2016 15th International Conference on Frontiers in Handwriting Recognition

Document Image Binarization using Structural Symmetry of Strokes

Fuxi Jia, Cunzhao Shi, Kun He, Chunheng Wang and Baihua Xiao
The State Key Laboratory of Management and Control for Complex Systems
Institute of Automation, Chinese Academy of Sciences (CASIA)
Beijing, China
Email: {jiafuxi2014, cunzhao.shi, hekun2014, chunheng.wang, baihua.xiao}@ia.ac.cn

Abstract—In this paper, a novel local threshold binarization
method using structural symmetry of strokes is proposed.
Different from most existing local threshold methods which
use the whole region to compute the threshold, we estimate
the local threshold by only using the structural symmetric
pixels (SSP) of the region so as to suppress the non-text pixels
and maintain the text ones as well. The SSP is defined as
those pixels around strokes whose gradient magnitudes are
big enough and directions are opposite. As the gradient map
is our basis for computing the SSP, we further propose to
estimate background surface first and extract potential SSP
in the compensated image so as to deal with degradations of
document images such as uneven illumination, low contrast
and stain. To prove the effectiveness of our method, tests on
two public document image datasets are preformed and the
experimental results show that our method outperforms other
local threshold binarization approaches on both F-measure and
PSNR.
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I. INTRODUCTION

Optical character recognition (OCR) has been one of
the earliest and most active topics in pattern recognition
due to its scientific significance and practical applications.
Binarization is an indispensable part of OCR since it is the
basis of entire system. Although a lot of binarization meth-
ods have been applied in different situations successfully,
there are still many unsolved problems in document images
which have different types of degradation such as uneven
illumination, bleeding-through and stain.

By definition, text binarization means labeling each pixel
in the image as text or background. In current techniques,
thresholding is one of the most useful methods for document
images [1]. It is further divided into the global and local
thresholding techniques. The global threshold approaches
select a static threshold for the whole image, such as
Otsu’s [2], kittler’s [3] and Brink’s [4] methods. These
techniques can work well on even background images but
fail on complex background images. The local threshold
approaches compute a local threshold based on the infor-
mation in the neighborhood of each pixel. In Bernsen’s [5]
method, the threshold is a function of the lowest and highest
gray values. In Niblack’s [6] and Sauvola’s [7] method, it
is a function of the mean and standard deviation. Eikvil
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Figure 1.  The illustration of structural symmetric pixels (SSP). We
estimate the local threshold by only using SSP in neighborhood so as to
suppress the possible random noise and background disturbance. (a) The
motivation of SSP : pixels around strokes contain both text and background
candidates. (b) Completed SSP (white pixels represent Non-SSP, black and
gray pixels denote text and background candidates respectively). The blue
arrows denote the gradient orientations of stroke edges.

et al. [8] divide an input image into blocks and choose
different binarization methods for each block. Some other
literatures [9] [10] are published based on the similar idea.
Although these local techniques can work better than global
ones in some images, they are sensitive to background
noises due to large variance such as uneven illumination
or bleeding-through degradation. The reason might lie in
the fact that the local threshold is estimated by all pix-
els in neighborhood including the possible random noise
and background disturbance. To suppress the noises, Lu et
al. [11] compute the local threshold based on the detected
text stroke edges and the performance is improved to some
extent. Additionally, similar to Gatos’s [12], Su’s [13] and
Moghaddam’s [14] methods, Lu et al. [11] estimate the
background first and then binarize the compensated image
instead of the original one so as to solve the problem of
complex background. Other non-threshold approaches have
been reported, including Markov Random Field [15] [16],
self-learning [17] gabor filters [18] [19] and Laplacian
energy [20] [21], these methods combine different types
of image information and domain knowledge and are often
complex.

In this paper, the structural properties of strokes have
been utilized and we estimate the local threshold by only
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Figure 2.

using the structural symmetric pixels (SSP) of the region
so as to suppress the non-text pixels and maintain the text
ones as well. As shown in Fig. 1, the SSP is defined
as the pixels around strokes which contain both text and
background candidates and these pixels have big gradient
magnitudes and opposite gradient directions. In order to deal
with degradations of document images, we further propose
to estimate background surface first and then extract gradient
map in the compensated image. Experiments on two public
document image datasets are preformed and the results
show that our method outperforms other local threshold
binarization approaches on both F-measure and PSNR.

The remainder of this paper is organized as follows: In the
section II, we introduce the proposed binarization method.
The concrete experiments are presented in the section III,
and conclusions are drawn in section IV.

II. THE PROPOSED METHOD

Fig. 2 shows the flowchart of the proposed pipeline. Given
a document image, firstly, we extract the potential SSP by the
following three substeps: estimating the background surface,
compensating the variation of background and computing
the binarized gradient map. Then we compute the local
threshold based on SSP for each pixel after the judgment on
density and symmetry of potential SSP. The concrete proce-
dures will be introduced in subsection A and B, respectively.

A. Potential SSP Extraction

In order to suppress the non-text pixels, we estimate the
local threshold by only using stroke-related pixels instead of
the total ones in neighborhood. A fact can be observed that
the pixels around strokes contain both text and background
candidates and they are suitable for threshold estimation.
This is the motivation of the SSP definition. Fig. 1 is a
illustration of SSP. Pixel set L and R denote the two vertical
edges in Fig. 1(a). In L, the gradient orientations are towards
left while they are towards right in R. In addition, both
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(c) Binarized gradient map from image (a)

(d) Binarized gradient map from image (b)

Figure 3.  The process of potential SSP extraction: From (a) to (b),
ended at (d). As we can see, the undetected stroke edges caused by the
uneven background of original image are restored through the background
compensation process.

text and background candidates exist in each edge and the
quantities of them are roughly equal. Then, pixels in the
union of set L and R are called local SSP since they have
opposite direction symmetry and dual intensity symmetry in
neighborhood. As shown in Fig. 1(b), the completed SSP
denote edge pixels which satisfy the direction and intensity
symmetry constraints. Then edge pixels are called potential
SSP because they may contain some asymmetric noises.

Since the gradient map is responsive to both sides of
the stroke edges, we extract potential SSP by binarizing
the gradient magnitude image. For some document images
suffering from different types of degradations such as uneven
illumination or document smear, the gradient map may
be binarized improperly. In particular, Fig. 3(c) shows an
example that some SSP is not detected because of the low
intensity contrast in the right side of image. For this reason,
we estimate the background surface and compensate the
variation of degradation to obtain an appropriate gradient
map. Three procedures will be implemented as follows.

1) Estimating background image: Firstly, the input image
of which the size is M x N is divided into some non-
overlapping blocks of which the size is P x Q. Then
Sauvola’s [7] thresholding method is used for each block
b as follows:

T(b) = m(b)[1 + k(% ~1)] b=1,2,...PxQ. (1)

where m(b) and o (b) are the mean and standard variation of
the intensities on block b. The parameter R is set to be 128
in the 8-bit input image and k is set to be 0.2 experimentally.
For each block b, the background intensity value is computed
by the mean of pixel intensities which are bigger than T'(b).
Finally, resize the P x @) image into M x N background
surface which refers to as B;

2) Compensating the variation of background: The doc-
ument contrast compensation is performed by using the
estimated background surface B as follows:

I
Inorm = — X ¢

= @



where ¢ is a coefficient of intensity range of I,5pm. In
experiment, the minimum and maximum values of I,,orm
are normalized linearly as O and 255, respectively. Fig. 3(b)
shows the normalized image of the input image in Fig. 3(a).

3) Computing binarized gradient map: In order to ensure
the intensity symmetry of potential SSP, we need to detect
double-edges in the images. The sobel operator is used to
obtain the gradient of each pixel in the normalized image
Lnorm- It is believed that the variation of the background
is compensated by the process of image normalization.
Therefore the gradient amplitude can be binarized by a
global threshold value and the threshold is computed based
on otsu’s [2] method. Then some techniques are used to
remove small noises in the binarized gradient image.

After the above processing, the potential SSP is extracted:
the binarized gradient image indicates its positions and the
original image I indicates the intensities. Fig. 3(d) shows
the binarized gradient map. Compared with Fig. 3(c), we
can see that the undetected stroke edges caused by the
uneven background of original image are restored through
the background compensation process.

B. Local Threshold Binarization

In this paper, we use the mean intensity value of SSP
in neighborhood as the local threshold due to the intensity
symmetry of SSP. But the threshold can not be computed
by potential SSP directly because there may contain some
asymmetric noises in it. Therefore, some preprocess steps
need to be done. For each pixel p in the image, its label is
defined as text first. Then the label is changed to background
directly if its local SSP can not satisfy the density or
symmetry constraint. Otherwise, it will be determined by
the local threshold computed based on local SSP. Fig. 4 is
a illustration of the total processes.

1) Judging density of potential SSP: Firstly, computing
the number of pixels of the local SSP according to pixel p.
If the number is smaller than a threshold, p will be defined
as background. The process can be specified as follows:

|1 p € potential SSP
S(p) = { 0 else G)
Ntotal(p) = Z S(Q) (4)
gEN,
_ 0 Ntotal (p) < ok Wstroke
Lp) = { L(p) else ©)

where L denotes the label map of the image (1’ denotes text
and 0’ denotes background), SSP mask map S(p) denotes
whether the pixel p belongs to potential SSP. N, is the
neighborhood window of the pixel p. Niotqi(p) denotes the
total number of local SSP corresponding to pixel p. Wiroke
denotes the stroke width in the image and is a significant
input parameter of binarization method. « is a coefficient
of threshold. Fig. 4(f) shows three local windows: there are
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Figure 5. The eight angle ranges of gradient orientations for direction
symmetry judgement: Aj, As

only a few potential SSP in W; and W5 and no SSP in W3
at all. The binarized image only processed by this step is
shown in Fig. 4(b).

2) Judging symmetry of potential SSP: The local SSP
corresponding to text pixel must satisfy the direction and
intensity symmetry constraints. Otherwise, the pixel should
belong to background class. Therefore, we label pixel p as
background if its local SSP is not symmetric.

Since the direction and intensity symmetries come in pairs
and the direction one is defined more easily than the other,
we only define and check the symmetry of direction. We
divide angle plane into eight overlapping intervals, as shown
in Fig. 5. They are evenly distributed throughout the plane
of 360 degrees and each one of them is a range of 135
degrees. A; denotes the ¢ th group of the eight angle ranges,
1 = 1,2,..,8. If the gradient orientations focus on only one
group, the local SSP is determined to be asymmetric. The
process can be specified as follows:

Norint(p,i) = > S(q) 6)
qEN,,Orint(q)€A;
No(p) = Hl?X Norint (P7 'L) (7)
_ 0 No(p) > ﬂ * Ntotal(p)
Lip) = { L(p) else ®)

where Orint(q) denotes the gradient orintation of the pixel
g. In the local SSP corresponding to pixel p, N,(p) denotes
the max number of pixels among eight ranges. [ is a
coefficient of threshold, it is set 0.75 in this paper. Three
asymmetric local windows are shown in Fig. 4(g): Wy, W5
and Wy focuses on As, Az and As. The binarized image
processed by first two steps is shown in Fig. 4(c).

3) Computing local threshold: The mean intensity of
local SSP corresponding to the pixel p is defined in Eq.
9. Considering the purpose to make the binarized strokes
thicker or thinner, the offset term ¢ is added in the Eq.
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Figure 4. The illustration of binarization process. (a) Input image. (b)-(d) Binarization images achieved by density judgement, symmetry judgement and
local threshold sequentially. (e) Binarized potential SSP. (f)-(h) Different local windows processed in density judgement, symmetry judgement and local

threshold steps respectively.

10. Generally, the bigger ¢ is assigned the thicker stroke
is binarized. In this step, pixel p will be labeled as text if
its intensity is smaller than local threshold, otherwise it will
be labeled as background. Fig 4(h) shows some symmetric
windows. The final binarization image is shown in Fig. 4(d).
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Fig. 4 gives an intuitive example which demonstrates the
significance of each binarization step. In the first step, the
two little noises in the upper left corner are labeled as
background because of their low SSP density. Then pixels
around the big block noise which lies in the upper right
corner will be removed since their gradient orientations can
not satisfy the direction symmetry constraint. Finally, the
clear binarization image shown in Fig. 4(d) demonstrates the
effectiveness of our local threshold computation method.

III. EXPERIMENTAL RESULTS

In this section, the performance of the proposed method
is evaluated on the DIBCO 2009 [22] and DIBCO 2013 [23]
datasets, which consist of 10 and 16 different degraded,
handwritten or printed images with their binarized ground
truth images, respectively. To demonstrate the effectiveness
of our binarization method, the proposed technique is e-
valuated between internal processes first. Then it is com-
pared with other binarization algorithms including Otsu’s [2]
global thresholding method, Niblack’s [6], Sauvola’s [7],
Howe’s [20] and Lu’s [11] local thresholding methods. In
our experiment, parameters for the frontal four methods
were chosen by selecting the best among several runs with
different parameters. For Lu’s method, the results are from
their paper [11].
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Table 1
COMPARISON OF THE PROPOSED METHOD WITH DENSITY AND
SYMMETRY JUDGEMENT OR NOT

Method F PSNR
ours without
density judgment 89.37 17.63
DIBCO 2009 ours without
. 90.93 18.36
symmetry judgment
ours 91.37 | 18.49
ours without
density judgment 87.45 18.24
DIBCO 2013 ours without
. 89.21 19.14
symmetry judgment
ours 89.50 | 19.30

The evaluation measures from the DIBCO report [22][23]
are including F-measure and peak signal-to-noise ratio (P-
SNR). In particular, the two metrics is defined as follows:
2xPxR

P+ R an
where P and R denote the binarization precision and recall,
respectively.

F =

02
MSFE

PSNR = 10log( ) (12)

M
>

r=1

S (Laa)—L' (@)

where MSE TN , C denotes the
difference between text and background and equals to 1 in
the label map level. Both of the two metrics measure how
close the binarization result image is to the ground truth
image.

A. Comparisons with density and symmetry judgement

To prove the necessity of the density and symmetry judge-
ment processes quantitatively, we did a series of experiments
on the two datasets. We skip the density and symmetry
judgement respectively in the first two experiments and run
the total steps in the last one. In order to avoid confusion,



Table IT
EVALUATION ON DIBCO 2009 DATASET

Method P R F PSNR
Otsu’s [2] 73.66 | 94.25 78.60 15.31
Niblack’s [6] | 43.74 | 71.13 51.17 9.25
Sauvola’s [7] | 86.77 | 86.02 85.12 16.33
Howe’s [20] 87.95 | 93.20 90.37 18.05
Lu’s [11] - - 91.24 18.66
ours 91.32 | 91.68 | 91.37 18.49
Table III
EVALUATION ON DIBCO 2013 DATASET

Method P R F PSNR
Otsu’s [2] 83.16 | 84.73 80.04 16.63
Niblack’s [6] | 42.25 | 72.31 50.53 10.01
Sauvola’s [7] | 87.22 | 83.33 82.72 17.02
Howe’s [20] 88.76 | 89.72 87.66 19.02
ours 9235 | 88.03 | 89.50 | 19.30

parameters of the three kinds of experiments are set to be the
same. As shown in table I, both the F-measure and PSNR of
results without density judgement are quite lower than the
completed ones due to the great quantity of small noises in
history documents. The performance produced by skipping
the symmetry judgement is slightly poor and the reason lies
in the fact that the big block noises are fewer than the
small ones. Therefore, the three steps of our method are
indispensable.

B. Comparisons with other binarizaton methods

Experimental results of different binarization methods on
the two datasets are shown in Table II and Table III. As
can be seen in tables, our proposed method based on SSP
outperforms most other methods in DIBCO 2009 database
and achieves the highest score in both F-measure and PSNR
in DIBCO 2013 database. Compared with Otsu’s global
thresholding technique, the performance of our method is
higher due to the background compensation process which
can balance the uneven background. The performance of
the Niblack and Sauvola’s local thresholding method is
inferior to ours. This is because the SSP in local window
can suppress the random noise and background disturbance.
Compared with Lu’s method which achieves the best per-
formance in the competition DIBCO 2009, our method use
a fixed value of stroke width for the whole datasets and the
background estimation method is simple. We achieve higher
F-measure thanks to the structural symmetry of SSP. But the
PSNR score is slightly lower, the reason might lie in that we
do not take any post-processing operations in experiment.

Fig. 6 shows the experimental results of different binariza-
tion methods. Otsu’s method performs poorly on the image
with uneven background but achieve acceptable result in the
image without background interference, as shown in Fig.
6(e)(f). The binarization results of Sauvola’s method shown
in Fig. 6(g)(h) are applicable for uneven background image
but too sensitive to bleeding-through noises. Our method
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Figure 6.  binarization results of two document images. (a)-(b) input
images. (c)-(d) binarization ground truth. (e)-(f) results of otsu’s [2] method.
(g)-(h) results of Sauvola’s [7] method. (i)-(j) results of ours method

produces better results thanks to the structural properties of
SSP. On one hand, the background estimation can suppress
the global uneven background. On the other hand, the
structural symmetry of strokes can suppress the non-text
pixels and maintain the text ones as well in local window.

IV. CONCLUSION

This paper presents a novel document binarization method
using structural symmetry of strokes. We only use the SSP
to estimate the local threshold in neighborhood so as to
suppress the non-text pixels. In order to extract SSP properly
and weaken the influence of document degradations, we
estimate the background surface first and then use the
compensated image to detect stroke edges. Experimental
results on two public datasets show that our method can
achieve superior performance for degraded document image
binarization.
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