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Abstract
In this paper, we propose two new methods for the binarization of noisy gray-scale character images obtained in an
industrial setting. These methods are different from other conventional binarization methods in that they are specially
designed to detect only character-like regions. They exploit the fact that characters are usually composed of thin lines
(strokes) of uniform width. We first model the shape of the cross section of a character stroke and discuss how to detect
the character stroke. Then, ALGORITHM I, which is a direct realization of our basic idea, is introduced, followed by an
advanced algorithm named ALGORITHM II. The key to these algorithms is the local binarization-voting procedure.
The performance of our methods is evaluated and compared with that of five other binarization methods using 550 slab
ID number images, where a common character segmentation routine is attached to each of the different binarization
routines and the segmentation success rate for each method is obtained. Experimental results show that ALGORITHM
II results in far better performance than the other methods.  1999 Pattern Recognition Society. Published by Elsevier
Science Ltd. All rights reserved.
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1. Introduction
Binarization of gray-scale character images is a crucial
step in off-line character recognition. Good binarization
facilitates segmentation and recognition of characters.
Binarization of gray-scale character images is not easy
due to noise caused by various noise sources, which can
be divided into two main categories. One is electronic
devices used for image acquisition (scanners, CCD
cameras, frame grabbers and so on) and the other is
anything that directly distorts the shape of written or
printed characters from which images are obtained. In
general, character images obtained by CCD cameras in
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an industrial setting contain more noise than document
images in OCR forms, since characters to be recognized
are exposed to a variety of noise sources such as dirty
materials, scratches, uneven surfaces, aging, varying outdoor illumination and so on [1]. This is the case we are
going to deal with, where more intelligent binarization
methods are needed.
More specifically, this paper deals with the binarization of the gray-scale images of ID numbers printed on
slabs produced in steel factories. We collected 550 slab
images in total, and categorized them into three
classes—Class A,B, and C—according to their image
qualities. Fig. 1 shows one of slab images we used for
our experiments. The quality of this image is better than
the average quality of Class B, but worse than that of
Class A.
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Fig. 1. An example of a slab image.

Fig. 2. Shapes of cross sections in several places of a noisy gray-scale character image.

Many binarization algorithms have been suggested in
the past. In the early days, global thresholding techniques
were developed [2—4], then followed by locally adaptive
binarization methods [5—9]. Recently, several researchers
proposed new methods in which skeletons of characters
are detected directly by extracting topographic features
[10—12]. We applied these previous methods to our test
images, but failed to get satisfactory results.
It is our opinion that traditional binarization methods
are too general to binarize noisy character images since
they are intended to detect relatively bright regions regardless of their shapes, neglecting the fact that characters are usually printed with equal stroke width. As can
be seen in Fig. 1, there exist many valleys and holes which
are darker than their neighborhoods. It was observed
that most conventional binarization methods, when applied to such an image, failed at the boundaries of such
regions, which was the expected result.
In this paper, we propose two new algorithms—
ALGORITHM I and ALGORITHM II—for the binarization of noisy gray-scale character images. They
essentially exploit the fact that, as mentioned above,
characters are composed of thin lines (strokes) of uniform
width. In this case, we can think of a binarization problem
as a kind of thin line detection problem.
In Section 2, we model the shape of the cross section of
a gray-scale character image. Our two algorithms, which
are motivated by the considerations of Section 2, are
described in Section 3. In Section 4, experimental results
are shown, followed by conclusions in Section 5.

2. Modeling the shape of the cross section of a gray-scale
character image
In Fig. 2, possible shapes of cross sections in several
places of a noisy gray-scale character image are

illustrated. Fig. 2a represents the ideal shape of the cross
section of a character stroke, while Fig. 2b—d represent
the cross sections of the background which should be
distinguished from a.
Fig. 2b depicts the case in which both a and b are so
small that they are below some threshold. In the case of
Fig. 2c, a is meaninglessly small whereas b is so large that
it is above the given threshold. Fig. 2d shows the case in
which both a and b are greater than the threshold value
but the width ¼ is relatively large compared to that of an
ordinary character stroke. Obviously, conventional binarization methods have the common problem that they
detect bright regions in c and d as well as in a. The
methods using topographic features also have a problem
in that they detect ridges not only in a but also in b and c.
We must find the way to exclude the cases of b—d when
detecting character regions.
We can infer from Fig. 2, three conditions of a character stroke as follows:
E ¼, the width of a stroke, is almost the same through
all strokes of characters.
E a and b, the intensity differences between the foreground and the background in the boundaries of
a stroke, should be greater than some threshold value.
E H, the intensity of a character region, is locally uniform
and always larger than that of the background in the
neighborhood.
In this paper, two algorithms are proposed which are
designed to detect only regions that satisfy the three
conditions of a character stroke described above. Section
3.1 introduces ALGORITHM I, which is a direct realization of the underlying idea of our method. ALGORITHM II, which is an advanced version that makes up
for weakness in ALGORITHM I, is given in Section 3.2.
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3. Proposed binarization algorithms
3.1. Algorithm I
In Fig. 3, the overall flow of ALGORITHM I is given.
ALGORITHM I begins by detecting edges whose positions are good starting points to find character regions
since, as can be seen intuitively in Fig. 2, character
strokes correspond to relatively bright regions enclosed
by pairs of parallel edge lines. In Fig. 4, a scene near the
character region is illustrated. Here, the center of a 5;5
window ¼ whose size is about twice the width of

a stroke, is placed at an edge pixel position (i, j). By simple
binarization of the input gray-scale image inside the window ¼ , we can determine which pixels belong to

a bright region in the neighborhood of (i, j). Since it is
reasonable to assume that the character region and the
background region have locally uniform intensity values,
binarization of Fig. 4a inside ¼ will produce a result


Fig. 3. The overall flow of ALGORITHM I.
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like Fig. 4b. We can use as a threshold value an arithmetic mean of the maximum and minimum pixel values
within a 3;3 inner window ¼ . In order to determine

whether the above-threshold region is enclosed by a pair
of parallel edge lines, the distance between which is
approximately equal to the given stroke width, voting for
that region is performed. In other words, each element of
a score array S belonging to the above-threshold region
is incremented by 1. After the binarization-voting procedure is carried out at every edge pixel position, the
score array, which contains a voting result for each pixel,
is binarized globally with a fixed threshold value. Finally,
postprocessing is performed.
Fig. 5 illustrates the shapes of cross sections of several
intensity images in the first row and their corresponding
score arrays in the second row. In fact, each case of Fig.
5 corresponds to that of Fig. 2. Let N denote the width

of ¼ and assume N "5 in these examples. Fig. 5a


shows the case where the distance between two parallel
edge lines is approximately N /2+2. In this case, which

corresponds to the case for most character regions, score
elements between the edge lines will have the value
2N "10, which is evident from Fig. 4a. Fig. 5b shows

a trivial case where scores are all 0 since no edges have
been detected. In the case of Fig. 5c, where only one edge
line has been detected, only score elements adjacent to
the edge line will have the value N "5. Finally, Fig. 5d

illustrates the case in which the distance between the two
edge lines detected is somewhat greater than N /2+2.

In such a case, only in the middle of the region between
the edge lines will scores be 2N "10. If we threshold

the score arrays with the value 3N /2"7.5, only two

regions R and R in Fig. 5a and d will remain. R can be



effectively removed by using the fact that gradients of
gray-scale pixel values at the boundary of R are greater

than those of R , which is what the postprocessing stage


Fig. 4. Local binarization and voting near the character region.
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Fig. 5. The shapes of cross sections of several intensity images and their corresponding score arrays.

does. Therefore, we can obtain the desired binarization
result. The detailed algorithm is as follows.

if ¼ (i, j) [m, n]*t(i, j), where


Edge detection:

P (i, j)#P (i, j)

t(i, j)" 
2

(1) Smooth out an input gray-scale image I with a Gaussian filter. Let I denote the resulting image.

(2) Get an edge image I
from I . Edge pixels are


assigned the value 1 and the others are assigned the
value 0. We used a facet-based zero-crossing edge
detector to extract fine edges [13].
¸ocal binarization and voting:
(3) Create a score array S with the same size as I. Initialize each element of S with 0.
(4) Place an N ;N window ¼ (i, j) and an N ;N





window ¼ (i, j) on I [i, j], where I [i, j]"1



(Fig. 4a). The values of N and N are dependent on


the width of strokes to be detected, and N )N .


(5) If we define ¼ (i, j) [k, l] and ¼ (i, j) [m, n] as


¼ (i, j) [k, l],I [i#k, j#l]


for!N /2)k, l)N /2,


¼ (i, j) [m, n],I [i#m, j#n]



(1)

for!N /2)m, n)N /2,


and let P (i, j) and P (i, j) denote the minimum


and the maximum values of ¼ (i, j) [k, l] respective
ly, then, do for !N /2)m, n)N /2,


S[i#m, j#n]QS[i#m, j#n]#1

(2)

(3)

(Fig. 4b).
(6) Repeat steps (4) and (5) at every pixel position satisfying I [i, j]"1.

Global thresholding:
(7) Binarize the resulting score array S with a threshold
t to obtain an image I . If we let the size of ¼ be
Q


twice the width of a stroke, t is given by 3N /2.
Q

Postprocessing:
(8) Apply Yanowitz and Bruckstein’s postprocessing algorithm to I to remove unnecessary connected

components [9]. Yanowitz and Bruckstein’s method
can be stated simply as follows. After an input image
is smoothed by a low-pass filter, the average of gradient magnitudes of gray-scale pixel values at the
boundary of each connected component is calculated.
Then, connected components having an average gradient magnitude below a given threshold are removed.
The intermediate and final results of ALGORITHM
I when applied to the image in Fig. 1 are shown in Fig. 6.
Note that other postprocessing algorithms specific to the
application can be used before or after step (8) in the
above procedure. We removed horizontally long connected components before step (8).
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Fig. 7. The overall flow of ALGORITHM II.

¸ocal binarization and voting:

Fig. 6. ALGORITHM I: (a) Edge image I
(b) Score array

S (c) Binarized score array I (d) Final result.


3.2. A¸GORI¹HM II
The overall flow of ALGORITHM II is shown in Fig.
7. It is evident that the performance of ALGORITHM
I depends heavily on the performance of the edge detector used. It was observed in the experiment that thin
lines (strokes) were detected broken when some edge
pixels were missing. In ALGORITHM II, no explicit
edge detector is used, thereby avoiding the dependence
on an edge detector. A binarization-voting procedure
which is slightly different from that of ALGORITHM I is
performed at every pixel position. The difference between
the maximum and the minimum pixel values inside ¼ is

used as a local contrast measure which has a direct
influence on score evaluation.
Another difference of ALGORITHM II from ALGORITHM I is that a process called background equalization
is added. The uneven surface of the background in an
input gray-scale image is iteratively smoothed out
through background equalization. During background
equalization, m, the normalized sum of gray-scale pixel
values inversely weighted by scores computed at the
previous stage, is calculated in the neighborhood of each
pixel p. If the value of p is less than m, it is replaced with
m. The resulting image serves as an input to the next
iteration. Then a new score is evaluated for each pixel. As
iteration goes on, valleys or holes in the input gray-scale
image are gradually filled up while character regions are
preserved. Instead of the input gray-scale image, the
background-equalized image is used during Yanowitz
and Bruckstein’s postprocessing stage. More formally,
ALGORITHM II consists of the following steps.

(1) Create a score array S with size equal to that of an
input gray-scale image I. Initialize each element of
S with 0.
(2) Place an N ;N window ¼ (i, j) and an N ;N





window ¼ (i, j) on I[i, j]. The values of N and


N are dependent on the width of strokes to be

detected, and N )N .


(3) If we define ¼ (i, j) [k, l] and ¼ (i, j) [m, n] as


¼ (i, j) [k, l],I[i#k, j#l]

for!N /2)k, l)N /2,


(4)
¼ (i, j) [m, n],I[i#m, j#n]

for!N /2)m, n)N /2,


and let P (i, j) and P (i, j) denote the minimum


and the maximum values of ¼ (i, j) [k, l] respective
ly, then, do for !N /2)m, n)N /2


S[i#m, j#n]QS[i#m, j#n]#s>(i, j)
if I[i#m, j#n]*t(i, j),

(5)

S[i#m, j#n]QS[i#m, j#n]!s\(i, j)
otherwise,
where
P (i, j)#P (i, j)

t(i, j)" 
,
2
1
s>(i, j)"
,
1#exp(!j(x!x ))

x"P (i, j)!P (i, j),


s\(i, j)"1!s>(i, j).

(6)
(7)
(8)
(9)

It is worth noting that s>(i, j) in Eq. (7) represents
a sigmoid function monotonically varying from 0 to
1. As j gets larger, s>(i, j) becomes closer to a thresholding function with the threshold x . Therefore,


748

J-H. Jang, K-S. Hong / Pattern Recognition 32 (1999) 743—752

score increment is proportional to the local contrast
P (i, j)!P (i, j), but is confined to be between


0 and 1.
(4) Repeat steps (2) and (3) at every pixel position. Then,
do S[i, j]Q0 for all i, j if S[i, j])0.
Background equalization:
(5) Create an array ¼ with size equal to that of S. Each
element of ¼ is given by





S[i, j]
¼[i, j]"exp !
.
2i

(10)

Note that Eq. (10) represents a function which monotonically decreases from 1 to 0 when S[i, j]*0.
(6) Create an array IM with size equal to that of I. The
background-equalized image IM is given by



b(i, j) if I[i, j](b(i, j),
I[i, j] otherwise,

IM [i, j]"

(11)

where
b(i, j)"m(i, j)#kp(i, j),

(12)

+

1
m(i, j)"
P

¼[i#k, j#l]
I J\+
;I[i#k, j#l],



p(i, j)"

1
P

(13)

+

¼[i#k, j#l]
I J\+



;I[i#k, j#l] !m(i, j),

(14)

+
P"
¼[i#k, j#l].
(15)
I J\+
m(i, j) and p(i, j) in Eq. (12) represent the mean and
the standard deviation of pixel values weighted by
¼ inside an M;M window placed on I[i, j]. p(i, j)

plays the role of boosting up the speed of background
equalization.
Iteration:
(7) Do IQIM .
(8) Repeat step (1)—step (7) K times.
Global thresholding:
(9) Binarize the resulting array S with a threshold t to
Q
obtain an image I .

Postprocessing:
(10) Perform the morphological closing operation with
a 3;3 squared SE (structuring element).
(11) After CRE (connected region extraction), connect
neighboring CR’s having small dissimilarity with
appropriate SE’s. Let m(i) and p(i) denote the mean
and the standard deviation of gray-scale pixel values
belonging to the ith CR, C(i). The dissimilarity d between two CR’s C(i) and C( j) is given by
d""m(i)!m( j)",

(16)

and C(i) and C( j) are connected if d(kp(i) and
d(kp( j).
(12) Perform Yanowitz and Bruckstein’s postprocessing
step. It should be noted that in ALGORITHM
II, gradient magnitudes are computed from the
background equalized image IM instead of the input
image I.
The intermediate and final results of ALGORITHM II
when applied to the image in Fig. 1 are shown in Fig. 8.
Note that the background equalized image in Fig. 8c has
an almost uniform background while its character regions are preserved, which makes it easier to remove
unnecessary connected components in the postprocessing stage.

Fig. 8. ALGORITHM II : (a) Score array S after one iteration (b) Score array S after ten iterations (c) Background equalized image after
ten iterations (d) Binarized score array I (e) Result after postprocessing step (11) (f) Final result.
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4. Experimental results
As mentioned in Section 1, we collected 550 slab images in total, and categorized them into three classes—
Class A, B, and C—according to their image qualities.
Our two algorithms were tested with these images. Five
other binarization methods were also tested for the purpose of comparison. They were chosen based on Trier
et al.’s experimental results [14,15], and are listed below.
E Bernsen’s method [5].
E Eikvil et al.’s method [6].
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E Niblack’s method [7].
E Trier and Taxt’s method [8].
E Yanowitz and Bruckstein’s method [9].
We first selected 10 images which have different
characteristics and set parameters for each method so
that the best binarization results were obtained. In
ALGORITHM I, we set N "3, N "7, t "10, and


Q
in ALGORITHM II, we set N "3, N "5, j"0.1,


x "7.0, i"5.0, M"11, k"0.4, t "11.0, K"10.

Q
In Fig. 9, binarization results for two sample images
which were not used for parameter tuning, are shown.

Fig. 9. Binarization results : (a) Input gray-scale images (b) ALGORITHM I (c) ALGORITHM II (d) Bernsen’s method (e) Eikvil et al.’s
method (f) Niblack’s method (g) Trier and Taxt’s method (h) Yanowitz and Bruckstein’s method.
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The sample images given have very different characteristics. The left image in Fig. 9a has a noisier background
than the one on the right. On the other hand, the contrast
between a foreground and a background is much lower
in the right image than the left one. It is easily observed
from the figure that ALGORITHM II gives better results
than the others for both sample images.
To evaluate the performance of each binarization
method quantitatively, we attached the same character

segmentation routine to each of the different binarization
routines. Then, we obtained a segmentation success rate
for each method. Fig. 10 shows an example of a segmentation result which is obtained by applying the segmentation algorithm to the binarization result shown in Fig. 8f.
For this evaluation, since each character is printed on
a slab with approximately equal width, we employed
a classical dissection method based on projection analysis
[16]. Therefore, no character classifier is involved in the

Fig. 10. An example of a character segmentation result.
Table 1
Segmentation success rate and execution time for each binarization method
Binarization
method

Class A
(133 images)

Class B
(246 images)

Class C
(171 images)

Total
(550 images)

ALGORITHM I

122
91.7%
121
91.0%
100
75.2%
113
85.0%
116
87.2%
107
80.0%
92
69.2%

188
76.4%
219
89.0%
121
49.2%
148
60.1%
135
54.9%
144
58.5%
124
50.4%

93
54.4%
118
69.0%
35
20.5%
39
22.8%
44
25.7%
60
35.1%
41
24.0%

403
73.3%
458
83.3%
256
46.5%
300
54.5%
295
53.6%
311
56.5%
257
46.7%

ALGORITHM II
Bernsen
Eikvil et al.
Niblack
Trier /
Taxt
Yanowitz /
Bruckstein

Fig. 11. Segmentation success rates for the tested method (550 slab images).

Execution
time
1.7 s
5.0 s
0.65 s
1.1 s
0.4 s
0.5 s
39.2 s
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Table 2
Environment for the experiments
Computer
OS
Compiler
Image size

HP Vectra XU 6/200 (CPU : Pentium Pro
200Mhz, RAM : 64MB)
Windows 95
Microsoft Visual C## 4.0 (no optimization)
624;71

segmentation stage. The segmentation results are given in
Table 1 and Fig. 11. The execution time for each method
is also given in the table. These measurements were
obtained under the environment described in Table 2.
According to Table 1, the success rate of ALGORITHM
II is highest among all the methods tested, and ALGORITHM I gives the next highest success rate. The success
rates of ALGORITHM I and ALGORITHM II are
significantly higher than those of the other methods.

5. Conclusions
This paper has described new methods for the binarization of noisy gray-scale character images obtained in an
industrial setting. Our methods are specially designed to
binarize gray-scale character images more effectively by
using the fact that characters are usually composed of
thin lines of uniform width. We applied our methods and
other conventional methods to the binarization of steel
slab ID images, and experimental results show that our
methods give the best binarization results. These experimental results demonstrate that our methods are more
adequate than previous methods for the binarization of
noisy gray-scale character images.

6. Summary
Binarizaion of gray-scale character images is a crucial
step in off-line character recognition. Good binarization
facilitates segmentation and recognition of characters.
But, this is not an easy task as input gray-scale images
tend to be noisy. In general, character images obtained
by CCD cameras in an industrial setting contain more
noise than document images in OCR forms, since the
character to be recognized are exposed to a variety of
noise sources such as dirty materials, scratches, uneven
surfaces, aging, varying outdoor illumination and so on.
In particular, this paper deals with the binarization of the
gray-scale images of ID numbers printed on slabs produced in steel factories.
Numerous binarization algorithms have been suggested. In the early days, global thresholding techniques
were developed, subsequently followed by locally adaptive binarization methods. Recently, several researchers
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proposed new methods in which skeletons of characters
are detected directly by extracting topographic features.
We applied these previous methods to our test images,
but failed to get satisfactory results.
It is our opinion that traditional binarization methods
are too general to binarize noisy character images since
they are intended to detect relatively bright regions regardless of their shapes, neglecting the fact that characters are usually printed with equal stroke width.
In this paper, we propose two new algorithms—
ALGORITHM I and ALGIRITHM II—for the binarization of noisy gray-scale character images. They
essentially exploit the fact that, as mentioned above,
characters are composed of thin lines (strokes) of uniform
width. In this case, we can think of a binarization problem as a kind of thin line detection problem.
The basic idea involved in ALGORITHM I is that
strokes of characters correspond to relatively bright regions enclosed by pairs of parallel edge lines. In order to
find them, the center of a square window, whose size is
about twice the width of a stroke, is placed on each edge
pixel position, and simple binarization of the given grayscale image is performed inside that window. Next, voting for above-threshold pixels is carried out. After the
binarization-voting procedure is performed on every
edge pixel position, the score array, which contains a
voting result for each pixel, is binarized globally with a
fixed threshold value. Finally, Yanowitz and Bruckstein’s
postprocessing algorithm is applied to the binarized
score array to remove unnecessary connected components.
The performance of ALGORITHM I depends heavily
on the edge detector used. It was observed in our experiments that thin lines (strokes) were detected broken when
some edge pixels were missing. In ALGORITHM II, no
explicit edge detector is used, thereby avoiding the dependence on an edge detector. The score is evaluated at
every pixel position with an algorithm conceptually similar to that of ALGORITHM I.
Another difference of ALGORITHM II from ALGORITHM I is that a process called background equalization
is added. The uneven surface of the background of an
input gray-scale image is iteratively smoothed out through
background equalization. The background-equalized
image is used instead of the input gray-scale image in
Yanowitz and Bruckstein’s postprocessing stage.
We tested our two algorithms and five other binarization methods with 550 slab images. To measure the
performance of each method, we attached the same character segmentation routine to each of the different binarization routines. Then, we obtained a segmentation success
rate for each mehtod. According to our experiments, the
success rate of ALGORITHM II was highest among
all of the methods tested, and ALGORITHM I gave the
next highest success rate. This experimental result proves
that our methods are more adequate than previous
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methods for the binarization of noisy gray-scale character images.
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