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Abstract— Image thresholding is a challenging task in
image processing ﬁeld. Many efforts have already been
made to propose universal, robust methods to handle a
wide range of images. Previously by the same authors, an
optimization-based thresholding approach was introduced.
According to the proposed approach, Differential Evolution
(DE) algorithm, minimizes dissimilarity between the input
grey-level image and the bi-level (thresholded) image. In
the current paper, micro Opposition-Based Differential
Evolution (micro-ODE), DE with very small population
size and opposition-based population initialization, has
been proposed. Then, it is compared with a well-known
thresholding method, Kittler algorithm and also with its
non-opposition-based version (micro-DE). In overall, the
proposed approach outperforms Kittler method over 16
challenging test images. Furthermore, the results conﬁrm
that the micro-ODE is faster than micro-DE because of
embedding the opposition-based population initialization.

I. I NTRODUCTION
In many image processing applications, the crucial
role of the image thresholding can be observed (e.g.,
medical image processing [1], [2]). Numerous thresholding techniques have already been proposed [3]–[6].
However, almost all of them are application- or domainoriented solutions, suffering from lack of universality.
Therefore, this research ﬁeld is still open to investigation
and introduction of new robust and universal techniques.
In the previously proposed thresholding technique by
the authors [7], a new thresholding technique was proposed which generates corresponding binary image by
minimizing the dissimilarity between the input and the
output images. Hence, the grey-level input image itself is
directly used to measure the quality of the thresholded
image; thus, this method can be introduced as a candidate for universal thresholding. Differential Evolution
(DE) is utilized as an optimizer in the mentioned minimization exercise. By this way, the thresholding task
was changed to an optimization problem. In the current
paper, in order to reduce computation time, DE with a
very small population size (Np = 5), called micro-DE,
has been employed. A small population size results a
shorter computation time which is a crucial factor for the
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image processing tasks to make them suitable for online
applications (e.g., robotics or production line control).
After comprehensive evaluation of more than 40 image thresholding techniques, Sezgin and Sankur [3] concluded that the Kittler [8] is the best overall performing
method. For this reason, and like many other thresholding works [5], the proposed method is compared with
the Kittler. In the ﬁnal part of this paper, as a case study,
the micro-DE and micro-ODE (micro-DE equipped with
opposition-based initialization [9], [10]) are compared in
terms of convergence speed and robustness.
Organization of this paper is as follows: A short
review of Differential Evolution is given in section II.
The proposed image thresholding approach is presented
in section III. Experimental investigation is provided in
section IV. The micro-DE and micro-ODE are compared
in section V. Finally, the paper is summarized and
concluded in section VI.
II. A S HORT R EVIEW OF D IFFERENTIAL E VOLUTION
Differential Evolution (DE) is a population-based and
directed search method [11], [12]. Like other evolutionary algorithms, it starts with an initial population vector, which is randomly generated when no preliminary
knowledge about the solution space is available.
Let us assume that Xi,G (i = 1, 2, ..., Np ) are solution
vectors in generation G (Np =population size). Successive populations are generated by adding the weighted
difference of two randomly selected vectors to a third
randomly selected vector.
For classical DE (DE/rand/1/bin), the mutation,
crossover, and selection operators are straightforwardly
deﬁned as follows:
Mutation - For each vector Xi,G in generation G a
mutant vector Vi,G is deﬁned by
Vi,G = Xa,G + F (Xb,G − Xc,G ),

where i = {1, 2, ..., Np } and a, b, and c are mutually
different random integer indices selected from
{1, 2, ..., Np }. Further, i, a, b, and c are different
so that Np ≥ 4 is required. F ∈ [0, 2] is a real
constant which determines the ampliﬁcation of the
added differential variation of (Xb,G − Xc,G ). Larger
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values for F result in higher diversity in the generated
population and lower values cause faster convergence.
Crossover - DE utilizes the crossover operation to
generate new solutions by shufﬂing competing vectors
and also to increase the diversity of the population. For
the classical version of the DE (DE/rand/1/bin), the
binary crossover (shown by ‘bin’ in the notation) is
utilized. It deﬁnes the following trial vector:
Ui,G = (U1i,G , U2i,G , ..., UDi,G ),

f (T ) =

N
M 


|Iij − B(T )ij |.

(4)

i=1 j=1

Minimization of this objective function means minimizing the dissimilarity between the input image and
the thresholded image (see Figure 1).

(2)

where j = 1, 2, ..., D (D = problem dimension) and

Uji,G =

Vji,G
Xji,G

if randj (0, 1) ≤ Cr ∨ j = k,
otherwise.

(3)
Cr ∈ (0, 1) is the predeﬁned crossover rate constant,
and randj (0, 1) is the j th evaluation of a uniform
random number generator. k ∈ {1, 2, ..., D} is a random
parameter index, chosen once for each i to make sure
that at least one parameter is always selected from the
mutated vector, Vji,G . Most popular values for Cr are
in the range of (0.4, 1) [13].
Selection - The approach that must decide which
vector (Ui,G or Xi,G ) should be a member of next (new)
generation, G + 1. For a maximization problem, the
vector with the higher ﬁtness value is chosen. There are
other variants based on different mutation and crossover
strategies [14].
III. P ROPOSED I MAGE T HRESHOLDING A PPROACH
When we are comparing the input grey-level image
and corresponding thresholded version we perceptually
map darker pixels in the input image to the black pixels
in the thresholded image and lighter ones to the white
pixels. With this method, we subjectively measure
the quality of the thresholding. The same procedure
happens even for a person who knows nothing about
image processing concepts. We will have a high quality
thresholded image when the mentioned similarity is
high, or in other words, the dissimilarity is low. So, the
thresholding task can be understood as an optimization
problem. Before describing the new approach, the
objective function for this optimization exercise should
be deﬁned.
Objective function - For an M × N input grey-level
image I (normalized in [0, 1]), and the corresponding
thresholded image B(T ) ∈ {0, 1} (T : threshold value),
the objective function f (T ) is deﬁned as follows [7]:
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Fig. 1. A sample image to show that darker and lighter pixels in
input grey-level image are matchable with black and white pixels in
the thresholded image. In order to maximize the matching level, the
dissimilarity between these two images, f (T ), should be minimized.

In order to solve this one-dimensional minimization
problem, the DE with very small population size (Np =
5), micro-DE, is utilized. The pseudo-code representation of the proposed thresholding approach is shown in
Algorithm 1 [7].
Algorithm 1 Proposed Thresholding Approach (microDE version)
1:
2:

3:
4:
5:
6:
7:
8:

Random population initialization, P0
Calculate objective value (dissimilarity measure) for
each individual in the population
{DE’s evolution steps}
while (satisfying termination criteria) do
Mutation
Crossover
Selection
end while
Thresholding input image with the found optimal
value of thresholding level, Top

IV. E XPERIMENTAL V ERIFICATIONS
In order to investigate the performance of the new
approach, 16 hard-to-threshold images were selected;
all images are frequently used in the image processing
literature [3], [5].
The following micro-DE control parameters are set
for all conducted experiments with no attempt to achieve
their optimal values.
• Population size, Np = 5
• Differential ampliﬁcation factor, F = 0.9
• Crossover probability constant, Cr = 0.9
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•
•

Strategy: DE/rand/1/bin
Maximum function calls, NFCMAX =200 (300 for
image no. 9)

Threshold results of applying the proposed approach
are presented in Table I. As shown, also corresponding
ground-truth image (created manually) and the result of
the Kittler method are given for comparison. By visual
evaluation, the new approach, at least over ten of the
images (image no. 1,3,4,6,7,8,11,13,15,16) shows better
results than Kittler.
For all images, plot of objective function f (T ) versus
thresholding value T is presented in Figures 2 and 3.
Furthermore, the result for the different thresholding
values is given on each curve. Asymmetric shapes, ﬂat
surfaces, and also steep edges in the plotted graphs show
that the objective function can be challenging although
it is a one-dimensional problem.
A wide range of image quality measures have been
proposed by image processing researchers [15]–[17]. In
this section, results of Kittler and the proposed approach
are compared by reference-based objective assessment.
Reference or ground-truth images have been manually
prepared to serve as gold/ideal thresholded image for
each test image. To compare two binary images, Misclassiﬁcation Error (ME) [3], [18] can be a reasonable
and straightforward measure to use. It calculates the percentage of foreground pixels which have been assigned
wrongly to background and vice versa:
|BO ∩ FT | + |FO ∩ BT |
ME =
,
|BO | + |FO |

(5)

where BO , FO , BT , and FT are the background and
foreground pixels of the ground-truth image and the
background and foreground pixels of the test image,
respectively (see ﬁgure 4). | · | denotes the cardinality
of the set.

Table II summarizes the results of objective assessment for 16 test images. Results of the Kittler and
new method are compared with the gold image. The
best result, in each case has been indicated in boldface.
According to the mentioned similarity index, the Kittler
shows better results for 5 cases; micro-DE performs
better for 10 cases; and for one case the results is
almost the same (results with difference less than 1%
are considered the same).
TABLE II
R ESULTS OF OBJECTIVE ASSESSMENT FOR 16 TEST IMAGES . T HE
BEST RESULT IN EACH CASE HAS BEEN HIGHLIGHTED IN
BOLDFACE .

no.
1
2
3
4
5
6
7
8

ηK
89.88
99.44
77.84
41.49
92.83
52.98
81.80
72.78

η IS THE SIMILARITY INDEX .

ηmicro-DE
97.85
98.40
79.85
96.14
90.05
57.78
93.87
99.68

no.
9
10
11
12
13
14
15
16

ηK
93.47
98.32
78.19
99.83
28.14
97.16
48.68
83.07

V. C OMPARISON OF MICRO -DE AND MICRO -ODE
In order to accelerate micro-DE, it is equipped with
opposition-based initialization (micro-ODE) [10], [19]–
[24]. Because of the very small population size and
also small number of required function calls to solve
the objective function, the opposition-based generation
jumping is not embedded in micro-ODE. Algorithm
2 presents pseudo-code for micro-ODE. The only difference between micro-DE and micro-ODE is on the
population initialization. The ﬁrst one uses the uniform
random initialization and the second one utilizes the
opposition-based initialization.
Deﬁnition (Opposite Point) - Let P (x1 , x2 , ..., xn )
be a point in n-dimensional space, where
x1 , x2 , ..., xn ∈ R and xi ∈ [ai , bi ] ∀i ∈ {1, 2, ..., n}.
The opposite point P̆ (x̆1 , x̆2 , ..., x̆n ) is completely
deﬁned by its components
x̆i = ai + bi − xi .

Fig. 4.

Illustration of BO ∩ FT and FO ∩ BT .

By utilizing this error measure, the similarity index η
can be deﬁned as follows:
η = (1 − M E) × 100%.

(6)

ηmicro-DE
82.45
84.48
91.18
99.57
99.25
49.76
97.97
98.56

(7)

Figure 5 illustrates a point and its corresponding
opposite in one, two, and three dimensional spaces.
The minimum values for the objective function, fmin ,
for each image (kept from the micro-DE experiments), is
used as value to reach (VTR) to compare convergence
rate and robustness of micro-DE and micro-ODE. All
control parameters are the same as before. The results
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TABLE I
T HRESHOLDING RESULTS . I NPUT IMAGE , CORRESPONDING MANUALLY CREATED GROUND - TRUTH ( GOLD ) IMAGE , RESULT OF K ITTLER
METHOD , AND RESULT OF THE PROPOSED APPROACH ( MICRO -DE).

no.

Image

Gold

Kittler

micro-DE

no.

1

9

2

10

3

11

4

12

5

13

6

14

7

15

8

16

of 100 trials per image for both algorithms are summarized in Table III. Micro-ODE performs faster for
13 images. Both algorithms have the same NFCs for
two images. For thresholding of 16 images, micro-DE
needs 875 function calls while this number is 761 for
micro-ODE (13% convergence rate improvement). The
success rate (robustness) is almost the same for both
(0.98 vs. 0.99). It should be mentioned, evaluation of
the objective function for this optimization problem is
time consuming because for each function call an image
thresholding and also pixel-by-pixel comparison of two
images are required. Therefore, 13% improvement at
convergence rate is a valuable achievement.
VI. C ONCLUDING R EMARKS
In this paper, micro-DE segmented the image into two
classes by minimizing the dissimilarity between input
grey-level image and binary (thresholded) image. The
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Image

Gold

Kittler

micro-DE

proposed approach was compared with a well-known
method, the Kittler, through an objective assessment.
Results conﬁrmed that the proposed approach is superior
to the Kittler algorithm over the selected test set.
The most important part of the proposed approach is
the deﬁnition of the objective function. As seen, microDE, as an optimizer, minimizes the dissimilarity between
grey-level image and thresholded image. This dissimilarity is measured by pixel-by-pixel comparison of the
binary and normalized grey-level images. The main
drawback is that employing an evolutionary algorithm
(DE) to threshold image shows a higher computational
time. Employing the DE with a small population size
(micro-DE) was in this direction to make computation
time shorter. Furthermore, micro-DE was accelerated
13% by embedding opposition-based population initialization while the success rate remaind the same. In
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Fig. 2. Graphical illustration of dissimilarity (objective function, f (T )) vs. thresholding value (T). The thresholding results are presented on
the curves.
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Fig. 3.

Continued from Figure 2.

fact, in this paper an application of opposition-based
population initialization has been introduced in image
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thresholding. Starting with better initial points speeds
up the convergence rate of search process.
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TABLE III
C OMPARISON OF MICRO -DE AND MICRO -ODE. R EPORTED NFC S
100 TRIALS FOR EACH IMAGE . T HE
NFC IN EACH CASE HAS BEEN INDICATED IN BOLDFACE .
SR PRESENTS THE SUCCESS RATE .

ARE THE AVERAGE OVER
SMALLER

Fig. 5. Illustration of a point and its corresponding opposite in one,
two, and three dimensional spaces.

Algorithm 2 Proposed Thresholding Approach (microODE version)
1:
2:
3:
4:
5:
6:
7:
8:

9:
10:
11:
12:
13:
14:

Random population initialization, P0
for i = 0 to Np do
for j = 0 to D do
OP0i,j ← aj + bj − P0i,j
end for
end for
Select Np ﬁttest individuals from set the {P0 , OP0 }
as initial population P0
Calculate objective value (dissimilarity measure) for
each individual in the population
{DE’s evolution steps}
while (satisfying termination criteria) do
Mutation
Crossover
Selection
end while
Thresholding input image with the found optimal
value of thresholding level, Top

no.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

VTR=fmin
3402
7160
10820
17385
5321
15335
8727
26117
18825
5944
11730
2929
3932
20088
19761
12123
Overall

micro-DE
NFC
SR
45
1
44
1
47
1
41
0.98
84
0.94
77
1
74
0.94
58
1
25
1
40
1
62
1
43
1
40
1
64
0.98
59
0.98
72
1
875 0.98

micro-ODE
NFC
SR
36
0.98
37
1
34
1
29
1
58
1
75
0.94
64
0.98
54
1
21
1
30
1
62
1
43
1
36
1
66
0.98
50
1
66
0.98
761 0.99

The performance of the proposed image thresholding
method is directly depending on the designed ﬁtness
function. As a future work direction, improving this
measure by combining it with other image quality measures [25] can enhance the overall thresholding quality.
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