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Abstract— Maximum Variance Image Segmentation method 

(Otsu) is a popular non-parametric method in image 

segmentation. However, it is large amount of computation 

and poor real-time quality have limited its further 

application. To solve these problems, a new approach based 

on an adaptive genetic algorithm (AGA) and Otsu are 

proposed, which using between-class variance as fitness 

function, automatically adjusts the optimal threshold. The 

adaptive genetic algorithm selects crossover probability and 

mutation probability according to the fitness values, reduces 

the convergence time and improves the precision of genetic 

algorithm, insuring the accuracy of parameter selection. The 

experimental results show that the proposed method is better 

than the original Otsu, the AGA-Otsu can provide better 

effectiveness on experiments of infrared image segmentation, 

decrease processing time. 

Keywords- Image segmentation; Otsu; Adaptive Genetic 

Algorithm;  Infrared image; Optimal threshold 

I. INTRODUCTION  

Image segmentation is considered as an important basic 
operation for meaningful analysis and interpretation of 
image acquired. Image segmentation is a process of 
dividing an image into a number or sub-areas with 
different characteristics and extracting the interested 
objects. One of the methods of image segmentation is the 
threshold-based method which divides the image into 
several areas by one or more thresholds and considers the 
pixels belonging to the same area as a separate object. 
Threshold-based method is definitely one of the most 
popular segmentation approaches to extract objects from 
images, and more particularly in infrared images [1].  The 
advantages of the threshold-based method are its 
simplicity and easy implementation while the difficulties 
lie in how to select the best threshold to ensure a 
satisfactory segmentation result. Many threshold-based 

methods have been proposed by a lot of scholars. Pun [2] 
proposed an algorithm based on entropy. Maximum class-
between variance algorithm   (also known as the Otsu 
algorithm) [3], introduced a nonparametric and 
unsupervised method for image segmentation. The 
minimum error algorithm [4,5], Adaptive minimum error 
algorithm [6], Fuzzy Cluster [7-9] etc. Maximum class-
between variance algorithm uses image histogram to 
determine the best segmentation threshold between the 
object and background of an image. It can well pledges 
the result, which doesn't need priori knowledge [10]. 
However, the solution of optimization threshold is gotten 
by exhaustive search and the process costs too much time. 

Genetic algorithms (GA) are robust search and 
optimization techniques which are finding application in a 
number of practical problems [11, 12]. The basic 
operating principles of GA are based on the principles of 
natural evolution. The robustness of GA requires little 
knowledge of the problem itself and does not require that 
the search space is differentiable or continuous. GA for 
reproduction can provide the solution for optimizing 
parameters. Adaptive genetic algorithm (AGA) is a type 
of GA of which probabilities of crossover and mutation 
are adaptively adjusted according to the fitness values of 
individuals [12]. 

In order to avoid the shortcomings of the Otsu 
algorithm time-consuming, a new approach based on an 
adaptive genetic algorithm (AGA) and Otsu is proposed, 
which using between-class variance as fitness function, 
automatically adjusts the optimum threshold, this method 
selects crossover probability and mutation probability 
according to the fitness values, insuring the accuracy of 
parameter selection, decrease the processing time. 
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II. OTSU ALGORITHM 

The Otsu algorithm is proposed by Nobuyuki Otsu [3], 
based on the maximum variance between classes. 
According to the histogram of an image, Otsu method 
chooses the maximum between class are variance from 
the background as the criterion of threshold. Due its good 
segmentation effect, it has become one of the most widely 
used threshold-based segmentation methods. The 
principle of the algorithm can be described as follows. 

Let the pixels of a given image be represented in L 
gray levels. The collection of all gray values of the image 

is {0,1,2,..., 1}.G L   The number of pixels at level i is 

denoted by 
in  , the total number of pixels is: 
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In order to simplify the discussion, the gray-level 
histogram is normalized and regarded as a probability 
distribution:  
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Supposing the image is segmented into two regions by 
the threshold which has the gray value t. The region 
contains pixels have the gray value between 0 to 1t   is 

defined as 
0C , which represents the background of the 

image. The region contains pixels and have the gray value 

between t  to L-1 which is defined as 
1C , which 

represents the object in the image. 

The probability of 
0C  and 

1C are: 
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The mean of 
0C  and 

1C  gray values are: 
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The average gray value of whole image is: 
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0C  and 
1C  class variance by the following formula: 

21
2 0

0

0 0

( )t
i

i

i P








 
                            (8) 

21
2 1

1

1

( )m
i

i t

i P








 
                             (9) 

Define class variance 2

 , between-class variance 
2

B and 2

T  
population variance as: 
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In the expression of 2

  and 2

B are contained 

threshold t, it is possible to introduce a soft decision rule: 
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Then the problem is reduced to an optimization 
problem to search for a threshold t that maximizes one of 
the object functions (the criterion measures). This 
standpoint is motivated by a conjecture that threshold 
classes will be separated in gray levels, and conversely, a 
threshold giving the best separation of classes in gray 
levels will be the best threshold. 

It is noticed that 2

  and 2

B  are functions of threshold 

level t, but 2

T  is independent of t. Therefore, ( )t is the 

simplest measure with respect to t. Thus, adopt ( )t  as 

the criterion measure to evaluate the threshold at level t. 
The value in the range of pixels gray levels in image is t, 

when the results of ( )t   reaches a maximum, then take 
*t  as the best threshold: 
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III. OTSU COMBINED WITH ADAPTIVE GENETIC 

ALGORITHM 

Otsu solving process finds an optimal solution in the 
solution space, making the maximum between-class 
variance. In order to find the variable t  which causes 

( )t  to maximum value, the algorithm calculates a 

variance for each gray value in the gray level collection 

G and thus it is hardly for Otsu to achieve real-time 

processing requirements.  
Simple Genetic Algorithms (SGA) is firstly proposed 

by John H. from the Michigan University in America. As a 
newly developed optimization algorithm, the genetic 
algorithm is derived from the theory of Darwinism and 
genetics. Simple Genetic Algorithm is characterized by its 
current effectiveness, strong robustness, and simple 
implementation. But Simple genetic algorithm has 
premature convergence problem[13,14]. Therefore, the 
goals with adaptive probabilities of crossover and mutation 
are to maintain the genetic diversity in the population and 
prevent the genetic algorithms to converge prematurely to 
local minima. Adaptive genetic algorithm can get better 
solution for the problem by adjusting crossover probability 

cP and the mutation probability 
mP  dynamically according 

to the individuals fitness[15]. Adaptive genetic algorithm 
is used to search for the optimal Otsu parameter, improve 
search speed and reduce calculation. 

A. Algorithm Design 

1）Code and Fitness Function 

Use binary encode. For the gray-level from 0 to 255, 
individual denoted by chromosome is coded into 8 bit as a 
threshold. Fitness function is a key factor to obtain 

threshold through GA. Define between-class variance 2

B  

as the fitness function. Use Formula (11) to calculate the 
individual fitness value.  
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2）Selection Operation 

The stochastic tournament selection is implemented for 
the current population for reproduction. 

3）Crossover and Mutation Operation 

Crossover and Mutation Operation, create new 
offspring by performing crossover and mutation 
operations. The probabilities of crossover and mutation 
can be defined in the following forms [15]: 
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where 
1cP  is the maximum probability of crossover, 

2cP  is 

the minimum probability of crossover, '

ifit is the larger 

fitness value of the two individuals selected for crossover, 

1mP  is the maximum probability of mutation, 
2mP is the 

minimum probability of mutation, 
maxfit  is the maximum 

fitness value of the current population, avgfit  is the average 

fitness value of the current population, and fit  is the 

fitness value of the individual to mutate. 

B. Algorithm Realization 

The Algorithm of infrared image segmentation based 
on Otsu and adaptive genetic algorithm consists of the 
following steps: 

Step1: Initialization population, define the adaptive 
genetic algorithm’s operational parameters (the number of 
variables, search domain of each variable, the number of 
individuals in population, maximum number of evolution 
generations, maximum and minimum mutation probability, 
and maximum and minimum crossover probability) , 

iterative times 1k  , generate an random initial 

population. 
Step2: Training the individual in population, 

evaluating fitness. 
Step3: If the population corresponding to the best 

individual fitness function value is set to meet the 
requirements or the number of iterations is reached, then 
go to step 6. 

Step4: 1k k  . 

Step5: Apply selection, crossover and mutation 
operators to generate new population, go to step 3. 

Step6: Select the individual with largest fitness as the 
best results, and it is the best threshold to segment the 
image. 

Step7: End. 
Otsu integrated with AGA flowchart is shown in Fig. 1. 

IV. EXPERIMENT RESULTS 

In order to verify the validity of proposed algorithm, 

Otsu algorithm and AGA-Otsu algorithm are carried out 

simulation experiments. 
Original infrared images are shown in Fig. 2 and Fig. 

3. Image segmentation has made by Otsu based on 

adaptive genetic algorithm and Otsu respectively. 

Adaptive genetic algorithm parameters settings are as 

follows: code length is 8, the number of individuals in 

population is 20, 
1

0.9cP  ,
2 0.6cP  ,

1
0.1mP  , 

2 0.001mP  , maximum number of iterations is 100. 

The infrared image is then segmentation using the 

Otsu and AGA-Otsu methods for comparison. Image 

segmentation results are shown in Fig. 4-Fig. 7. 

 

Generation: k=1

Create initial population 

and coding

Output optimal individual,

  segment image

Generation:

k=k+1
Evaluating fitness

Start

No

Yes

End

AGA operation: 

selection ,crossover,

mutation

Termination condition

 satisfied？

 

Figure 1. Flowchart of AGA-Otsu 

 

Figure 2. Original infrared image 1 
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Figure 3.  Original infrared image 2 

 

Figure 4. Image segmentation by Otsu for image1 

 

Figure 5. Image segmentation by Otsu for image2 

 

Figure 6. Image segmentation by AGA-Otsu for image1 

 

Figure 7. Image segmentation by AGA-Otsu for image2 

Fig.4 is Otsu segmentation results of image 1, Fig. 5 is 

segmentation results of Otsu for Fig. 2. Fig. 6 is AGA-

Otsu segmentation results of Fig.1 1, Fig. 7 is AGA-Otsu 

segmentation results of Fig. 2. From Fig. 4 and Fig. 6, Fig. 

5 and Fig. 7, it can be seen that the segmentation results of 

the two methods are similar. Genetic algorithms exist in 

the process of computing the convergence problems, 

leading to the results of each operation is different, in 

order to verify the reliability of the proposed method, by 

taking the mean of 10 trials way to get this algorithm to 

determine the optimal threshold. Due to limited space, the 

paper gives only Fig. 1 10 times experiment results by 

AGA-Otsu method, shown in Table 1.  

TABLE I.  AGA-OTSU METHOD RESULT OF THRESHOLD AND 

CALCULATION TIME FOR IMAGE 1 

Methods Times Threshold Time (ms) 

AGA-Otsu 

1 114 123.323 

2 102 116.160 

3 129 125.115 

4 124 136.995 

5 122 121.136 

6 112 124.965 

7 108 124.235 

8 117 131.161 

9 120 112.104 

10 104 133.182 

 

Table 2 compares the performance of the Otsu 

algorithm and AGA-Otsu algorithm. 

TABLE II.  TWO METHODS PERFORMANCE AND CALCULATION 

TIME COMPARISON  

 Methods Threshold Time (ms) 

Image 1 
Otsu 118 407.023 

AGA-Otsu 115 124.837 

Image 2 
Otsu 123 439.599 

AGA-Otsu 130 121.279 

 
Table 2 shows comparison of the proposed algorithm 

with the Otsu algorithm computation time and 
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segmentation threshold. From Table 1, it can be seen that 
AGA-Otsu algorithm calculate the segmentation threshold 
and traditional Otsu algorithm calculate threshold are 
similar, but in the computation time AGA-Otsu algorithm 
is significantly better than the traditional Otsu algorithm, 
the traditional Otsu algorithm computation time is about 
four times of the AGA-Otsu algorithm. 

V. CONCLUSIONS 

The Otsu algorithm has the attributes of good 
segmentation effect and easy implementation. But its 
application is limited by its shortcomings like large 
amount of computation and long execution time. To solve 
this problem, a new approach Otsu combined with 
adaptive genetic algorithm is proposed. Adaptive genetic 
algorithm is a type of GA of which probabilities of 
crossover and mutation are adaptively adjusted according 
to the fitness values of individuals, the goals with adaptive 
probabilities of crossover and mutation are to maintain the 
genetic diversity in the population and prevent the genetic 
algorithms to converge prematurely to local minima. 
Experimental results show that the proposed algorithm can 
obtain segmentation results similar to the original Otsu 
algorithm, better than Otsu but with higher efficiency and 
less execution time. 
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