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Summary

Text line segmentation is an essential pre-processing stage for
off-line handwriting recognition in many Optical Character
Recognition (OCR) systems. It is an important step because
inaccurately segmented text lines will cause errors in the
recognition stage. Text line segmentation of the handwritten
documents is still one of the most complicated problems in
developing a reliable OCR. The nature of handwriting makes the
process of text line segmentation very challenging. Several
techniques to segment handwriting text line have been proposed
in the past. This paper seeks to provide a comprehensive review
of the methods of off-line handwriting text line segmentation
proposed by researchers.
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1. Introduction

In this paper, we review previous work done on text line
segmentation in handwritten documents which can be
generally categorized into bottom-up and top-down. In the
bottom-up approach, the connected components based
methods merge neighboring connected components using
simple rules on the geometric relationship between
neighboring blocks. On the other hand, projection based
methods may be one of the most successful top-down
algorithms for machine printed documents since the gap
between two neighboring text lines in machine printed
documents is typically significant, thus the text lines are
easily separable. However, these projection based methods
cannot be directly used in handwritten documents, unless
gaps between lines are significant or handwritten lines are
straight.

After a brief description of the characteristics of text line
structures in handwritten documents, the rest of the paper
is organized as follows. Section 2 describes the challenges
in text line segmentation. In Section 3 we review the
different approaches to segment a handwritten document
into text lines and propose a taxonomy. Section 4 presents
an extensive performance evaluation and quantitative
comparison of experiment results in the previously
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proposed methods. Concluding remarks are given in
Section 5.

2. Segmentation Challenges

Freestyle and unconstrained handwriting text line
segmentation is considered a complex and challenging
task due to the following characteristics [1] (Fig. 1):
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Fig. 1 Complexity in handwritten documents (from Likforman Sulem
etal [1]).

2.1 Line Fluctuation

Fluctuating lines or skew variability [2,3]. Lines of text in
general are not straight. The inter-line distance variability
and inconsistent distance between the components may
vary due to writer movement. It may be straight, straight
by segments, or curved [1]. According to Okun [4], three
types of skew exist in documents:

e A Global skew: all the page blocks have the same
orientation,
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o multiple skew: unaligned paragraphs or slant is
different in different blocks of the page such as the
FLAUBERT's drafts [2] which contain several blocks
of text arranged in a non linear way, and numerous
editorial marks such as erasures and word insertion,
and

e non uniform text line skew or varying text line slope:
slant is different along the same line of text, for
example curvilinear text lines.

2.2 Line Proximity

Small gaps between neighboring text lines will cause
touching or overlapping of ascenders or descenders
[1,3,5,6]. Text lines may be touching or overlapped, when
upper-strokes and down-strokes of two consecutive lines
are near or touching, or ascenders and descenders of
adjacent lines interfere (Fig. 2). Church registers were
written with lines of text being close to each other and
changing type, size and shape of the handwriting causing
text of a given line possibly reaching into adjoining lines
and running into each other [7].

Fig. 2: Overlapping components separated (circle) and touching
component separated into two parts (rectangle) in Bangla writing (from
Pal and Datta [8]).

2.3 Writing Fragmentation

Characters are made up of more than one connected
component. This applies to Indian scripts such as Telugu,
Tamil, Bangla, and Malayalam and Arabic writing with
massive presence of diacritical points.

3. Existing Approaches

Handwriting text line segmentation approaches can be
categorized according to the different strategies used.
These strategies are projection based, smearing, grouping,
Hough-based, graph-based and Cut Text Minimization
(CTM) approach. Related work can be found in [18-35].

3.1 Projection-based approach

In this approach the vertical projection profile is obtained
by summing pixel values along the horizontal axis for
each y value. From the vertical profile, the vertical gaps
between the text lines can be determined. A profile curve
can be obtained by projecting black/white transitions or
the number of connected components. The profile curve is
then analysed to find its maxima and minima. For skewed
or moderately fluctuating text lines, the image may be
divided into vertical strips and profiles projected in each
strip (Zahour et al. [3]) using piecewise projections in
globally adapting to local fluctuations.

The technique used in [3] divides the text image into
columns. In this approach, a partial projection is
performed on each column. Then a partial contour
following method is used to detect the separating lines, in
the direction and opposite direction of the writing.
Tripathy and Pal [5] also used a projection based method
in text line columns and combined the results of adjacent
columns into a longer text line. The document is divided
into vertical stripes. Analyzing the heights of the water
reservoirs obtained from different components of the
document, the width of a stripe is calculated. Stripe-wise
horizontal histograms are then computed and the
relationship of the histograms peak-valley points is used
for line segmentation.

The projection-based algorithm proposed by Arivazhagan
et al. [7] first obtains an initial set of candidate lines from
the piece-wise projection profile of the document (Fig. 3).
The lines traverse around any obstructing handwritten
connected component by associating it to the line above or
below. A decision of associating such a component is
made by (i) modeling the lines as bivariate Gaussian
densities and evaluating the probability of the component
under each Gaussian or (ii) the probability obtained from a
distance metric. The proposed method is robust to handle
skewed documents and touching lines.
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Fig. 3: Piece-wise projection profile (from Arivazhagan et al. [7])
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Yanikoglu and Sandon [9] first searched for the
handwriting text line boundaries and then processed each
text line in turn. The boundary between two text lines is
not a straight line if the text lines are touching or
overlapping. To find the exact boundary between two text
lines, they searched for the rough boundary location by

analyzing the horizontal pixel density histogram of the line.

They then apply a contour following algorithm within that
zone to find the exact boundary. The contour following
algorithm is modified to operate within a rectangular zone.
It is also changed to force a cut at the half-line when
necessary, in order to separate text lines that are touching
and cannot be separated otherwise.

The algorithm in [10] localized lines by computing the
horizontal histograms for the entire image at a couple of
relevant skew angles; then the angle and position where
the histograms have local minima were chosen as the
location between lines. Calculation of the horizontal
histograms was done using the traditional histogram
calculation executable on DSPs. They refined the line
finding algorithm by using a method to blur the words
without affecting their location. They computed the
pseudo convex hull of each word using the HOLLOW
template. The horizontal histogram computed on the
pseudo convex hulls is smoothed further via sliding-
window. Then the local maximum of the histogram was
located since these correspond to the location of the lines.
Thresholds were specified to associate all maxima with
one line.

3.2 Smearing approach

In this technique, consecutive black pixels along the
horizontal direction are smeared. If the distance between
the white space is within a predefined threshold, it is filled
with black pixels. The bounding boxes of the connected
components in the smeared image are considered as text
lines.

Li et. al [11] proposed a new approach for text line
detection by adopting a state-of-the-art image
segmentation technique. They first convert a binary image
to gray scale using a Gaussian window, which enhances
text line structures. Text lines are extracted by evolving an
initial estimate using the level set method (Fig. 4).
Preliminary experiments show that their method is more
robust compared to a bottom-up connected component
based approach. Examples show that the method is script
independent. This has been qualitatively confirmed by
testing it on handwritten documents in different languages,
such as Arabic, English, Chinese, Hindi, and Korean.
Statistical results show that the algorithm produces

consistent results under reasonable variation of skew
angles, character sizes, and noise.
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Fig. 4: Smearing using the level set method (from Li et. al [19])

3.3 Grouping approach

This method involves building alignments by aggregating
units in a bottom-up approach. Units such as pixels,
connected components, or blocks are then joined together
to form alignments. Likforman-Sulem and Faure [12]
proposed an approach based on perceptual grouping of
connected components of black pixels. Text lines are
iteratively constructed by grouping neighboring connected
components based on certain perceptual criteria such as
similarity, continuity and proximity. Therefore local
constraints on the neighboring components are combined
with global quality measures. To handle conflicts, the
technique merges a refinement procedure combining a
global and a local analysis. According to the authors the
proposed technique cannot be used on degraded or poorly
structured documents, such as modern authorial
manuscripts.

Feldbach and Tonnies [13] proposed a method for line
detection and segmentation in historical church registers
(Fig. 5). This method is based on local minima detection
of connected components and is applied on a chain code
representation of the connected components. Line
segments are gradually constructed until a unique text line
is formed. This algorithm is able to segment text lines
closed to each other, touching text lines and fluctuating
text lines.

Fig. 5: Line segmentation using a grouping approach (from Feldbach and
Tonnies [13])
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In [2] the text line extraction problem is seen in the view
of artificial intelligence using a production system. The
aim is to cluster connected components in the document
into homogeneous sets, corresponding to the text lines of
the document. To resolve this problem, a search is applied
over the graph that is defined by the connected
components as vertices and the distances among them as
edges.

3.4 Hough-based approach

The Hough transform is used for locating straight lines in
images. In [14] an iterative hypothesis validation strategy
based on Hough transform was proposed. The skew
orientation of handwritten text lines is acquired by
applying the Hough transform to the center of gravity of
each connected component in the document image. If most
nearest neighbors of the components in the alignment
string belong to the group of components forming the
alignment, the alignment has both properties of direction
continuity and proximity, and it will be accepted as a text
line. This enables the generation of several text line
hypotheses. Then a validation is performed to eliminate
incorrect alignments between connected components using
contextual information such as proximity and direction
continuity criteria. Based on the authors, this technique is
able to detect text line in handwritten documents which
may contain lines oriented in different directions, erasures
and annotations between main lines.

Louloudis et al. [15] presented a text line detection method
for unconstrained handwritten documents based on a
strategy that consists of three distinct steps. The first step
comprises preprocessing for image enhancement,
connected component extraction and average character
height estimation. In the second step, a block-based
Hough transform is applied for the detection of potential
text lines (Fig. 6) while a third step is used to correct
possible false alarms. A grouping method of the remaining
connected components which uses the gravity centers of
the corresponding blocks is applied. The performance of
the proposed method is determined based on a consistent
and concrete evaluation technique that relies on the
comparison between the text line detection result and the
corresponding ground truth annotation.
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Fig. 6: A block-based Hough transform (from Louloudis et al. [15])

3.5 Graph-based approach

A method based on a shortest spanning tree search is
presented in [16]. The principle of the method consists of
building a graph of main strokes of the document image
and searching for the shortest spanning tree of this graph.
This method assumes that the distance between the words
in a text line is less than the distance between two adjacent
text lines.

Sesh Kumar et al. [17] presented a graph cut based
framework using a swap algorithm to segment document
images containing complex scripts such as in Indian
languages. The text block is first segmented into lines
using the projection profile approach. The framework
enables learning of the spatial distribution of the
components of a specific script (Fig. 7) and can adapt to a
specific document collection, such as a book. Moreover,
they can use both corrections made by the user as well as
any segmentation quality metric to improve the
segmentation quality.
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Fig. 7: Graph cut based approach (from Sesh Kumar et al. [17])

3.6 CTM Approach

In [6], the CTM method finds a path or cut line in between
the text lines to be separated which minimizes the text line
pixels cut by the segmentation line, especially descenders
from the upper line and ascenders from the lower line. The
method attempts to track around ascenders or descenders
to avoid cutting them. If the deviation is too great, the
segmenter aborts and continues its forward path (Fig. 8).
A rough estimate of text line separations were first
obtained using vertical projection histograms.
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Fig 8: CTM method (from Weliwitage et. al [6])

4.0 Performance Evaluation and Comparison

The proposed algorithm described in [3] was tested on 100
samples of text containing 1000 lines. The experiment
results in 97% accuracy in correct line segmentation.
Errors were caused by baseline-skew variability, and
overlaps between characters and diacritical marks in the
first column. The association of the diacritic symbols to a
text line caused significant errors when the symbol is
distant from the separating border line.

Tripathy and Pal [5] used 1627 text lines in single column
document pages with different writing styles. Text lines
segmentation accuracy is calculated by drawing boundary
lines between two consecutive text lines. Then, from the
computer’s display, line segmentation accuracy was
calculated manually. If all text lines are extracted correctly,
segmentation accuracy is considered 100%. From 1627
lines tested, 984 lines were segmented correctly.

Experimental results in [7] show that on 720 documents
including English, Arabic and children's handwriting
consisting of 11,581 lines, 97.31% of the lines were

segmented correctly. On an experiment of over 200
handwritten images with 78,902 connected components,
98.81% of them were associated to the correct lines.
Experiments were also conducted on 300 exam essays
written on ruled line paper to test the robustness of the
algorithm. The algorithm segmented with an accuracy of
96.3%. Furthermore, the segmentation algorithm proved
language independence, with accuracy of 98.62% on 120
Arabic handwritten images. Most of the dots above or
below a word were associated to the correct lines by the
proposed algorithm.

Documents scanned from a Telugu book titled
“Aadarsam” containing 256 pages printed in 1973 were
used in [17]. The performance of segmentation is
calculated wusing a segmentation quality —metric.
Segmentation corrections required on a new page are close
to zero after adapting to the first 44 pages. The remaining
212 pages were segmented correctly.

The method in [6] was tested on 30 images from NIST
special database consisting data in 34 text boxes from
2100 forms scanned at a resolution of 300 pixels / inch
and saved in binary format. Text boxes in the form
corresponding to a text paragraph of 52 words were
abstracted for text line segmentation. The segmentation
resulted in 183 text segmenting lines and 213 text lines in
the images were correctly segmented into 176 lines with
96% accuracy.

Likforman-Sulem and Faure [12] tested their method on
handwritten documents. Fluctuating text lines, sloped
annotations or annotations added between main lines were
detected. Fluctuation combined with proximity of text
lines may cause merged lines. The algorithm in [17] was
tested on 10 pages of a handwriting database containing
7000 words from the LOB corpus (Lancaster-Oslo /
Bergen) written by a single writer. The experiments were
conducted using the MatCNN simulator in Matlab
software. The line segmentation algorithm correctly
segmented each line in every page.

The algorithm in [11] was tested on more than 10,000
diverse handwritten documents in different scripts, such as
Arabic, Hindi, and Chinese. During testing, if a ground-
truth line and the corresponding detected line share at least
90% pixels, a text line is considered to be detected
correctly. From a total of 2,691 ground-truth lines, their
approach correctly detected 2,303 (85.6%) lines. At the
text line level, the connected component based method
performs significantly worse where only 951 (35.3%) text
lines were detected correctly. Errors were caused by two
adjacent text lines overlapping significantly, signatures,
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the correction in the gap between two lines, and the severe
noise introduced during scanning.

The proposed text line detection method in [15] which
uses a Block-Based Hough Transform approach was tested
on unconstrained handwritten Greek documents using 20
document images taken from the historical archives of the
University of Athens for which corresponding text line
detection ground truth was manually created. A number of
450 text lines were detected in the images with 96.87%
accuracy. Difficulties concerning the extraction of text
lines include the variety of accents appearing above or
under the text line body and the small difference in the
skew angle in the text lines.

In [2], overlapped text lines and text lines where the
interline distance is smaller than the intra line distance will
cause segmentation errors. Only well separated text lines
were correctly segmented. The algorithm in [13] which
used a chain code representation was tested on text in
church registers ranging 300 years. The algorithm was

applied to images from 61 paragraphs in 7 pages. All 61
paragraphs consisted of 300 lines. The algorithm produced
good results with constant values on different handwriting
styles. 222 lines (90%) of 246 lines in 49 paragraphs
containing six different handwritings were reconstructed
correctly. The experimental results are summarized in
Table 1.

5.0 Conclusion

This paper has provided a comprehensive review of the
methods for off-line handwriting text line segmentation
previously proposed by researchers. After a brief
description of the characteristics of text line structures in
handwritten documents, we have describes the challenges
in text line segmentation. We also reviewed the different
approaches to segment a handwritten document into text
lines and proposed a taxonomy. An extensive performance
evaluation and quantitative comparison of experiment
results in the previously proposed methods was performed.

Table 1: Experimental results

Author Experiment data Experiments Accuracy Segmentation errors
Zahour et. al 1000 lines in 100 Implemented in a C++ 97% Baseline-skew variability,
[3] samples language on a 200MHz PC and overlaps between
characters and diacritical
marks in the first column.
Association of diacritic
symbols distant from the
separating border line, to
a text line.
Tripathy and 1627 lines in single | Draw boundary lines 60% When two consecutive
Pal [5] column pages with | between two consecutive words touch, or distance
different writing text lines. Then, from the between two consecutive
styles computer’s display, line words is very small.
segmentation accuracy was
calculated manually.
Arivazhagan 11,581 lines in 720 | The cut-through accuracy 97.31% A normal component,

et. al [7] documents corresponds to the spanning across two or
including English, proportion of components more lines or lying in
Arabic and correctly classified as between two lines of text
children's overlapping components or
handwriting cut-through error.

Sesh Kumar et

Documents scanned

The performance of

Segmentation

Not stated

database in 34 text
boxes from 2100
forms

paragraph of 52 words were
abstracted for text line
segmentation.

al. [17] from a Telugu book | segmentation is calculated corrections required on
titled “Aadarsam", using a segmentation quality | a new page are close
printed in 1973 metric to zero after adapting
containing 256 to the first 44 pages.
pages. The remaining 212
pages were segmented
correctly.
Weliwitage et. | 30 images from Text boxes in the form 96% Very short text lines of
al [6] NIST special corresponding to a text not longer than one word

and text lines not starting
from left margin of the
image and unclear
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separation of text lines
with merging ascenders
and descenders may be
detected as an extra text
line.

Likforman- Unconstrained Alignments found as text Not stated When fluctuation is
Sulem et. al handwritten rough lines are crossed by a line, combined with proximity
[12] drafts, address components belonging to the of text lines, merging
blocks, letters and same line share the same lines may appear.
manuscripts. identification number
inscribed above their
enclosing rectangles.
Alignments which were
found in the Hough domain,
but invalidated in a second
stage are crossed by a
dashed line. Ambiguous
components are inscribed in
dashed rectangles.
Timar et. al 10 pages of a Conducted using the Correctly segmented Not stated
[10] handwriting MatCNN simulator in each line in every page
database containing | Matlab software
7000 words from
the LOB corpus
(Lancaster-Oslo /
Bergen) written by
a single writer
Liet. al [11] More than 10,000 If a ground-truth line and the | From 2,691 ground- Errors were caused by
diverse handwritten | corresponding detected line | truth lines, correctly two adjacent text lines
documents Arabic, | share at least 90% pixels, a detected 2,303 overlapping significantly,
Hindi, and Chinese | text line is considered to be (85.6%) lines. At the signatures, the correction
script detected correctly. text line level, only in the gap between two
951 (35.3%) text lines | lines, and the severe noise
were detected introduced during
correctly. scanning.
Louloudis et. Unconstrained Block-Based Hough 450 text lines were Various accents above or
al [15] handwritten Greek | Transform approach for detected in the images | under the text line body
documents using 20 | which corresponding text with 96.87% accuracy | and the small difference
document images line detection ground truth in the skew angle in the
taken from the was manually created text lines
historical archives
of the University of
Athens
Nicolas et. al Collection of Only well separated Overlapped text lines and
[2] handwritten French text lines were text lines where the

novelist
Gustave Flaubert
drafts

correctly segmented.

interline distance is
smaller than the intra line
distance will cause errors.

Feldbach and
Tonnies [13]

Text in church
registers from 61
paragraphs
consisting of 300
lines in 7 pages
ranging 300 years.

Chain code representation

222 lines (90%) of 246
lines in 49 paragraphs
containing six
different handwritings
were reconstructed
correctly.

Serious errors occur when
the difference between
the reconstructed base
and centre lines and the
real lines was higher than
the script size, if a text
line was not found, or if
an extra line was found at
a wrong place.
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