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Abstract—In this work, a robust thresholding algorithm 
framework based on reconstruction and dimensionality 
reduction of the three-dimensional (3-D) histogram is 
proposed with the consideration of the poor anti-noise 
performance in existing 3-D histogram-based segmentation 
methods due to the obviously wrong region division. Firstly, 
our method reconstructs the 3-D histogram based on the 
distribution of noisy points which reduce its segmentation 
performance. Secondly, we transfer the region division in 3-
D histogram from eight partitions into two parts, thus 
reducing the searching space of threshold from 3-dimension 
to 1-dimension, which saves a lot of processing time and 
memory space. Thirdly, we apply the presented framework 
to global thresholding algorithms such as Otsu method, 
minimum error method, and maximum entropy method and 
so on, and propose corresponding robust global 
thresholding algorithms. Finally, segmentation result and 
running time are given at the end of this paper compared 
with those of 3-D Otsu’s method, Otsu method, minimum 
error method and maximum entropy method. The 
experimental results show that the presented method has 
better anti-noise performance and visual quality compared 
with the above four approaches, and has lower time 
complexity than 3-D Otsu’s method. 
 
Index Terms—image segmentation, threshold selection, 3-D 
histogram-based thresholding algorithm, Otsu algorithm, 
minimum error algorithm, maximum entropy algorithm 
 

I.  INTRODUCTION 

Image segmentation technique is widely used in the 
field of computer vision, pattern recognition and medical 
image processing and its purpose is to extract interested 
objects from complex background for further scene 
analysis and objects recognition[1-2]. Various methods 
for image segmentation have been developed so far [1-2]. 
Among them, automatic threshold algorithm becomes the 
most effective and popular technique in the field of image 
segmentation for its simpleness, effectiveness and 

understandability [2-21]. Its applications are such as 
document image processing [3-6], crack image detecting 
[7], and cell image segmentation [8], and so on.  

In Ref. [2] Sezgin et al. categorized the existing 
thresholding methods into six groups according to the 
information they are exploiting: histogram shape-based 
methods, clustering-based methods, entropy-based 
methods, object attribute-based methods, the spatial 
methods and local methods. Among them, the classic 
thresholding approaches include Otsu method [9], 
maximum entropy method [10] and minimum error 
method [11]. There are increasing literatures for the 
above three methods in recent decades. For example, 
after researching and analyzing 30 kinds of global 
thresholding methods, Sezgin et al. pointed out in their 
review that minimum error scheme had the best 
segmentation performance [2]. Using relative entropy 
theory, Fan et al. analyzed the minimum error method, 
which laid the theoretical basis of this method [12]. In 
processing defective images, Ng found that there were 
some misclassifications for Otsu method [7]. It is usual 
that the optimal threshold value exists at the valley of two 
peaks or at the bottom rim of a single peak. Using this 
character, Ng proposed a valley-emphasis Otsu method 
[7].  

For those multi-modal distributed images, several 
multilevel thresholding algorithms [13-16] were 
presented based on above classic global thresholding 
methods. In the researching of segmenting document 
images, due to uneven illumination, smudge, shadow and 
other factors, researchers used all kinds of pre-treatment 
technology to eliminate these interferences on images and 
then threshold those pretreated images with Otsu method 
[3-4]. Some researchers divided the image into several 
regions intelligently according to the character 
distribution feature in document images and then 
segmented every block by Otsu scheme [5]. Other 
researchers divided an image into several regions directly 
without prior knowledge and then binaries every part 
using Otsu approach [6]. All above mentioned global 
thresholding algorithms are based on 1-D histogram, 
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which have poor anti-noise performance. In order to 
overcome this drawback, researchers introduced 2-D 
histogram based global algorithms combined with the 
neighborhood mean information [17-19]. For better 
segmentation performance, 3-D histogram based 
algorithms are proposed combined the neighborhood 
median information with the 2-D histogram based global 
methods [20-21]. 

Considering the wrong region division of the 3-D Otsu 
fast recursive algorithm in Ref. [21], coupled with its 
time-consuming character, resulted in the robustness of 
this method is still weak. In order to overcoming the poor 
anti-noise performance, this work proposes a robust 
thresholding algorithm framework based on 
reconstruction and dimensionality reduction of the 3-D 
histogram. In this paper, we firstly indicate and correct 
the wrongly regions partitioning of the 3-D histogram 
based scheme. And then improve the anti-noise 
performance using reconstructing 3-D histogram, and 
reducing the time complexity by dimension reduction. 
Finally we apply the proposed framework to global 
thresholding algorithms such as Otsu method [9], 
maximum entropy [10], and minimum error method [11] 
and so on, and present corresponding robust thresholding 
algorithms. Extensive experiments are implemented and 
results show that our presented robust schemes have 
better anti-noise performance and visual quality than the 
above four approaches, and has lower time complexity 
than 3-D Otsu’s method. 

The remainder of this paper is organized as follows. 
Section 2 reviews the 3-D histogram based thresholding 
theory. Section 3 proposes a robust thresholding 
framework based on reconstruction and dimensionality 
reduction of the 3-D histogram. Simulation results of the 
proposed framework applied to Otsu method, minimum 
error method and maximum entropy method and the 
performance comparison with corresponding original 
thresholding methods and the 3-D Otsu scheme are 
shown in section 4. Finally conclusions are given in 
section5. 

II.  THREE DIMENSIONAL HISTOGRAM BASED 
THRESHOLDING THEORY 

Given a gray image with level L, the gray value at 
pixel (x, y) is denoted by f (x, y). The mean and median 
value in a k×k neighborhood around each pixel (x, y) are 
denoted by g (x, y) and h (x, y) respectively. 

The mean value g (x, y) is defined as 
2 2

2
2 2

1( , ) ( , ).
k k

m k n k
g x y f x m y n

k =− =−

= + +∑ ∑             (1) 

The median value h (x, y) is defined as 

( , ) { ( , ),
2,..., 2; 2,..., 2}.

h x y med f x m y n
m k k n k k

= + +
= − = −

   (2) 

where, {3,5,7, }k ∈ L , and in Eq. (2) {}med  is a median 
filter. 

The gray level of a pixel, together with its 

neighborhood mean and median value, constitutes a 
triple ( , , )f g h . All the triples of an image define a 3-D 
histogram within a cube size of L L L× × as shown in 
Fig.1 (a). The algorithm in Ref. [20] was proposed based 
on this 3-D histogram. For each pixel, the three elements 
corresponding a triple ( , , )f g h  are very close to each 
other, so all triples in the 3-D histogram are distributed in 
the direction of the body diagonal OM within a small 
cylinder. 

   

   
Figure 1. Three-dimensional histogram 

In Ref.[21], Fan et al. presented a recursive algorithm 
for 3-D Otsu’s thresholding segmentation method. In this 
method, for every selected threshold vector ( , , )s t q , the 3-
D histogram is divided into eight small cube regions. 
Therefore region 0 and 1 can be viewed as background 
and object respectively or vice versa, and regions 2-7 as 
edge information and noise points. In most case, the 
border region pixels account for a very small fraction of 
pixel points in an image, so the probability of those pixels 
in regions 2-7 can be approximately assumed negligible. 
Finally, the best threshold vector (s*, t*, q*) can be 
calculated using Otsu criterion [9]. Let th= s* + t* + q*, 
and the object binary image bin (x, y) can be obtained by 
the following equation. 

, , ,

, , ,

0, ;
( , )

255, .
x y x y x y

x y x y x y

f g h th
bin x y

f g h th
+ + <⎧⎪= ⎨ + + ≥⎪⎩

        (3) 

III.  ROBUST THRESHOLDING FRAMEWORK 

A. Drawbacks of the 3-D Otsu Method 
Definition 1 In 3-D histogram, the segmentation 

planes are defined as a series of planes which are 
perpendicular to the body diagonal and divide the 3-D 
histogram into background and foreground two parts 
respectively. 

Definition 2 The segmentation plane which the 
optimal threshold point is on is defined the thresholding 
plane in 3-D histogram. 

We can find that in Eq. (3) the essential of the 3-D 
Otsu criterion is to search a thresholding plane l* which 
the threshold point T (s*, t*, q*) is on as shown in Figure 2 
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The plane l* is denoted by f (x, y)+g (x, y)+h (x, y)= s*+ 
t*+ q* and the original 3-D histogram can be converted 
into 1-D histogram composed of a series of segmentation 
planes. 

*l

 
Figure 2. Distribution of the thresholding point T and plane l* 

The wrong regions division and drawbacks of the 3-D 
Otsu thresholding method [21] are as follows:  

 (1) It is unreasonable to neglect 2-7 regions. Because 
most of edge and noise points are located in those regions 
away from the body diagonal, neglecting 2-7 zones 
results in losing large amount of edge information. 
Though there are far less pixels in those regions than in 
background and foreground zones, this negligence will 
still affect the accuracy of image segmentation. 

 (2) The treatment to noise is non-uniform and the anti-
noise performance is very poor. There are still large 
amount of noise in regions 0 and 1 and 3-D Otsu method 
does not treat them effectively. 

Especially when an image is noisy and the noises are 
random distribution, all of this result in that some noise in 
object region are located in background area in 3-D 
histogram (the side with the boundary of thresholding 
plane and close to original point shown in Fig.2), others 
in background region are located in object area in 3-D 
histogram (the side with the boundary of thresholding 
plane and away from original point shown in Fig.2). The 
direct sequence is that increases the complexity of post-
process. 

In addition, after obtaining the optimal threshold when 
segmentation process is performing the areas to be 
processed contain 8 regions in whole 3-D histogram 
which results in much amount of salt and pepper noise in 
the binary image. That is to say, some noise points belong 
to background area which are at the side with the 
boundary of thresholding plane and close to original point, 
are misclassified into foreground region, resulting in salt 
noise in black background in binary image. Others belong 
to foreground area which are at the side with the 
boundary of thresholding plane and away from original 
point, are misclassified into background region, resulting 
in pepper noise in white foreground in binary image. 

Three dimensional histogram based Otsu method fully 
takes into account the spatial neighborhood mean and 
median information, but the anti-noise performance of 
this method is still very poor. Thus, it is very necessary to 
correct some triple points in 3-D histogram by 
reconstruction for improving the poor anti-noise 
performance. 

 (3) High time complexity. Because the dimension of 
3-D Otsu method is very high and its time complexity is 

3( )O L , it is very necessary to decrease the time 
complexity and improve the real-time performance by 
dimensionality reduction. 

B. Solution 
Through the above analysis, this paper proposes the 

following solution:  
 (1) Reconstruction of the 3-D histogram. For the 

purpose of robust denoising, redistributing the 3-D 
histogram by correcting the location of each triple point 
( , , )f g h  makes all these points distribute as closely as 
possible along the body diagonal OM. 

 (2) Dimensionality reduction of the 3-D histogram. 
For the purpose of high real-time performance, 
converting the region division in 3-D histogram from 
eight partitions into two parts makes the dimension of the 
searching space decrease from 3-D to 1-D. So in the new 
1-D histogram after dimensionality reduction, the 
objective is just to calculate the optimal 1-D 
corresponding threshold value the optimal thresholding 
plane in original 3-D histogram. 

C. Three Dimensional Histogram Reconstruction 
Edge pixels, noisy points and pixels near to them are 

usually located in those areas away from the body 
diagonal. Eight areas of the 3-D histogram are shown in 
Figure 3. 

 
Figure 3 Eight areas of the three-dimensional histogram 

Edge pixels, noisy points and pixels near to them are 
usually located in those areas away from the body 
diagonal. Eight areas of the 3-D histogram are shown in 
Figure 3.  

Definition 3 Supposed the triple at pixel ( , )x y  is 
denoted by 1 2 3( , , )p p p , if ip , jp  and kp  satisfy: 

k i j ip p p p− > −  and k j j ip p p p− > − , where 1≤i, 

j, k≤3 and i≠j≠k, the relationship among ip , jp  and 

kp  is expressed as ( ),i j kClose p p pf . 
Analysis in detail of every area is as follows:  
 (1) Region 0: Gray value, mean and median are small 

simultaneously and very close to each other, so this area 
is background region. 

 (2) Region 1: Gray value, mean and median are large 
simultaneously and very close to each other, so this area 
is foreground region. 

 (3) Region 2: Mean and median are large 
simultaneously and close to each other, which are larger 
than gray value, so the relationship among them is 

( , )Close g h ff . This pixel is a noisy point in the 
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foreground region, thus the gray value needs to be 
corrected. 

 (4) Region 3: Mean and median are small 
simultaneously and close to each other, which are smaller 
than gray value, so the relationship among them is 

( , )Close g h ff . This pixel is a noisy point in the 
background region, thus the gray value needs to be 
corrected. 

 (5) Region 4: Gray value and median are large 
simultaneously and close to each other, which are larger 
than mean, so the relationship among them is 

( , )Close f h gf . This pixel locates in foreground region 
and is not a noisy point, but there are some noisy points 
near to it, thus the mean needs to be corrected. 

 (6) Region 5: Gray value and median are small 
simultaneously and close to each other, which are smaller 
than mean, so the relationship among them is 

( , )Close f h gf . This pixel locates in background region 
and is not a noisy point, but there are some noisy points 
near to it, thus the mean needs to be corrected. 

 (7) Region 6: Gray value and mean are large 
simultaneously and close to each other, which are larger 
than median, so the relationship among them is 

( , )Close f g hf . This pixel is an edge point near to 
background region, thus the gray value and mean need to 
be corrected. 

 (8) Region 7: Gray value and mean are small 
simultaneously and close to each other, which are smaller 
than median, so the relationship among them is 

( , )Close f g hf . This pixel is an edge point near to 
foreground region, thus the gray value and mean need to 
be corrected. 

Figure 4 shows polygon image and its 1-D and 3-D 
histogram. We can find that triple points in this 3-D 
histogram distribute along the body diagonal direction. 
Figure 5 displays polygon image with noise and its 1-D 
and 3-D histogram. We can find its 1-D histogram 
distributes with multi-modal and multi-valley 
simultaneously and its 3-D histogram does not distribute 
along the body diagonal direction. The above classic 
global thresholding methods will fail for those image 
under this situation. Thus it is necessary to reconstruct the 
3-D histogram. 

         
 (a) Polygon image                          (b) 1-D histogram                               (c) 3-D histogram 

Figure 4. Polygon image and its 1-D and 3-D histogram 

         
 (a) Noisy polygon image                     (b) 1-D histogram                                   (c) 3-D histogram 

Figure 5. Noisy polygon image and its 1-D and 3-D histogram 

Let (f, g, h) denotes the initial triple, and 
( )* * *, ,f g h denotes the corrected triple. The Euclidean 

distance among them are | |fgdis f g= − , 
| |fhdis f h= − and | |ghdis g h= −  respectively. According 

to the above analysis, the correction solution is as follows:  
① For situation (1) and (2), it needs not any correction. 
② For situation (3) and (4), the relationship among 

them is ( , )Close g h ff . And the Euclidean distance 
relation is fg ghdis dis>  and fh ghdis dis> , so the gray 
value is corrected by 

( )* 2.f g h= +                                 (4) 

③ For situation (5) and (6), the relationship among 
them is ( , )Close f h gf . And the Euclidean distance 
relation is fg fhdis dis>  and gh fhdis dis> , so the mean is 
corrected by 

( )* 2.g f h= +                                (5) 
④ For situation (7) and (8), the relationship among 

them is ( , )Close f g hf . And the Euclidean distance 
relation is fh fgdis dis>  and gh fgdis dis> , so the gray 
value and mean are corrected by 

* * .f g h= =                                  (6) 
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According to above criterion the corrected 3-D 
histogram of noisy polygon image is shown in Figure 6 
We can find that this histogram redistributes along the 
body diagonal direction. 

 
Figure 6. Corrected 3-D histogram of the noised polygon image 

D. Three Dimensional Histogram Reduction 
After reconstruction of the 3-D histogram, all triple 

points will redistribute along the body diagonal direction, 
which reduces noise interference. As shown in Figure 6, 
it is clearly find that those triple points on a same 
segmentation plane are very close to the center point, i.e. 
the intersection between the body diagonal and the 
segmentation plane. Because the distribution of these 
points is concentrated, it is reasonable to measure these 
points on a same segmentation plane with the distance 
from original point to this segmentation plane. For each 
point in 3-D histogram, projecting it on the body diagonal 
OM and the projection distance is d, then the original 
triple point ( , , )f g h  can be represented by this projection 

distance d, where [0, 3 )d L∈ . And each corresponding 
segmentation plane can be expressed by the function: 
f g h C+ + = , where C is a constant. So the objective of 

the proposed algorithm is to calculate the optimal 
threshold *d instead of the optimal 3-D threshold vector 

* * *( , , )s t q in 3-D Otsu method. 
The presented algorithm is detailed as follows:  
Step1: Constructing a 2-D image array ( , )dis x y  with 

gray leve 3L and with the same size of original gray 
image. 

Step 2: Correcting every pixel ( , )x y in original image 
from up to down and from left to right according to the 
reconstruction criterion of 3-D histogram. 

Step3: Calculating the response ( , )dis x y d= , where d 
denotes the projection distance at pixel ( , )x y  on its 
corresponding segmentation plane. 

Let P ( )* * *, ,f g h denotes the corrected triple point 

corresponding to ( , , )f g h , so its segmentation plane 
*l can be expressed by * * *f g h f g h+ + = + +  shown in 

Figure 7 α represents angle AOM∠ between the body 
diagonal OM and the axis OA. Point N denotes the 
intersection between OM and *l . Extending plane *l  
intersects the axis ( , )f x y  at point B. Obviously, three 
intercepts among the extending plane and three axises are 
equal each other, and computed by * * *OB f g h= + + . 

α

 
Figure 7. Dimensionality reduction process of triple points in three-

dimensional histogram 

In the triangle Rt OAMΔ ,  
3cos .

33
OA OA
OM OA

α = = =                   (7) 

In the triangle Rt ONBΔ ,  

( )* * *3cos .
3

ON OB f g hα= = + +        (8) 

So, the response value is expressed by:  

( )* * *3( , ) .
3

dis x y ON f g h= = + +             (9) 

Figure 8 displays the new 1-D histogram after 
dimensionality reduction of the 3-D histogram for noisy 
polygon image. We can clearly find that the new 1-D 
histogram distributes bimodally and it is easy to segment 
image with global thresholding schemes. 

 
Figure 8. Corrected 1-D histogram of the noised polygon image 

It is very essential to filter image using median filter 
for ( , )dis x y  again. And then global thresholding 
methods such as Otsu method [9], maximum entropy 
method [10], minimum error method[11] and so on, are 
implemented to calculate the optimal threshold *d , thus 
the binary image can be obtained by 

*

*

0 ( , ) ;
( , )

255 ( , ) .
dis x y d

bin x y
dis x y d

⎧ ≤⎪= ⎨
>⎪⎩

                   (10) 

The time complexity of the proposed algorithm is 
( 3 ) ( )O L O L= , so our method is higher real-time 

performance than 3-D Otsu method. 

IV.  RESULTS AND DISCUSSION 

In the experiments, seven methods, Otsu method [9], 
maximum entropy method [10] for short MaxEntropy, 
minimum error method [11] for short MinError, the 
proposed corresponding robust global thresholding 
methods ROtsu, RMaxEntropy, RMinError, and 3-D 
histogram fast recursive method [21], were compared. All 
algorithms were implemented in Visual C++ 2008 and 
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ran on an AMD Athlon 7750 Dual-Core 2.7GHz 
processor with a 2G RAM and a Windows XP platform. 

Three testing images are shown in Figs. 9, 10 and 11 (a) 
with 8-bit gray levels, i.e. noisy polygon image size of 
300 240× , noisy defective tile image size of 212 195×  
and noisy fiber cross-section image size of 290 100×  
respectively. Corresponding experimental results are 
displayed in Figs. 9, 10 and 11. The experiments show 
that those original global thresholding methods i.e. Otsu, 
MaxEntropy and MinError methods are very poor for 
anti-noise performance and the segmentation results 
contain lots of salt and pepper noise. Three dimensional 
Otsu scheme fully took into account the neighborhood 
mean and median information, but the anti-noise 

performance is still poor and there are also much salt and 
pepper noise shown in Figs. 9, 10 and 11 (e). The reasons 
of this serious distortion of segmentation results for 3-D 
Otsu method are that one is the wrong regions division in 
the 3-D histogram, the other is no correction for the 
distribution of the noise points. The thresholding 
performance of the proposed approach are better than 
above five methods, regardless of ROtsu, RMaxEntropy 
and RMinError approach as shown in Figs. 9, 10 and 11. 
Not the anti-noise performance also the segmentation 
accuracy our schemes are very robust. Table 1 gives 
thresholds and running time for noisy images with 
different methods and shows that the presented methods 
are also very high real-time performance. 

          
 (a) Noisy polygon image                      (b) Otsu                                (c) MaxEntropy                            (d) MinError 

          
 (e) 3-D Otsu                                  (f) ROtsu                                   (g) RMaxEntropy                           (h) RMinError 

Figure 9 Experimental result of the noisy polygon image 

          
 (a) Noisy defective tile image                      (b) Otsu                                (c) MaxEntropy                            (d) MinError 

          
 (e) 3-D Otsu                                  (f) ROtsu                                   (g) RMaxEntropy                           (h) RMinError 

Figure 10. Experimental result of the noisy defective tile image 

     
 (a) Noisy fiber cross-section image                                                (b) Otsu 
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 (c) MaxEntropy                                                                       (d) MinError 

     
 (e) 3-D Otsu                                                                           (f) ROtsu 

     
 (g) RMaxEntropy                                                             (h) RMinError 

Figure 11. Experimental result of the noisy fiber cross-section image 

TABLE I. 
THRESHOLDS AND RUNNING TIME FOR NOISY IMAGES WITH DIFFERENT METHODS 

Testing image Otsu MaxEntropy MinError 3-D Otsu ROtsu RMaxEntropy RMinError 

Polygon 142 118 139  (146, 164, 231) 235 217 229 
16ms 16ms 16ms 1686ms 16ms 16ms 16ms 

Defective Tile 100 188 184  (178, 176, 239) 320 318 337 
15ms 15ms 15ms 1625ms 15ms 15ms 15ms 

Fiber Cross-section 129 130 122  (131, 182, 254) 230 234 196 
15ms 15ms 15ms 1906ms 15ms 15ms 15ms 

V.  CONCLUSION 

Considering the obviously wrong region division in 
three dimensional histogram and the poor anti-noise 
performance in existing three dimensional histogram 
based segmentation algorithms, a robust thresholding 
algorithm framework based on reconstruction and 
dimensionality reduction of the three dimensional 
histogram is proposed in this paper. Our scheme increases 
the anti-noise performance by reconstructing three 
dimensional histogram and improves the segmentation 
accuracy by fully taking into account all the information 
points in the three dimensional histogram. In addition, 
our method has very low time and space complexity. 
Because the proposed approach transfers the region 
division in 3-D histogram from eight partitions into two 
parts, thus reducing the searching space of threshold from 
three dimensions to one dimension. This is an effective 
and efficient global thresholding algorithm framework. 
We have successfully applied the presented framework to 
some classic global thresholding methods such as Otsu 
method, maximum entropy method and minimum error 
method, which improved the robustness of the 
segmentation performance. 

REFERENCES 

[1] A. Yilmaz, O. Javed, and M. Shah, Object tracking: A 
survey, ACM Computing Surveys, vol. 38, pp. 1-40, 2006. 

[2] M. Sezgin and B. Sankur, Survey over image thresholding 
techniques and quantitative performance evaluation, 
Journal of Electronic Imaging, vol. 13, pp. 146-168, 2004. 

[3] I.  K. Kim, D. W. Jung, and R. H. Park, Document image 
binarization based on topographic analysis using a water 
flow model, Pattern Recognition, vol. 35, pp. 265-277, 
2002. 

[4] H. H. Oh, K. T. Lim, and S. I. Chien, An improved 
binarization algorithm based on a water flow model for 
document image with inhomogeneous backgrounds, 
Pattern Recognition, vol. 38, pp. 2612-2625, 2005. 

[5] Y. T. Pai, Y. F. Chang, and S. J. Ruan, Adaptive 
Thresholding Algorithm: Efficient Computation Technique 
Based on Intelligent Block Detection for Degraded 
Document Images, Pattern Recognition, vol. 43, pp. 3177-
3187, 2010. 

[6] C. H. Chou, W. H. Lin, and F. Chang, A binarization 
method with learning-build rules for document images 
produced by cameras, Pattern Recognition, vol. 43, pp. 
1518-1530, 2010. 

[7] Ng, Automatic thresholding for defect detection. Pattern 
Recognition Letters, vol. 27, pp. 1644-1649, 2006. 

[8] A. K. Yousef, L. Wiem, L. William, et al., Improved 
Automatic Detection and Segmentation of Cell Nuclei in 
Histopathology Images, IEEE Transactions on Biomedical 
Engineering, vol. 57, pp. 841-852, 2010. 

[9] N. Otsu, A threshold selection method from gray-level 
histograms, IEEE Transactions on Systems, Man and 
Cybernetics, vol. 9, pp. 62-66, 1979. 

[10] J. N. Kapur, P. K. Sahoo, and A. K. C. Wong, A New 
Method for Gray-level Picture Thresholding Using the 

JOURNAL OF COMPUTERS, VOL. 8, NO. 3, MARCH 2013 651

© 2013 ACADEMY PUBLISHER



Entropy of the Histogram, Computer Vision, Graphics and 
Image Processing, vol. 29, pp. 273-285, 1985. 

[11] J. Kittler and J. Illingworth, Minimum Error Thresholding, 
Pattern Recognition, vol. 19, pp. 41-47, 1986. 

[12] J. L. Fan and W. X. Xie, Minimum error thresholding: A 
note, Pattern Recognition Letters, vol. 18, pp. 705-709, 
1997. 

[13] P. S. Liao, T. S. Chew, and P. C. Chung, A fast algorithm 
for multilevel thresholding, Journal of Information Science 
and Engineering, vol. 17, pp. 713-727, 2001. 

[14] S. K. Fan and Y.Lin, A multi-level thresholding approach 
using a hybrid optimal estimation algorithm, Pattern 
Recognition Letters, vol. 28, pp. 662-669, 2007. 

[15] D.Y. Huang and C.H. Wang, Optimal multi-level 
thresholding using a two-stage Otsu optimization approach, 
Pattern Recognition Letters, vol. 30, pp. 275-284, 2009. 

[16] P. D. Sathya and R.Kayalvizhi, Modified bacterial foraging 
algorithm based multilevel thresholding for image 
segmentation, Engineering Applications of Artificial 
Intelligence, vol. 24, pp. 595-615, 2011. 

[17] A. D. Brink, Thresholding of digital images using two-
dimensional entropies, Pattern Recognition, vol. 25, pp. 
803-808, 1992. 

[18] J. Z. Liu and W. Q. Li, The automatic thresholding of gray-
level pictures via two-dimensional Otsu method, Acta 
Automatica Sinica, vol. 19, pp. 101-105, 1993. 

[19] J. L. Fan and B. Lei, Two-dimensional Extension of 
Minimum Error Threshold Segmentation Method for Gray-
level Images, Acta Automatica Sinica, vol. 35, pp. 386-393, 
2009. 

[20] X. J. Jing, J. F. Li, and Y. L. Liu, Image segmentation 
based on 3-D maximum between-cluster variance, Acta 
Electronica Sinica, vol. 31, pp. 1281-1285, 2003. 

[21] J. L. Fan, F. Zhao, and X. F. Zhang, Recursive algorithm 
for three-dimensional Otsu’s thresholding segmentation 

method, Acta Electronica Sinica, vol. 35, pp. 1398-1402, 
2007. 

 
 
 
Jianwu Long, male, was born in Laifeng Country, Hubei 
Province, November, 1984. He received bachelor degree in 
2008 from Northeastern University at Qinhuangdao, and master 
degree in 2011 from Jilin University. 

Now he is a Ph.D candidate in the College of Computer 
Science and Technology, Jilin University. His research interests 
are image processing, pattern recognition and computer vision. 

 
 
 

Xuanjing Shen, male, was born in Helong County, Jilin 
Province, December, 1958. He received bachelor degree in 
1982, master degree in 1984, and PhD degree in 1990 all from 
Harbin Institute of Technology respectively. 

He is a professor and Ph.D supervisor currently in the college 
of computer science and technology, Jilin University. His 
research interests are multimedia technology, computer image 
processing, intelligent measurement system, optical- electronic 
hybrid system, and etc. 

 
 
 

Haipeng Chen, male, was born in Cao County, Shandong, June, 
1978. He received bachelor degree in 2003 and master degree in 
2006 both from Jilin University. 

Now he is a lecturer and a Ph.D candidate in the college of 
computer science and technology, Jilin University. His research 
interests are computer network security, digital image 
processing and pattern recognition. Dr. Chen is is membership 
of China Computer Federation (E20-00 15167M). 

 

652 JOURNAL OF COMPUTERS, VOL. 8, NO. 3, MARCH 2013

© 2013 ACADEMY PUBLISHER




