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Abstract. In this paper, an approach for text line segmen-
tation by algorithm with the implementation of the Gaus-
sian kernel is presented. As a result of algorithm, the
growing area around text is exploited for text line seg-
mentation. To improve text line segmentation process,
isotropic Gaussian kernel is extended by dilatation. Fur-
thermore, algorithms with isotropic and extended Gaussian
kernels are examined and evaluated under different text
samples. Results are given and comparative analysis is
made for these algorithms. From the obtained results,
optimization of the parameters defining extended Gaussian
kernel dimension is proposed. The presented algorithm
with the extended Gaussian kernel showed robustness for
different types of text samples.
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1. Introduction

Text line segmentation is the major step in a docu-
ment analytic procedure. It is prerequisite for high-quality
optical character recognition (OCR) methods. There are
a few successful techniques for printed text line segmenta-
tion. But, processing of handwritten documents has been
remained a key problem in OCR [1], [2]. Most text line
segmentation methods are based on the assumptions that
the distance between neighboring text lines is sufficiently
large as well as that text lines are reasonably straight.
However, these assumptions are not always valid for
handwritten documents. Hence, text line segmentation is
a leading challenge in OCR.

Related work on text line segmentation can be catego-
rized in few directions [3]: projection based methods,
Hough transform methods, smearing methods, grouping
methods, methods for processing overlapping and touching
components, stochastic methods, and other methods.

Projection based methods have been primarily used
for printed document segmentation, but it can be adapted

for handwritten documents as well. They use the vertical
projection profile (VPP), which is obtained by summing
pixel values along the horizontal axis for each y value. This
is accomplished by finding its maximum and minimum
value [4]. Because of method drawbacks, short lines will
provide low peaks, and very narrow lines. Hence, the
method failed to be efficient for multi-skewed text lines.
The Hough transform [5] is a widespread technique for
finding straight lines in the images. Consequently, an
image is transformed in the Hough domain. Potential
alignments are hypothesized in the Hough domain and
validated in the image domain. The direction for the maxi-
mum variation is determined by a cost function. The “vot-
ing” function in the Hough domain determines the slope of
the straight line [6]. In smearing methods the consecutive
black pixels along the horizontal direction are smeared [7].
This way, an enlarged area of black pixels is formed. It is
so-called boundary growing area. Consequently, the white
space between black pixels is filled with black pixels. It is
valid only if their distance is within a predefined threshold
limits. Grouping methods are based on building alignments
by aggregating them into entities [8]. The units may be
pixels or connected components, blocks or other features
such as salient points. These units are joined together to
form alignments. The joining scheme is based on both local
and global criteria used for checking consistency. If the
nearest neighbor element belongs to another line, then the
nearest neighbor joining scheme will fail to group complex
handwritten units. The method for overlapping and touch-
ing components detects such components during the
grouping process. At present, the conflict occurs between
two alignments [9]. Further, it applies a set of rules to label
overlapping or touching components. The rules use as
features the density of black pixels of the component in
each alignment region, alignment proximity and positions
of both alignments around the component. The frontier
segment position is decided by analyzing the component
VPP. If VPP includes two peaks, the cut will be done in the
middle of them. Otherwise, the component will be cut into
two equal parts. The stochastic method is based on the
probabilistic algorithm which accomplished non-linear
paths between overlapping text lines. These lines are ex-
tracted through Hidden Markov Modeling (HMM) [10].
This way, the image is divided into little cells. Each one of
them corresponds to the state of the HMM. The best seg-
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mentation paths are searched from left to right. In the case
of touching components, the path of the highest probability
will cross the touching component at points with as less
black pixels as possible. However, the method may fail in
the case that the contact point contains a lot of black pixels.
The algorithm proposed in [11] models text line detection
as image segmentation problem by enhancing text line
structure using a Gaussian kernel and adopting level set
method to evolve text line boundaries. The author specified
the method as robust for different languages, but rotating
text by angle of 10° or more has an impact on reference
line hit rate. The method is further investigated in [7].

In this paper, modification of the base Gaussian ker-
nel enhanced by binary morphology is implemented. It is
asimple and efficient method in terms of accuracy and
computational effectiveness. Its primary role is to perform
text segmentation and to estimate the skew angle of the
document image. The proposed method is implemented
and “measured” by different sample text examples and
evaluated as well. At the end, based on measurement
results, algorithm parameters optimization is proposed.

The organization of the paper is as follows. Section 2
includes proposed algorithm information and description.
In Section 3 text experiments framework is defined. Fur-
ther, in Section 4 results are examined, compared and dis-
cussed. In Section 5 conclusions are made.

2. Proposed Algorithm

The principal parts of OCR system are scanning, bi-
narization, text segmentation, text parameter extraction,
text recognition and conversion to ASCII. However, the
document text processing procedure can be represented
with three main stages: a) preprocessing, b) processing,
and c¢) postprocessing, as shown in Fig. 1.
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Fig. 1.

In the preprocessing stage, algorithms for document
text image binarization and normalization are applied.
During the processing stage, algorithms for text segmenta-
tion as well as for reference text line estimation and skew
rate identification are enforced. After that, the skew angle
is corrected. At the end, in the postprocessing stage a char-
acter recognition process is applied. The final sub-stage is
the data conversion to ASCII characters.

A few assumptions should be made before an algo-
rithm description. In this paper, there is an element of pre-
processing. After that, document text image is prepared for
feature extraction. The main tasks are text segmentation as
well as text parameter extraction, specifically reference text
line identification and skew rate estimation.

2.1 Document Text Image

At the beginning of the test process, the original
image is used. The document text image is obtained as a
product of the original image scanning. The document text
image is a digital text image represented by matrix D with
M rows, N columns, and intensity with L discrete levels of
gray. L is the integer number from the set {0, ..., 255}.
Currently, D(i,j) € {0, ..., 255}, where i= 1,..., M and
j=1,...,N.

After applying intensity segmentation  with
binarization, an intensity function is converted into the
binary intensity function given by:

(1, DGj=D, |
B(”])_{ 0, DG,i)<D, )

where Dy, is given by Otsu algorithm [12] or an equivalent
algorithm. It represents a threshold sensitivity decision
value.

Currently, the document image is represented as bi-
nary matrix B featuring M rows by N columns. Conse-
quently, it consists of the only black and white pixels
where value 0 represents black pixels and value 1 white
pixels.

2.2 Isotropic Gaussian Kernel

Establishing distinct areas that mutually separate text
lines is the primary task of the region growing algorithm
for text line segmentation. Before applying the algorithm,
the text consists of letters, words or groups of words. Algo-
rithm’s task is to join these text elements from the same
text line into the same distinct continuous areas. Similarly,
elements from the different text lines, are separated into
different areas.

In this paper, the algorithm based on the analogy with
Gaussian probability density function is established. This
function is given by [11]:
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where ¢ is the standard deviation defining a curve spread
parameter and A4 is the amplitude of the function equal to
1/(2m)%0. 1t is the starting point for creating an isotropic
kernel. Hence, converting Gaussian function into point
spread function (PSF) creates Gaussian kernel. The idea of
Gaussian smoothing is to use this 2-D distribution as
a PSF. Since the image is stored as a collection of discrete
pixels we need to produce a discrete approximation to the
Gaussian function g(x,y) named G(i,j) before performing
the convolution. However, the Gaussian distribution is
non-zero everywhere, which would require an infinitely
large convolution kernel. In practice, it is effectively zero
for more than about 3¢ from the mean. This value repre-
sents Gaussian threshold sensitivity level Ly It truncates
radius of 3¢ in the kernel. All pixels that belong inside that
radius form the same area with a level higher than L.
Hence, isotropic Gaussian kernel defined by 2K+1 in x and
y directions. It is given as:

NS
Hap=] o+ OON= e ©)
0, G(,)) <Ly

Converting all these pixels into the same region forms
the areas named boundary growing areas. Boundary
growing areas form a control image with distinct objects
that are prerequisite for the text segmentation of the docu-
ment image. These black objects represent different text
lines needful for text segmentation i.e. for disjoining text
lines. Matrix X is created by convolving the isotropic
Gaussian kernel I with the image represented by binary
matrix B as follows [13]:

K

X, )=, iB(Hk, J+DI(k,I) “)

k=—K 1=K

where i is from K to M — K and j is from K to N — K.
Further, the elements of matrix X are obtained as follows:
IF X(ij)=0 THEN X(ij)=1. Matrix X, as well as its
growing areas, are shown in Fig. 2.

Fig. 2. Matrix X after applying isotropic Gaussian kernel.

2.3 Extended Gaussian Kernel

To extend growing areas an additional method is
needed. Due to horizontal nature of the handwriting, the
Gaussian kernel extension in the horizontal direction is
preferred. Hence, the proposed kernel extension is made by
convolving the isotropic Gaussian kernel with a dilatation

element representing line. This line has height of 1 pixel
and width of w = 2(R-K) + 1. Also, parameter A= R/K is
introduced. Consequently, the extended Gaussian kernel
has dimension (2K+1) x (2R+1). The difference between
two kernels could be illustrated in Fig. 3.
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Fig. 3. Extended vs. isotropic Gaussian kernel.

The main difference between the original algorithm
[11] and this approach is in the text segmentation domain.
Currently, matrix Y is defined by convolving the extended
Gaussian kernel E with the matrix B as follows [13]:

K R

Y@, )=

k=—K I=—

Bli+k, j+DEkD) , (5
R

where i is from K to M — K and j is from R to N — R.
Further, the elements of matrix Y are obtained as follows:
IF Y(i;j) # 0 THEN Y(i,j) = 1. Matrix Y is shown in Fig. 4.

Fig. 4. Matrix Y after applying extended Gaussian kernel.

;

3. Experiments

An evaluation test framework for the text parameters
extraction algorithm consists of few text experiments. It is
based on the following activities: a) multi-line text seg-
mentation test, b) multi-line waved text segmentation test,
and c¢) multi-line fractured text segmentation test. Al-
though, test experiments are quite diverse, theirs results are
inter-related. Due to, some decision making is required at
the end of the procedure. Hence, those results are com-
bined and conclusions are made.

3.1 Multi-line Text Segmentation

Algorithm quality examination consists of a few text
experiments representing test procedure. In the first group
of the experiments text line segmentation quality is exam-



RADIOENGINEERING, VOL. 19, NO. 4, DECEMBER 2010

721

ined. For this purpose, as the first stage, multi-line text is
used. This test is inevitable in algorithm segmentation
quality assessment. Further, this experiment is significant
because it is prerequisite for obtaining other text parame-
ters. If segmentation experiment miscarry, then further
process examination will be meaningless. Hence, its im-
portance is critical. The sample multi-line text with its
skew angle parameter « is shown in Fig. 5.

fﬂv

L. »f;;ff"’;’
/w;ﬂ v l/‘r n

Fig. 5. Multi-line text definition and example.

The number of existing text objects in the multi-line
text image relates to text segmentation quality success.
Hence, the less objects the better segmentation process,
except the number may not be less than the text lines num-
ber. As a quality measure, the root mean square error
RMSE, has been used. It is calculated as [14], [15]:

P

1
RMSE,,, = \/P D (Oref, —Oest, ), (6)

k=1

where k is the number of examined text samples, Oref; is
the number of referent objects in the text, i.e. the number
of text lines, and Oest, is the number of the obtained
objects in the text by the applied algorithm.

3.2 Multi-line Waved Text Segmentation

The second text line segmentation experiment is
multi-line waved text one. The sample text is formed as a
group of text lines using the waved referent line for its
basis. The referent line is defined by the parameter =4/ /.
Typically, ¢ is used from the set {1/8, 1/6, 1/4,1/3,...}.
The sample multi-line waved text for the experiment is

shown in Fig. 6.

/\ 6 g, OO BT
TN S,

Fig. 6. Multi-line waved text definition and example.

¥ STy,

Similarly, as a previous segmentation test, the number
of existing text objects after the applied algorithm relates to
the text segmentation quality success. Again, for the qual-
ity measure, the root mean square error RMSE e, way has
been used. It is calculated as [14], [15]:

RMSE =\/%i(0refl—06st,)2 , (D

seg_wav
=1

where / is the number of the examined text samples, Oref;
is the number of the referent objects in the text, i.e. the
number of the text lines, and Oest; is the number of the
obtained objects in the text by the applied algorithm.

3.3 Multi-line Fractured Text Segmentation

The last experiment in the first test group is the multi-
line fractured text segmentation experiment. The sample
text for this experiment is formed by using a referent frac-
tured line as a basis. The fractured text referent line is
defined by the slope angle ¢, as a parameter. Typically, ¢is
used from the set {5°,10°,15°,20°}. The sample multi-line
fractured text for the last segmentation experiment is
shown in Fig. 7.

Fig. 7. Multi-line fractured text definition and example.

Again, the number of existing text objects relates to
the text segmentation quality success. The root mean
square error RMSE, .. has been used. It is calculated as
[14], [15]:

¢
RMSE,, ... = \/ ; z (Oref, —Oest,)* (®)
m=l1

where m is the number of the examined text samples, Oref,,
is the number of the referent objects in the text, i.e. the
number of the text lines, and Oest,, is the number of the
obtained objects in the text by the applied algorithm.

4. Results and Comparative Analysis

In all experiments, character height Hy, = 100 px is
used. It is obtained from bounding box method [16].
Hence, K value may not exceed 1/5 of Hy,. In fact, a bigger
K can lead to text lines merging. Multi-line text segmenta-
tion results are shown in Tab. 1. Data representing number
of objects for & =20° and = 40° is shown in Fig. 8-9.
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Fig. 8. Results for multi-line text experiment (o = 20°, 1 =3).
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Fig. 9. Results for multi-line text experiment (o =40°, 1 =2).

It is obvious that obtained results for the extended
algorithm are better than for the original one. Hence, the
algorithm extension gives significant segmentation benefit.
Still, K approaching to 20 is desired. Consequently, K
should be up to 20% H,, which is close to boundary condi-
tion [16]. Hence, enlarging K above 20 is “forbidden”.
From all above, parameter K = {15,20} is articulated.
RMS,, inspection is shown in Fig. 10-11.
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Fig. 12. RMSE s vy vs. A for multi-line waved text test.

Fig. 13. RMSE; yav vs. K for multi-line waved text test.

Further, RMSss way oObtained from the multi-line
waved text segmentation test is shown in Fig. 12-13. In this
experiment, using K of 15 or 20 is the proper choice.
Hence, this leads to A of at least 3. It can be noticed that
bigger 4 will merge different text lines.

In the last text segmentation experiment, RMSqc, way 15
evaluated. It is shown in Fig. 14-15.

- =5

Fig. 15. RMSE fac vs. K for multi-line fractured text test.

Again, K of 15 or 20 is prerequisite. Still, using 4 of 3
or bigger is the best choice.

At the end, the summary results for the original Gaus-
sian kernel algorithm are not so convincing due to its faulty
results obtained from the segmentation experiment. All
three experiments proved strong inter-relation between by
theirs obtained results. Hence, parameter value of K=
{15,20} is mandatory for the efficient text line
segmentation process. Altogether, it seems that the length
of the extended Gaussian kernel needs to be from 40 to
60 px or approximately from 40% to 60% H,,, while the
height of it should be 15% to 20% of H,. Furthermore,
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parameter A completely depends on the K value. For
K =15, the best choice for A is from 3 to 4, while for
K=20 follows A from 2 to 3 is necessary. Obviously,
smaller K such as 15 needs bigger A, and bigger K such as
20 needs smaller A.

From all the presented results, the algorithm based on
the extended Gaussian kernel is promising. Still, a careful
decision-making procedure is needed for choosing the
proper values for K and A parameters for the best segmen-
tation results.

5. Conclusions

In this paper, an approach to the Gaussian kernel
algorithm for text line segmentation is presented. The pro-
posed improvement assumes creation of a boundary grow-
ing area around the text based on the Gaussian kernel algo-
rithm extended by dilatation. Those growing areas form
a control image with distinct objects that are prerequisite
for the text line segmentation. Algorithm quality and
robustness is examined by three different multi-line text
experiments [14]. The results are evaluated by RMSE
method. All obtained results are presented as well as com-
pared with the basic Gaussian kernel method. Further,
comparative analysis and discussion is made. The strength
of this approach in text segmentation domain is mandatory.
Its improvement is based on the expansion of the growing
areas around the text. Still, a careful decision making about
choosing adequate parameter values is necessary. Opti-
mized Gaussian kernel parameters values are K, A pairs
{15, 3}, {15,4}, {20,2} and {20, 3}. They are strongly
related to the text letter heights. Hence, the appropriate
Gaussian kernel size value is: for height 15-20% H;, and
for length 40-60% H.,. At the and, to solve some “weak-
ness” of the proposed algorithm, further investigation
should be made toward creating optimal, adjusted and
dilated Gaussian kernel rotated by the initial skew step.
This way, the text line segmentation will be more errorness
prone, further leading to more robust algorithm.

Appendix

Tables referencing obtained results are given below.

Number of objects

Isotropic Extended Gaussian Kernel
A=RK| 1 2 [ 3] 4]5]6] 778
a K=5
0° 182 88 65 | 62 | 39 | 27 | 25 | 23
5° 180 82 66 | 62 | 43 | 29 | 25 | 23

10° 193 86 67 63 55 30 | 27 26
20° 203 86 72 62 55 14 12 8
30° 180 92 79 63 44 | 30 13 11
40° 185 101 80 60 | 44 | 41 25 13
50° 187 111 53 50 | 49 | 46 35 31
60° 182 128 66 51 51 50 | 48 | 43
70° 197 142 96 75 62 56 52 | 46
80° 190 170 | 109 | 99 94 | 93 81 71

a K=10
0° 77 62 27 | 23 24 | 25 | 24 | 22
5° 82 62 27 19 16 9 9 9
10° 78 62 17 10 10 10 10 10
20° 75 42 10 7 7 8 9 9
30° 45 43 20 11 7
40° 44 42 32 11 7 5 2 2
50° 44 42 38 | 24 11 11 11 11
60° 45 43 42 29 29 29 29 29
70° 73 43 41 31 27
80° 77 45 43 33 10
a K=15
0° 43 7 7 7 9 9 9 9
5° 43 7 7 8 9 9 9 9
10° 43 8 8 8 8 8 8 8
20° 43 8 7 7 9
30° 43 15 7 6
40° 43 22 7
50° 43 34 7
60° 43 39 16 16 16 16 16 16
70° 43 41 25
80° 43 41 28
a K=20
0° 41 7 9 9 9 9 9 9
5° 39 7 8 9 9 9 9 9
10° 41 7 7 7 7 7 7 7
20° 40 7 7
30° 38 7
40° 39 8
50° 39 7
60° 41 9 9 9 9 9 9 9
70° 41 19
80° 41 25
Tab. 1. The results from multi-line text segmentation test
(a cell with sign / represents segmentation error).
Number of objects
Isotropic Extended Gaussian Kernel
A=RK| 1 2 [ 3 [ 4]s5]6]7]s
& K=5
1/8 18 15 15 15 1212 ]12]12
1/4 18 18 18 18 6 | 3 3 3
1/3 24 21 21 12 6 3 3 3
1/2 24 21 21 21 |12 9 1 6 | 6
£ K=10
1/8 15 15 12 12 | 3 3 3 3
1/4 18 18 3 3 3 3 3 3
1/3 21 12 3 3 3 3 3 3
1/2 21 21 6 3 3 3
& K=15
1/8 15 12 3 3 3 3 3 3
1/4 18 3 3 3 3
1/3 21 3 3 3 3 3 3 3
12 21 3 3 3
£ K=20
1/8 12 12 3 3 3 3 3 1
1/4 18 3 3
1/3 3 3 3 3 3 2 1 1
12 21 3 3

Tab. 2. The results from the multi-line waved text experiment

(a cell with sign / represents segmentation error).

Number of objects

Isotropic Extended Gaussian Kernel
A=RIK 1 2 [ 3] 4]s5]6]7]38
1) K=5
5° 45 12 9 9 9 16 6|6
10° 39 9 9 9 9191616
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15° 40 9 9 9 9 9 6

20° 40 12 9 9 9 9 9 6
] K=10

5° 12 9 6 6 6 6 3 3

10° 9 9 9 6 3 3 3 3

15° 12 9 9 6 3 3 3 3

20° 12 9 9 6 3 3 3 3
] K=15

5° 9 6 6 6 3 3 3 3

10° 9 6 3 3 3 3 3 3

15° 9 9 6 3 3 3 3 3

20° 9 9 3 3 3 3 3 3
1) K=20

5° 9 6 6 3 3 3 3 3

10° 9 6 3 3 3 3 3 3

15° 9 6 3 3 3 3 3 3

20° 9 6 3 3 3 3 3 3

Tab. 3. The results from the multi-line fractured text
experiment.
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