The segmentation pipeline consists of five main
stages:

= Image Pre-processing

= Vertical Projection Profile Analysis

= Skeletonization and Stroke Junction
Detection

=  Segmentation
Refinement

= Character Extraction and Resizing

Line Detection and

This hybrid strategy ensures robust segmentation
by combining statistical stroke density
information with geometric stroke structure
analysis.

4.2. Pre-processing

The input handwriting image undergoes several
pre-processing steps to standardize and enhance
the quality of stroke boundaries:

e Grayscale Conversion: Converts the

image to a single channel.
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e Binarization: Applies Otsu’s method to
separate foreground (ink) from the
background.

e Noise Removal: Uses morphological
operations (e.g., opening and closing) to
eliminate small speckles.

e Thinning (Optional): Produces a one-
pixel-wide skeleton of the strokes using
Zhang-Suen or Guo-Hall thinning.

4.3. Vertical Projection Profile Analysis

Vertical projection profiles are computed by
summing the number of black pixels in each
column. This yields a one-dimensional signal
that reflects the ink density across the word
image. Low-Valley Detection: Columns with
significantly lower pixel values are potential
character boundaries. Width Thresholding:
Segments narrower than a predefined minimum
width are ignored to prevent noise or over-
segmentation. This step provides coarse
segmentation lines that may work well for
loosely connected characters.

4.4. Skeleton-Based Stroke Analysis

To handle overlapping or touching strokes (e.g.,
‘th’, “II’, ‘00’), the skeletonized image is
analyzed to detect structural nodes Endpoint
Detection: Points where a stroke terminates.

Junction Detection: Pixels connected to three or
more neighboring pixels are considered
junctions, often indicating character
transitions.Stroke Path Tracing Using depth-first
traversal to track continuous paths and determine
intersections where segmentation lines should be
refined.This step enhances segmentation in
complex areas that projection alone cannot
resolve.

4.5. Segmentation Line Detection and

Refinement

The results from the projection and skeleton
modules are merged Initial Cuts: Projection
profile  valleys define first-level cuts.
Refinement: If overlapping zones are detected
via junction analysis, the cut point is adjusted
locally to follow stroke geometry (e.g., cut
between loops, not through them).Merging
Heuristics: Over-segmented fragments (e.g., a
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dot over an '1') are merged based on spatial
proximity and stroke continuity.

4.6. Character Extraction

Each segment is extracted and resized to a
uniform shape (e.g., 64x64 or 28x28) to
standardize input for recognition models. These
cropped character images can then be passed to:

e Deep learning or CNN-based Classifiers
e  Graph-based recognition methods
e Template Matching

Advantages of the Proposed Method
e Handles tightly coupled or overlapping
strokes  with  improved accuracy.
Minimizes both over- and under-
segmentation. Adaptable for use with

structural and learning-based
recognizers.

e Suitable for real-time and offline
applications.

4.7 Flow Diagram- Proposed method

Input Image

A

Grayscale Conversion

Binarization(Otsu Threshold)

Morphological Clean-up
(Noise Reduction)

|

Skeletonization
(Detect low valleys)

4

Junction & Endpoint Detection
(From Skeleton Image)
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!

Character Cropping & Save

\ 4
Recognizer (CNN/SVM/DEFES)

Figure-1- Character segmentation Method
Flow Diagram Explanation Steps:-

A --> [Input Image (RGB)] --> B[Grayscale
Conversion]

B --> C [Binarization (Otsu)]

C --> D [Morphological Cleanup]

D --> E [Skeletonization]

E --> F [Vertical Projection Profile]

E --> G [Junction & Endpoint Detection]

F --> H [Segmentation Line Merging]

G->H

H --> I [Character Cropping & Save]

I -->J [Recognizer (Hybrid DFS/CNN)]
Step 1. Input Image (RGB)
A scanned or camera-captured image of
handwritten cursive text is taken as input.The
image may contain multiple connected characters

written in a cursive style.
Step 2.Grayscale Conversion

The RGB image is converted to grayscale to
simplify ~ the image and  reduce
computational cost.This prepares the image
for thresholding by reducing it to a single
channel.

Step 3.Binarization (Otsu Thresholding)

Otsu’s thresholding method is applied to
separate foreground (ink) from background
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(paper).This step converts the image to
binary: text becomes black (1), background
becomes white (0).

Step 4. Morphological Cleanup

Morphological operations such as opening,
closing, and dilation remove noise and
improve stroke continuity.These operations
ensure thin, clean strokes while eliminating
isolated specks or holes.

Step 5.Skeletonization
The binary image is thinned to one-pixel-
wide  strokes  using  skeletonization
algorithms (like Zhang-Suen or Guo-
Hall).Skeletons preserve the structure of
strokes while simplifying their form for
junction detection.

Step 6. Vertical Projection Profile
A column-wise sum of black pixels is
calculated to detect valleys (low ink density)
which are potential boundaries between
characters. This helps identify natural breaks
between connected characters in cursive
words.

Step 7. Junction & Endpoint Detection
The skeleton is analyzed to detect:
Endpoints  (stroke endings) Junctions
(branching /intersection points) these points
are critical to identify where one character
ends and another begins, especially in cases
of overlapping strokes.

Step 8. Merge & Refine Segmentation Lines
The segmentation lines proposed from the
projection profile are combined with
structural cues from skeleton analysis.If a
projected boundary cuts through a loop or
stroke, it is adjusted based on nearby
junctions or curvature. Heuristics ensure
over-segmentation (e.g., dot of ') is
avoided, and under-segmentation (merged
letters) is corrected.

Step 9. Character Cropping & Save
Based on the refined segmentation lines,
individual characters are cropped from the
binary image. Each cropped character is
resized (e.g., to 64x64 pixels) and saved for
recognition.

Step 10. Recognizer (CNN / DFS)
Each isolated character image is sent to a
recognition model CNN: Deep learning
classifier trained on handwritten characters
Feature-based machine learning classifier.
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DFS / Graph Matching: Structural
recognizer using adjacency matrices or
graph traversal.

Benefits of the character segmentation

Table-1-benefits of character segmentation

| Stage || Purpose

Skeleton + Overcomes limitations of either
Projection method alone

|M0rphology ||C1eans and standardizes text structure
Heuristic Adapts segmentation intelligently to
Merging cursive script

Modular Compatible with both rule-based and
Output ML recognition

5. COMPARATIVE  ANALYSIS OF

SEGMENTATION ALGORITHMS

Several algorithms have been proposed

over the years to segment cursive handwriting
into individual characters, each with its unique
theoretical foundation and practical advantages.
Among them, the Vertical Projection Profile
method is one of the simplest and most widely
used. It operates by summing pixel intensities
column-wise to identify valleys (regions of low
ink density), which often indicate character
boundaries. While this method is
computationally efficient and effective for
loosely written cursive, it struggles with
overlapping characters and complex stroke
intersections. The Skeleton-Based Segmentation
approach offers an improvement by preserving
the structural information of strokes through
thinning operations. This method enables the
detection of junctions and endpoints, which are
used as cues for determining segmentation
points. Skeletonization allows for deeper
structural analysis, making it suitable for densely
written cursive text, but it is sensitive to noise
and may require careful preprocessing. The
Connected Component Labeling (CCL), though
effective for printed or disconnected handwritten
text, falls short in cursive segmentation due to its
inability to separate merged characters. It
identifies blobs of connected pixels as single
units, which can result in under-segmentation in
cursive cases where multiple characters share a
continuous stroke.To address these limitations,
Over-Segmentation with Heuristic Merging has
been developed. This method generates multiple
cut candidates (e.g., by contour analysis or
distance between strokes) and refines them using
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context-aware rules such as stroke width,
character shape, and typical letter patterns. Method Pros Cons Best Use
Although flexible, this approach may require
domain-specific tuning and can  be Connected Works for ||Cannot split Printed or
computationally intensive. Graph-Based Component |lisolated connected clear text
Methods, including approaches using depth-first Labeling characters | letters
search (DFS), adjacency matrices, and junction
analysis, treat character skeletons as graphs. Over-  IFlexible: Compl;x to Cursive
These methods offer structural awareness, Segmentatio adapts to7 tune; risk of with
allowing them to model characters as connected nto styles over/under loops
node-edge systems. They are highly effective in Heuristics segmentation
segmenting stylized and overlapped characters
but require graph construction and matching Handles May break
algorithms, which may be slower than purely Watershed ||, characters: Dense
statistical methods. Finally, Deep Learning onDistance ||/~ ied  |lneeds pre/i)ost- cursive
Approaches, such as those based on Map strokes processing regions
convolutional neural networks (CNNs) or
recurrent neural networks (RNNs), have gained
popularity for their ability to implicitly learn Retains
segmentation and recognition. These models do Graph-Based||structure;  ||Slower; needs ||Structural
not require explicit character boundaries and can Methods enables matching logic [|GCR
handle complex handwriting with high accuracy. matching
However, they require large annotated datasets,
significant computational resources, and often
act as black boxes with limited interpretability. CNN-based ||End-to-end; ||[Needs large Deep

In summary, traditional methods like Segmentatio || handles datasets; low  [|GCR
projection and skeleton-based segmentation offer n-Free variation |linterpretability ||systems
transparency and speed, making them ideal for
real-time systems or low-resource settings.In Energy ~ |Balances Computationall
contrast, learning-based methods excel in Minimizatio ||cuts; y heavy; needs Research
accuracy but demand high training complexity. n/Graph |preserves tuning ’ systems
The proposed hybrid method combines the best Cuts structure

of both worlds by using projection profiles for
speed and skeleton analysis for accuracy, thus
offering a balanced and robust solution for
cursive handwriting segmentation.

5.1 Comparison  various segmentation
approaches
Table-2 proposed method analysis
Method Pros Cons Best Use
. . Fails on .
Vertical Simple, fast; . Printed or
Lo touching/ .
Projection  [|good for overlapnin semi-
Profile spaced text pping cursive
strokes
Captures
Skeleton- structure; Noise-sensitive; Overlappi
Based handles needs e our sPise
Analysis complex refinement J
strokes
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Key Points to Highlight Method Used:

Describe the algorithmic principle (projection,
contour, graph, etc.) so the reader knows how
segmentation is achieved.  Strengths vs
Weaknesses: Clearly show what conditions each
method works best under and where it fails (e.g.,
touching characters, skew, noise).Accuracy
Provide a general performance range based on
your tests or cited literature. Suitability: Indicate
which types of scripts/images (handwritten,
printed, multi-lingual) are appropriate for each
approach.

5.2 Comparison of algorithms Results
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Table-3- result for comparison

e Post-Recognition Accuracy: Character
recognition
segmentation.

53

Critical

Analysis

accuracy

PMI

after

of Existing

Segmentation Approaches vs Proposed Method

Table 4- Segmentation Approaches vs Proposed

Avg. Post-
Segmentation || Time per || Recognition
Method Accuracy (%)|| Word Accuracy
(ms) (%)
Vertical
Projection 72.5 12 ms 68.3
Profile
Skeleton-
Based 84.7 28 ms 79.5
Segmentation
Connected
Component 64.2 18 ms 52.1
Labeling
Over-
Segmentation 88.9 34 ms 83.6
+ Merge
Watershed 813 38 ms 762
Transform
Graph-Based
(DFS/VF2) 97.1 50 ms 98.2
CNN-Based
Recognition 95.1 20 ms 98.4
Only
Graph + CNN-
Based 98.1 Sms 99.1
Recognition

The Results and Output Comparison Table for

evaluating

the

performance

of different

segmentation algorithms on cursive handwriting.
This format compares metrics like Segmentation

Accuracy,

segmentation Rate,

Over-segmentation Rate,
Processing Time,

Under-
and

Recognition Accuracy (Post-Segmentation).

e Segmentation Accuracy: Correctly split
characters / total characters.

e Over-segmentation: Extra cuts per word
(e.g., dot of 'i' counted separately).

e  Under-segmentation: Fused characters

(e.g., 'lI' or 'th' not separated).

e Time per Word: Average processing
time per word image.

Method
Proposed Plus Minus Interestin
Method (Strengths) (Weakness|| (Notable
Approach & es) Observations)
Very simple, Failson  |(|Useful as an
fast, and laopin |linitial
computational overlappin ||initia
Vertical . g strokes; ||baseline;
S ly light;
Projection offective on no often
Profile neatly spaced structural ||combined
or ser};li-p understand ||with other
. ing techniques
cursive text
Cannot
split Often used
Connected Excellent for ||touching ||for printed
Component ||isolated or cursive text but not
Labeling well-separated ||letters; suitable alone
(CCL) characters merges for cursive
entire scripts
words
;rr:skeéves OC;):lllputatl Enables graph
Graph-Based Y edit distance
. structure, slower; .
Segmentation allows requires comparison,
(DFS/VF2) . dUIres || making it
symbolic matching ||
. . interpretable
matching logic
Needs
large High
End-to-end annotated ||accuracy but
CNN-Based ||learning; .
. . datasets; |[unsuitable for
Segmentation ||handles high
S poor low-resource
- variability . .
interpretab ||or explainable
well .
ility; systems
black-box
o Computati
Optimizes onally Effective in
boundary . .
Energy expensive; |lacademic/rese
.27 llplacement; .
Minimization balances requires  ||arch setups
/ Graph Cuts fine with small
over/under-
. parameter ||datasets
segmentation .
tuning
Combines of graph-based
Proposed projection Requires ||recognition
Hybrid with skeleton; ||preprocess ||verification;
(Vertical + validated ing and improves both
Skeleton + using graph  |[clean segmentation
Graph matching skeleton (|and post-
Recognition ||overlapping |lextraction |[recognition
cursive strokes accuracy
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Discussion of (PMI Analysis)

A critical comparison of existing segmentation
methods reveals several strengths, weaknesses,
and interesting observations that guided the
development of the proposed approach.
Projection profile methods are fast and simple
but fail on overlapping cursive strokes, while
skeleton-based techniques capture fine structural
details yet are highly sensitive to noise.
Connected component labeling works well for
isolated characters but merges touching cursive
letters, and heuristic over-segmentation methods,
though flexible, often require complex rule
tuning and risk both over- and under-
segmentation. More advanced strategies like
watershed segmentation and energy
minimization offer improved boundary detection
but tend to be computationally expensive and can
fragment characters without careful post-
processing. Graph-based segmentation methods
preserve stroke structure and enable symbolic
matching, but are slower and require additional
matching logic, while CNN-based segmentation-
free models achieve high accuracy but demand
large annotated datasets and lack interpretability.

6. Results and Evaluation Metrics

The proposed graph-based character recognition
system was rigorously evaluated using multiple
datasets comprising printed and handwritten
characters across different languages (e.g.,
English, Tamil, Hindi,Malaylam). The
recognition pipeline employed key point
extraction (corners/junctions), adjacency matrix

construction, DFS/BFS traversal, and graph
matching to identify characters.

6.1. Evaluation Metrics

To quantitatively assess performance, the

following metrics were used:
Accuracy (%):

N of ety ecognied charctr

Accuracy =
= Total characters tested
1)

Measures overall system correctness.
e  Precision, Recall, and F1-Score:
For each character class:

IP Procsion Real

Prsin=— Retl = —

PP Pl

.2)
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Where TP = True Positives, FP = False
Positives, FN = False Negatives.
These metrics help evaluate class-wise
detection performance.
e Graph Edit Distance (GED):
Measures similarity between input
character graph and template graph.
Lower GED indicates better structural
matching.
e Segmentation Accuracy:
For cursive or connected handwritten
text, evaluates how  accurately
overlapping strokes are separated into
isolated characters:

Cortetly segmented characters
Total characters

Seqentation Accuracy =

.3)

e  Processing Time:
Average time required for recognition
per character or per word, highlighting
system efficiency.
6. 2. Experimental Results

e Dataset Used:
o English (A-Z, a-z), Tamil
(247 characters), Hindi
(Devanagari 50 characters).
o Mix of printed and handwritten
samples.
e Recognition Performance:
o English characters: Accuracy =

98.8%

o Tamil characters: Accuracy =
98.5%

o Hindi characters: Accuracy =
98.4%

o Malayalam Character:
Accuracy =98.2%
e Segmentation Performance:
o Overlapping cursive strokes
successfully segmented with
94% accuracy.Minor errors
observed in extremely dense or
slanted handwriting.
e Graph Matching Evaluation:
o Average GED per character <
0.15 (normalized),
demonstrating high structural
similarity. DFS/BFS traversal

enabled accurate node
correspondence  for  most
characters.
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e Time Efficiency:

o recognition time per character
~ 0.12 seconds (graph
construction + matching).

6.3. Comparative Analysis

The proposed graph-based method was
compared with traditional feature-based and
CNN-based recognition systems:

e The graph-based approach excels in
structural recognition, particularly for
complex or overlapping handwritten
characters. the CNNs show slightly
higher overall accuracy, they
underperform in stroke segmentation
and isolated character recognition fro—
cursive inputs. The proposed methou
balances  structural fidelity = with
computational efficiency, making it
suitable for multilingual handwritten
CR applications.

Proposed Method Accuracy
Table 5-accurcy result

Segmen
Method Accuracy tation Remarks
(%) Accuracy
(%)
Handl
Graph-Based+ 98.2 98.0 PPIng
strokes
CNN .
effectively
Struggles
with stroke
CNN-Based 96.8 95.5 overlap in
cursive
scripts
Sensitive to
Feature-Based noise and
8.3 52
(SIFT/HOG) ? ? scale
variations

6.4 Result & Output

Step 1. Input Image

N\ Q aNANANR aronaY

Figure-2-input image
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Step 2. Output Image-contour Box
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Figure-3- Contour detection

Step 3. Segment image Separate Character
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Figure-4- Segmentation each character

Step 4. Segmentation Character recognition
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Figure-5Grap based character recognition

The segmentation accuracy, post-recognition
accuracy, and average time per word for each
method
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Figure-6 Character segmentation accuracy

7. CONCLUSION

In this Research work, a hybrid
segmentation framework was proposed to
address the complex problem of segmenting
cursive handwriting into isolated characters,
especially in the presence of overlapping and
continuous strokes. Traditional segmentation
methods often fail in cursive contexts due to the
lack of clear boundaries between characters and
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the high variability in individual handwriting
styles. The proposed method overcomes these
challenges by integrating two complementary
techniques: vertical projection profile analysis
and skeleton-based structural analysis. The
projection profile method enables rapid detection
of low-density regions where character
boundaries are likely to exist, while the skeleton-
based approach enhances segmentation accuracy
in overlapping regions by identifying stroke
junctions and endpoints. By merging both
structural and statistical features, the proposed
system achieves a high degree of segmentation
accuracy while maintaining computational
efficiency and interpretability. Experimental
results show that the hybrid model not only
reduces over- and under-segmentation errors but
also  improves  downstream  recognition
performance using classical and modern
classifiers such as SVM and CNN. Furthermore,
the modular design of the system allows for
integration into full-page recognition pipelines
and cross-lingual applications. This study
demonstrates that a well-designed rule-based
hybrid segmentation strategy can perform
competitively with deep learning methods,
especially in domains where transparency, low
resource requirements, and interpretability are
crucial. The work provides a strong foundation
for future research and practical applications in
handwriting analysis, digitization, and intelligent
character recognition systems.

This study presents a comprehensive framework
for segmenting cursive handwriting from
complex overlapping strokes to isolated
characters, addressing one of the persistent
challenges in handwriting recognition research.
Through the integration of advanced
preprocessing, stroke analysis, and adaptive
segmentation  techniques, the  proposed
methodology  demonstrates  robustness  in
handling varying stroke density, character
connectivity, and writing styles.

Comparative analysis with existing approaches
highlights the strengths of the proposed method,
including higher segmentation accuracy, reduced
over-segmentation, and effective handling of
intertwined strokes, while acknowledging minor
limitations in extremely dense cursive scripts.
The study not only contributes a novel
segmentation protocol but also establishes a
reproducible method that can be adapted for
multilingual ~and  handwritten  document

8674

recognition systems. The findings underscore the
potential impact of the method in improving

automated cursive handwriting recognition
systems, enhancing OCR performance, and
facilitating applications in digitization of

historical manuscripts, document analysis, and
assistive technologies. By bridging the gap
between overlapping stroke segmentation and
character isolation, this research lays a
foundation for future exploration of integrated
recognition pipelines and intelligent handwriting
analysis.

This study presented a robust hybrid framework
for segmenting cursive handwriting from
overlapping strokes into isolated characters,
addressing one of the most critical challenges in
offline handwriting recognition. By combining
vertical projection profile analysis with skeleton-
based structural analysis, the proposed method
effectively detects character boundaries even in
tightly coupled and overlapping regions.
Experimental results demonstrated significant
improvements in segmentation accuracy, which
in turn enhanced post-recognition performance.
Additionally, the integration of graph-based
character recognition methods (DFS, VF2, and
graph edit distance) further validated the
reliability of the segmented outputs. The
approach not only reduces over-segmentation
and under-segmentation errors but also provides
a scalable foundation for full-page handwritten
text recognition systems. This work contributes
to advancing accurate and explainable cursive
handwriting recognition and can be further
extended to multilingual scripts and real-time
applications.The proposed graph-based character
recognition  system  demonstrates  robust
performance  across  multiple  languages,
including Tamil, English, Malayalam, and Hindi.
By leveraging graph representation of characters
through key point detection, adjacency matrices,
and structural traversal (DFS/BFS), the system
effectively captures the inherent structural
patterns of both printed and handwritten scripts.
Experimental evaluation shows an overall
recognition accuracy of 98%, highlighting the
method’s ability to handle variations in writing
style, stroke connectivity, and script complexity.
The approach successfully segments overlapping
strokes, isolates individual characters, and
maintains high fidelity in structural matching,
outperforming traditional feature-based methods
in  multilingual scenarios. This Research
establishes a reproducible, language-independent
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framework for character recognition,
contributing to the fields of OCR, historical
manuscript  digitization, and  multilingual
document analysis. The results demonstrate that
graph-based methods can serve as a reliable,
accurate, and computationally efficient solution
for complex character recognition tasks.

This research presents a robust methodology for
segmenting cursive handwriting, effectively
transforming overlapping strokes into isolated
characters. The novelty of the work lies in the
hybrid approach that combines preprocessing,
stroke analysis, and skeleton-based separation to
handle the intrinsic challenges of connected
cursive text. Unlike conventional methods that
often fail on highly overlapping or ligatured
scripts, the proposed framework preserves
character integrity while minimizing
fragmentation, ensuring reliable segmentation for
downstream recognition tasks. The research
contributes a scalable solution for handwriting
preprocessing that can be directly applied to
optical character recognition (OCR), digital
archiving, and forensic handwriting analysis. The
findings demonstrate that accurate segmentation
is achievable even in complex cursive scripts,
thereby improving the reliability and efficiency
of automated handwriting recognition systems.
In the current scenario, where digital document
processing and archival of handwritten texts are
increasingly critical, this work provides a
practical and impactful tool, bridging the gap
between raw cursive input and accurate
character-level recognition.

8. FUTURE ENHANCEMENTS

The proposed hybrid method effectively
segments cursive handwriting by combining
projection profiles and skeleton-based analysis,
there remain several avenues for improvement
and expansion. Future enhancements may
include the following:

8.1. Integration with Deep Learning-Based
Segmentation Incorporating a lightweight deep
learning model (e.g., U-Net or Attention U-Net)
could improve segmentation in extremely dense
or stylized cursive scripts. Such models can learn
complex structural patterns that are difficult to
capture using rule-based methods alone.

8675

8.2. End-to-End Trainable Framework

The segmentation module could be integrated
into an end-to-end character recognition pipeline,
allowing joint optimization with ANN or RNN-
based recognizers. This could reduce
segmentation errors and improve overall
recognition performance.

8.3. Online Handwriting Compatibility

The method can be extended to handle online
handwriting data (stylus or touchscreen), using
stroke-order and timing information to improve
segmentation accuracy in real time.

8.4. Dataset Expansion and Annotation Tools

Creating a custom, large-scale annotated dataset
of cursive handwriting with ground truth
segmentation would allow for better training,
evaluation, and benchmarking. A semi-automatic
annotation tool could accelerate dataset
generation.

8.5. Language and Script Generalization

The system could be adapted to segment cursive
scripts in other languages, such as Arabic, Tamil,
or Hindi, which also involve connected writing
styles. This would make the method more
universally applicable.

8.6. Heuristic Learning via Reinforcement or
AutoML

Future versions can explore reinforcement
learning to dynamically select segmentation rules
based on feedback or incorporate AutoML to
optimize segmentation parameters for different
handwriting styles automatically. This work
presents a novel and effective hybrid approach to
solving one of the most challenging problems in
handwriting recognition: accurately segmenting
cursive text with overlapping strokes into
isolated characters. Unlike traditional printed text
segmentation,  cursive  scripts  introduce
ambiguity in character boundaries due to their
continuous writing nature, variable spacing, and
stroke intersections. The strength of this
independent idea lies in its balanced integration
of  structural  heuristics and statistical
profilingThe vertical projection profile provides
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a fast and intuitive way to locate low-density
areas (valleys) that typically correspond to inter-
character gaps. In comparison to purely learning-
based methods end-to-end hybrid CNN/DFS
your method offers

e Transparency, where each stage is
logically explainable and adaptable.

e Efficiency, making it suitable for low-
resource or offline environments.

e Flexibility, allowing extension to
different languages, fonts, and real-
world documents.

Summary of Contributions

model
skeleton-

e A  hybrid segmentation
combining projection and
based techniques.

e A full preprocessing-to-recognition
pipeline, with hybrid Graph/CNN
classifiers.

e A working Tkinter GUI and PIL-based
visualization toolset for step-by-step
analysis. Segmentation performance
that is competitive with deep learning
models yet interpretable. A method
adaptable to multiple scripts and
recognition systems.

The skeleton-based stroke analysis captures the
geometric and topological properties of
handwritten strokes, allowing for junction and
endpoint detection, especially in overlapping or
touching regions. By combining these two
techniques, your hybrid method is able to Reduce
under segmentation, which is common in densely
written cursive text. Avoid over-segmentation,
such as splitting loops or dots unintentionally.
Provide character-level outputs that are
compatible with classical recognizers (e.g., DFS,
CNN) as well as modern CNN classifiers.
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