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Abstract: Since the logarithmic form of Shannon entropy has the drawback of undefined value at zero points, and
most existing threshold selection methods only depend on the probability information, ignoring the within-class
uniformity of gray level, a method of reciprocal gray entropy threshold selection is proposed based on two-dimen-
sional (2-D) histogram region oblique division and artificial bee colony (ABC) optimization. Firstly, the definition
of reciprocal gray entropy is introduced. Then on the basis of one-dimensional (1-D) method, 2-D threshold selec-
tion criterion function based on reciprocal gray entropy with histogram oblique division is derived. To accelerate the
progress of searching the optimal threshold, the recently proposed ABC optimization algorithm is adopted. The
proposed method not only avoids the undefined value points in Shannon entropy, but also achieves high accuracy
and anti-noise performance due to reasonable 2-D histogram region division and the consideration of within-class u-
niformity of gray level. A large number of experimental results show that, compared with the maximum Shannon
entropy method with 2-D histogram oblique division and the reciprocal entropy method with 2-D histogram oblique
division based on niche chaotic mutation particle swarm optimization (NCPSQO), the proposed method can achieve
better segmentation results and can satisfy the requirement of real-time processing.
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1 Introduction od. It is proved to be effective and easy to imple-

. . o . ment. Thresholding is applied to many fields "7,
Image segmentation is a significant step in . . o
) ) ) such as remote sensing image monitoring, ma-
the process from image preprocessing to image
recognition or visual detection. Thresholding is chine visual measurement and infrared object de-

the most widely used image segmentation meth- tection. The core of thresholding is searching for
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the optimal threshold quickly to achieve accurate

8] which take maxi-

segmentation. The methods '
mum Shannon entropy as the criterion have at-
tracted much attention among existing threshold
selection methods. One-dimensional (1-D) maxi-
mum Shannon entropy method was first proposed

1. To improve the segmentation

by Kapur, et a
effects of noisy images, Abutaleb ' and Brink [
extended the 1-D method to two-dimensional
(2-D) maximum Shannon entropy threshold se-

1 70 utilized the particle swarm

lection. Du, et a
optimization algorithm to accelerate the process-
ing of 2-D maximum Shannon entropy method.
However, the maximum Shannon entropy meth-
od searches for the optimal threshold only accord-
ing to the probability information of gray level,
ignoring the gray level uniformity within classes,
which results in inaccurate segmentation of some
images. Considering the gray level uniformity
within classes, a threshold selection method
based on Shannon gray entropy was proposed "',
The gray entropy describes the gray level differ-
ence within classes. The larger the gray entropy
is, the smaller the gray level difference within
classes is, which indicates that the gray levels are
more uniform within either objective class or
background class, thus superior segmentation
effects are achieved.

The maximum Shannon entropy method and
the Shannon gray entropy method mentioned
above are both based on the logarithmic entropy.
However, the logarithm has the drawback of un-
defined value at zero points, which will cause
some troubles when dealing with the data. For

[2) introduced the idea of

this reason, Pal, et al
exponential entropy, and replaced the frequently
used Shannon entropy in threshold selection crite-
rion. The problem of undefined value of log-
arithm was avoided and the maximum exponential
entropy threshold selection method was presen-

L) was intro-

ted. Recently, a reciprocal entropy
duced as the threshold selection criterion. It also
avoided the drawback of Shannon entropy and at-
tained good segmentation effects. Moreover, the

involved multiplication and division operations in

this reciprocal entropy were less time-consuming
than both the logarithm operations in Shannon
entropy and the exponent operations in exponen-
tial entropy in practical systems. Through the
above analysis, if the advantages of reciprocal en-
tropy are combined with those of gray entropy, a
more accurate and faster image segmentation
method can be expected. Meanwhile, the tradi-
tional 2-D histogram region division is kind of un-

1) and has to search for two thresh-

reasonable
olds, namely original gray level threshold and
neighborhood average gray level threshold. If
adopting 2-D histogram oblique division, the seg-
mentation will be more accurate, and only one
threshold instead of two needs to be computed,
thus the running time is significantly reduced.
For further improving the processing efficiency,
the artificial bee colony (ABC) algorithm pro-
posed lately "% can be adopted. ABC algorithm
copies the process of bee gathering nectar. It
makes use of local optimizing behavior of each bee
to obtain the global optimal value. This algo-
rithm has the advantages of high convergence pre-
cision and fast searching speed "', and it can
properly avoid the local extremum. Thus the re-
al-time performance of reciprocal gray entropy
thresholding method with 2-D histogram oblique
division can be further improved with the help of
ABC optimization.

In view of the above mentioned factors, a
new image threshold selection method is proposed
based on reciprocal gray entropy with 2-D histo-
gram oblique division and ABC optimization.
Firstly, the definition of reciprocal gray entropy
is introduced and the 1-D reciprocal gray entropy
thresholding method is given. Then the criterion
function of 2-D reciprocal gray entropy threshold
selection is derived. To improve the real-time
performance, ABC optimization is adopted to ac-
celerate the search for optimal threshold. Finally,
a large number of experiments have been per-
formed on different kinds of images. And the
proposed method is compared with the maximum
Shannon entropy method with 2-D histogram ob-

lique division and the maximum reciprocal entro-
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py method with 2-D histogram oblique division
based on niche chaotic mutation particle swarm

optimization (NCPSO) is made.

2 1-D Threshold Selection Based on
Reciprocal Gray Entropy

Suppose that f(m,n) stands for the gray lev-
el of the pixel (m,n) in an image whose size is
M pixel X N pixel and total number of gray levels
is L. The number of pixels with gray level i (i:=
0,1,++,L—1) is denoted as h(i).
is segmented into two classes, i. e., the object
class Co={(m.n) | f(m,n)=0,1,++,¢} and the
{(msn) | fGm,n)=t+1,t+
2,+,L—1)(We regard dark pixels as the object

Now the image

background class C, =

pixels for convenience). Suppose
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The reciprocal gray entropy of the back-

ground class is
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i=r+1
L—1

where 4, (1) = D> i+ h(i) .

i=1+1

Therefore, the recip-

rocal gray entropy of the whole image can be ob-

tained.

Hu) =H,+ H,=
th ()+IZI+]];I<Z> +/zb(t) (3)

Larger rec1proca1 gray entropy means the
gray levels within classes are more uniform and
the segmentation effect is better. Thus the opti-
mal threshold ¢* is determined by the maximum
value of reciprocal gray entropy

=arg max {H()} 4

0=r<<L—1

3 2-D Threshold Selection Based on
Reciprocal Gray Entropy and His-

%

L

togram Oblique Division

Suppose the gray level and neighborhood av-
erage gray level of the pixel (m,n) are f(m,n)
and g(m,n), respectively (written as 7 and j in
1), and
h(i,j) denotes the frequency of the pairs (7,j).

the following formulae, i,;=0,1,+,L—

L—1 L—1

Obviously > D h(i.j) =M X N .

i=0 j=0

The traditional gray level neighborhood aver-
age gray level histogram division is shown in
Fig. 1.

point (z,s) are obtained. Set of dark pixels, that

Four rectangular regions around the 2-D

is lower left quarter of 2-D histogram region,
stands for the object region. And the upper right
quarter stands for background region. The upper
left quarter and the lower right quarter are regar-
ded as regions of edges and noise because the
difference between original gray levels and neigh-
borhood average gray levels of the pixels here is
large. However, this division does not match the
real 2-D gray level probability distribution.
Therefore, oblique division manner is adopted to
the 2-D histogram region, which is a more accu-
rate division of object class and background class.

Moreover the threshold to be computed is reduced
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Fig. 1 Region division of 2-D histogram

to one. As a result, the running time of the pro-
posed method decreases.

In Fig. 1, the 2-D histogram region is divided
by the straight line g=— f+t. Suppose the low-
er left part of the straight line is object region,
and the upper right part is background region.
The sums of gray levels of the object class and the
background class are p, (1) = [ () s 2,; (1) ]" and
wo (1) = [ (O s (O] Their

computational methods are given later in this pa-

respectively.

per. The sum of gray levels of the whole image is

I—1 L—1 -1 L—1

Hr — [#T, 9/1T/

i=0 j=0 i=0 j=0

Similar to the 1-D reciprocal gray entropy,
the 2-D reciprocal gray entropy H, (¢) can be
written as

H,(t)=H,(t)+ H,() (5)
where H,(z) and H, (¢) stand for the reciprocal
gray entropy of the object class and the back-
ground class, respectively. They can be calculat-
ed by the following formulae.

(1) o<r<L—1
o (1) = [poi (1) s pr; (D ] 7 =

DI BN

i=0 j=0 i—0 j=0
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The sums of gray levels of object class and

[proi () s p10; (1) 17 and
wo () = [0 (1) 5y, (1) ]" can be calculated by re-

background class p, (¢) =

cursive algorithm. For example, when 0<r<C
L—1

o (1) =1, (0 — 1)+ D 0t — i

pro; (1) = g0y (1 — 1) + D VhGivt — D (1 — 1)
i=0

When L —1<r<{2L—2

rithm is similar, and unnecessary repeating is a-

, the recursive algo-

voided here. In this way, the algorithmic running
time can be reduced to a great extent. The recip-
rocal gray entropy threshold selection formula
with 2-D histogram oblique division is as follows

t" =arg max {H;()} (6)

0<Ct<<2L—2

To further accelerate the search for optimal

threshold, ABC optimization is adopted.

4 ABC Optimization Algorithm

ABC algorithm copies the process of bee
gathering nectar. It includes three parts, namely
leading bees, observation bees and detective bees.

(1) Leading bees

The number of leading bees is denoted by
N.. Each leading bee corresponds to a food
source. The location of food source is the poten-
tial solution of criterion function, or the potential
optimal threshold. The profits of food sources are
represented by the fitness of solutions

1

— (X)) =0
F(X,) =+ 1+ /(XD / (7)
1+ A(XD | F(X) <0
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where X; (i =1,2, -

solution, f (X;) denotes the value of objective

, N1 ) denotes the possible

function which is corresponding to Eq. (5). Each
leading bee looks for a new food source near the
last one. The new position is determined by the
following formula
Z, =X, +e(X;, — X €))

where ¢ is a random number on [ —1,1], X, the
position of the /th food source (/7). The lead-
ing bee chooses the better one from the two food
sources in terms of corresponding fitness.

(2) Observation bees

Each observation bee selects a leading bee to
follow. Which one to select is determined by the
proportion of profits P,.

p— FOXO

SVF(X)
=

According to Eq. (8), the observation bee

D)

randomly observes a new food source around the
leading bee it follows. The leading bee will come
to the food source found by the observation bee if
this one is better, otherwise it will stay.

(3) Detective bees

When a leading bee falls into a local extre-
mum, this leading bee turns into a detective bee.
It will randomly search a new food source to jump
out of the local extremum.

These three parts cycle until the best location
is found. The specific procedures applying ABC
optimization to reciprocal gray entropy threshold
selection method with 2-D histogram oblique divi-
sion are as follows.

Step 1
ber of all the bees is 10, 5 leading bees and 5 ob-

Set the controlling values. The num-

servation bees. The max cycle number Cy is 10,
and the cycle number C, is set to 3, which is used
to judge whether a leading bee has fallen into a lo-
cal extremum. The space to search is [0,510].

Step 2
5) of each leading bee. X, is a random integer in
the range [0,510]. Then Eq. (7) is used to calcu-
late the fitness of X.,.

Step 3

bee randomly looks for a new food source Z;

Initialize the location X, (i=1,2,:-,

According to Eq. (8), each leading

around the old one. The fitness of Z; is calculat-
ed, and if Z; is better, its value will replace the
last value of X;.

Step 4 According to Eq. (9), each observa-
tion bee picks a leading bee to follow, at the same
time it searches for a better food source around
the leading bee, and it will also give the better
value to X, if it finds one.

Step 5 If the cycle number reaches C, but
the fitness of X, is still not improved, then the
corresponding leading bee will turn into a detec-
tive bee to look for a new food source,

Step 6 When a cycle is over, the optimal so-
lution of this cycle is recorded, and the variable C
of cycle number automatically pluses 1.

Step 7 When the cycle number C reaches
the max cycle number Cy;, the iteration progress
is finished. Then the image is segmented by the
obtained optimal threshold. Otherwise, go to

Step 3 to continue the cycle progress.

5 Results and Discussion

Experiments have been done on many differ-
ent kinds of images with the proposed method,
and the results are given. A large number of ex-
perimental results show that, compared with
maximum Shannon entropy method with 2-D his-

M4 and maximum recipro-

togram oblique division
cal entropy method with 2-D histogram oblique
division based on NCPSOM?*!, the proposed meth-
od has obvious advantages. Now we analyze the
effectiveness of the proposed method with two
bright images (meat images) (252 pixel X 200
pixel/1024 pixel X739 pixel) and two dark images
(SAR remote sensing images) (199 pixel X 199
pixel/205 pixel X 135 pixel). The corresponding
running time is listed in Table 1. The processing
environment of all these three methods is Penti-
um(R) Dual-Core CPU 2. 10 GHz/2 GB, Matlab
R2010b.

Figs. 2, 3 are two bright images with low
contrast. Since both maximum Shannon entropy
method with 2-D histogram oblique division “*

and maximum reciprocal entropy method with 2-D
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Table 1 Comparisons of three methods in optimal thresholds and running time

Method Meat image 1 Meat image 2 SAR image 1 SAR image 2
threshold t/s threshold t/s threshold t/s threshold t/s
Shannon entropy method ') 354 0.103 292 1.902 235 0.092 239 0.648
Reciprocal entropy method ' 311 0. 450 206 1. 236 335 0. 837 318 0. 688
Proposed method 489 0. 660 478 1.311 164 1. 096 189 1. 187
distribution. Therefore, better segmentation re-
e # sults are obtained. It can be seen that the pro-

(b) Shannon entropy with 2-D
histogram oblique division

(c) Reciprocal entropy with 2-D (d) Reciprocal gray entropy with
histogram oblique division 2-D histogram oblique division

Fig.2 Meat image 1 and segmentation results

. N =
ey P

- -y L i
Ty -— Y

(b) Shannon entropy with 2-D
histogram oblique division

(a) Original image

(c) Reciprocal entropy with 2-D (d) Reciprocal gray entropy with
histogram oblique division 2-D histogram oblique division

Fig. 3 Meat image 2 and segmentation results

histogram oblique division based on NCPSQO [
tend to focus on small targets (small areas with
very different gray levels), their segmentation re-
sults are not so satisfactory. However, the pro-
posed method takes into account the gray level u-

niformity within classes, not just the probability

posed method is able to segment meat images ex-
cellently. Not only the outlines are clear but also
the lean meat areas and the fat meat areas are dis-
tinguished accurately. For the same reason, in
Fig. 4 the first two methods regard the highlight-
ed bridge as the target, as a result large area of
shadow which is connected with the water area is
segmented in the land area. This will surely make
troubles for river extraction in the next step. The
proposed method segments the river in the SAR
remote sensing image 1 accurately, meanwhile it
keeps the details of land areas well. In Fig. 5,
maximum Shannon entropy method with 2-D his-
togram oblique division ™" basically has the river
detected, but the edges and details are not clear.
Maximum reciprocal entropy method with 2-D
histogram oblique division based on NCPSQO [

does not segment the image effectively, the infor-

(b) Shannon entropy with 2-D
histogram oblique division

(a) Original image

(c) Reciprocal entropy with 2-D (d) Reciprocal gray entropy with
histogram oblique division 2-D histogram oblique division

Fig.4 SAR remote sensing image 1 and segmentation

results
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(c) Reciprocal entropy with 2-D (d) Reciprocal gray entropy with
histogram oblique division 2-D histogram oblique division

Fig.5 SAR remote sensing image 2 and segmentation

results

mation of the river area is annihilated. The result
of the proposed method shows river area and land
area clearly, and many details are also kept very
well.

From data shown in Table 1, it can be seen
that maximum Shannon entropy method with 2-D

[ can deal with ima-

histogram oblique division
ges with small size quickly, but when the size of
images is large, the processing time increases
rapidly. Maximum reciprocal entropy method
with 2-D histogram oblique division based on
NCPSO %! and the proposed method do not suf-
fer from the problem, and both can satisfy the re-

al-time requirement.

6 Conclusions

The definition of reciprocal gray entropy and
the 1-D reciprocal gray entropy threshold selec-
tion method are introduced. Based on this, recip-
rocal gray entropy threshold selection method
with 2-D histogram oblique division is proposed.
Furthermore, ABC optimization algorithm is a-
dopted to accelerate the searching process. The
proposed method avoids the drawback of unde-
fined value at zero points of Shannon entropy.
Moreover, taking into account the gray level uni-
formity within classes the image segmentation ac-
curacy is improved. The object and background

are segmented accurately and the details in the

segmented image are kept very well. A large
number of experimental results show that, com-

pared with maximum Shannon entropy method

[ and maxi-

with 2-D histogram oblique division
mum reciprocal entropy method with 2-D histo-
gram oblique division based on NCPSO"*, the
proposed method has obvious advantages in seg-
mentation effects and can meet the real-time pro-

cessing requirement,
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