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ABSTRACT: 

Object oriented analysis is widely used in interpretation of remote sensing images in comparison with pixel based approaches. A key 

step for achieving an acceptable classification result is meaningful image segmentation. Multi resolution segmentation is known as 

one of the most popular approaches in image segmentation that have been implemented in commercial software on the market, 

eCognition. However, this algorithm needs a set of optimum parameters which usually obtained by trial and error task. This 

technique not only is tedious and time consuming, also rely on the user’s experience. 

So In this study in order to alleviate this problem, genetic algorithm is proposed to find the optimal parameters for multi resolution 

segmentation by focusing on road feature.   

This method is implemented on a pan-sharpened IKONOS image covering a part of Shiraz city, Iran. The results show that, with 

parameters found by GA, multi resolution segmentation accuracy is higher than obtained accuracy with parameters found by user. 

The evaluation of results confirms the importance of genetic algorithm to get optimal parameters.  

 

 

1. INTRODUCTION 

1.1 Motivation 

For years, information extraction has been the topic of many 

researchers all around the world. Various strategies are used to 

extract information from remote sensing data. These strategies 

fall into two general categories called pixel based and object 

based. Most traditional pixel based approaches are based on the 

image pixels. By contrast, object based approaches are based on 

the objects which obtained by the segmentation of image data. 

Pixel based approaches only use digital number of pixels. 

Therefore, they face problems in complex urban areas. These 

problems cause from ignoring valuable information such as 

size, shape, and texture in high resolution images. Whereas 

object oriented approaches consider both spatial and spectral 

information. Accordingly, object oriented analysis produces 

better results especially in urban areas. 

Image segmentation as the initial stage of object based analysis, 

has an important role in the performance of object oriented 

analysis. The more accurate segmentation is the better the 

results of classification will be. 

Segmentation methods are usually categorized to two classes: 

edge-based and region-based techniques. Multi resolution 

segmentation, which was proposed by Baatz and Schäpe (2000), 

is one of the most powerful region based segmentation 

algorithms that have been implemented in commercial software 

on the market, eCognition (Definiens Imaging, 2009). 

This algorithm is a bottom-up region merging process starting 

with one pixel and performs based on two heterogeneity criteria, 

geometrical and spectral. Smaller image objects are then 

merged into bigger ones which form segmentation with object 

on different scales. 

Nevertheless, this algorithm needs a set of parameters which 

usually obtained by trial and error process that is tedious and 

time consuming (Tian and Chen, 2007). As a consequence, it is 

essential to find the optimum homogeneity parameters 

automatically. 

There are many methods for the optimization of segmentation 

parameters such as neural network, ant colony, genetic 

algorithm, and so on. Among these algorithms, genetic 

algorithm is known as one of the powerful methods.  

The genetic algorithm, which proposed by John Holland (1975), 

is based on evolution and natural process. To compare with 

other algorithms, genetic algorithm has many advantages in 

solving the optimization issues. At first, this algorithm produces 

initial population randomly and then evaluates the fitness each 

of chromosome in the population.  Afterwards, the fittest 

chromosome is selected. At last, the next generation is produced 

by using crossover and mutation operators. 

Genetic algorithm has been applied to many image processing 

applications such as image segmentation (Bhanu et al., 1995; 

Kim et al., 1998; Bhandarkar and Zhang, 1999; Tseng and Lai, 

1999), image classification (Tseng et al., 2008; Wen et al., 

2009; Stavrakoudis et al., 2011) and feature extraction (Krawiec 

and Bhanu, 2005; Puig and Garcia, 2006; Li et al., 2011) from 

remotely sensed images.  

Chun and Yang (1996) used fuzzy and genetic algorithm to 

region based segmentation. 

Van Coillie et al. (2007) selected the optimal features for 

object-oriented classification based on genetic algorithm. 
 

1.2 Related Works 

Up to now, many researches have been done in the field of 

multi resolution segmentation (Gamanya et al., 2007; Lucas et 

al., 2007; Mathieu et al., 2007; Mallinis et al., 2008; 
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Schneevoigt et al., 2008; Dragut and Eisank, 2012). However, 

there have been few researches for determining optimal 

segmentation parameters.  

Tian et al. (2007) presented a method for estimating parameters 

of multi resolution segmentation. His proposed framework was 

tested to segment features such as sports fields, roads, and 

residential buildings. It was found that best road segmentation 

results occurred in a small weight compactness and medium 

weight shape heterogeneity. 

Dragut et al. (2010) proposed a method that was based on the 

local variance of object heterogeneity within a scene. Finally, 

appropriate scale was obtained by evaluating LV and changes of 

LV. 

Lian et al. (2011) presented a method to determine scale factor 

based on standard deviation of the means and mean of standard 

deviations of image objects’ brightness by using multi-resources 

images. It was proved relationship between spatial resolution 

and classification accuracy. 

 

So this research aims to use genetic algorithm to determine 

optimal parameters by considering the road feature in IKONOS 

high resolution images. 

 

This paper is outlined as follows. In section 2, a summary of 

multi resolution segmentation is presented and the proposed 

method is elaborated. The results are reported in section 3. 

Finally, conclusions are described in section 4. 

 
 

2. METHODOLOGY 

2.1 Multi resolution Segmentation 

The multi resolution segmentation procedure could be 

summarized as the following (Baatz and Schäpe, 2000): 

 

(1)  Initially, each pixel in image is considered as a seed object. 

Then fusion factor (f) is calculated for each of the neighbors of 

the selected seed object to find the best neighbor which has the 

minimum fusion factor. 

(2)  If best-fitting is not mutual, best candidate object is 

considered as new seed object and finds its best neighbor. 

(3)  When best-fitting is mutual, calculated fusion factor is 

compared to scale factor. If fusion factor be less than the square 

of scale factor, two objects will be merged. 

(4)  This process continues until no more merging is possible. 

 

Fusion factor contains object features such as shape and color as 

observed in equation 1. 

 

 

f  =         .          +         .                                  (1) 

 

 

          expresses difference in spectral heterogeneity that is 

defined as following: 
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As can be seen in equations (4) and (5), smoothness criterion 

equals the ratio factual border length l and the perimeter b of the 

bounding box. Meanwhile, compactness criterion equals the 

ratio factual border length l and the root of number of pixels in 

object. 

Considering above equations, multi resolution segmentation 

needs six parameters including scale factor, weights of shape 

and color heterogeneity, weights of smoothness and 

compactness heterogeneity and weight of each spectral band. 

Among these parameters, weight of shape with color 

heterogeneity and weight of compactness with smoothness 

heterogeneity are complement. So the user should define four 

independent parameters namely scale factor, weights of 

compactness and shape heterogeneity, and weight of each 

spectral band. You can see a detailed description in (Baatz and 

Schape, 2000). 

 

2.2 The Proposed Method 

As mentioned above, four independent parameters are as input 

parameters of multi resolution segmentation. In this paper, we 

consider weight of each spectral band equal to 1. So, we just 

optimize weights of shape and compactness heterogeneity and 

scale factor by using genetic algorithm. In other words, each 

chromosome in genetic algorithm has three genes that is coded 

in real values form. Weights of shape and compactness 

heterogeneity are set between o.1 to 0.9 and 0 to 1, respectively. 

Also, maximum scale factor is considered to 100.  

In addition to crossover operation, the mutation operation is also 

essential for the GA because mutation causes anomalies in the 

reproductive cycle (Booker et al., 1997). 

So in our approach, crossover probability is set to 0.8, while the 

mutation probability equals 0.01. 

The fitness of chromosome has a vital role in genetic algorithm 

and controls the whole process. In our approach, fitness 

function which should be minimized is represented in following 

equation. 

 

 

                                                          (6) 

 

  

Where             = Area of reference road segments  

                           Area of generated road segments by GA  

                 n = number of generated road segments by GA       

             

The method that we adopted is described below.  

Firstly, initial population randomly is produced and their fitness 

is calculated. Afterwards, tournament selection method which 

selects parent with the highest fitness is chosen. After parent 
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selection, a single point crossover is utilized to generate 

offspring. Finally, mutation operation is performed 

independently for each offspring. 

In this way, next generation is produced and calculated their 

fitness. The process continues until a stopping criterion is 

satisfied. 

Consequently, segmentation result evaluated by result obtained 

by using parameters found by the user. 

In our case study, parameters should be selected by considering 

road feature. 

Figure 1 shows the diagram of the implemented methodology in 

this research. 
 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Flowchart of the proposed algorithm for optimizing 

parameters of multi resolution segmentation 

 

2.3 Study Area & Input Data 

A pan-sharpened IKONOS satellite image with spatial 

resolution of 1m is used in this paper. This image is taken from 

Shiraz city in Iran. Figure 2 shows the input image with their 

manually produced reference image. 
 

 

        
 

Figure 2. Pan-sharpened IKONOS image of Shiraz in Iran and 

its manually produced reference image 

 

 

3. RESULTS & DISCUSSION 

In this paper, GA is used to address the problem of multi 

resolution segmentation parameters selection. 

The manually optimized segmentation parameters have been 

found by the user. 

Table 1 shows the obtained optimal parameters by GA and the 

user for input image. In order to verify the GA-optimized 

segmentation results, we generated error matrix. Overall 

accuracy and Kappa index derived from error matrix are listed 

in Tables 2. 

 

Parameters found by GA Parameters found by the user 

Scale 

factor 

Weight_ 

Shape 

Weight

_ comp 

Scale 

factor 

Weight_

Shape 

Weight 

_comp 

55.000 0.6000 0.2010 70 0.7 0.2 

 

Table 1. Segmentation parameters found by GA and the user 

 

User-based 

Segmentation 
GA-based 

Segmentation 

 

 
 

90.3536 96.4856 Accuracy 
85.73 88.56 Kappa 

 

Table 2.Overall accuracy and Kappa Index for GA-based and 

user-based segmentation 

 

As noted in Table 2, segmentation accuracy and Kappa index by 

using parameters obtained by GA is higher than the user. 

The result of segmentation based on GA-optimized and user-

optimized parameters are shown in Figures 3. A cursory look at 

Figures 3 reveals that genetic algorithm gets better results. 

Visual assessment indicates the high capability of proposed 

method for choosing optimal parameters. 

For closer investigation, some of road segments are shown by 

red circles in Figures 4 for GA-based and user-based 

segmentation. It is found from Figure that, mostly in the 

intersection areas, the road segmented by the user don't appear 

accurately. Whereas, GA could segments them well. 

Another problem is related to some vehicles in road 

homogeneity surface. They perform as noises which make 

distribution in road segmentation and are considered as 

separated segments.  

According to described above, it can be easily deduced that GA 

has significant effect on road segmentation results. 

 

 

 

 

 

 

 

IKONOS image 
Reference segmented 

 image 

Initial population production 

Image segmentation and 

calculation fitness value for 

each chromosome 

Chromosome selection by using 

tournament selection 

Image segmentation and 

calculation fitness value for 

each new chromosome 

Termination criteria 

Evaluation of segmentation 

parameters optimized by GA 

 

Yes 

No 

Mutation operator for new 

chromosomes 

International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XL-1/W3, 2013
SMPR 2013, 5 – 8 October 2013, Tehran, Iran

This contribution has been peer-reviewed. The peer-review was conducted on the basis of the abstract. 347



 

user-segmented 

image  

GA-segmented 

image  
image 

   
Figure3. The result of image segmentation by using 

parameters optimized by GA and the user 

 

user-segmented 

image  
GA-segmented 

image  
Reference 

segmented image 

  a)  

  b)  

    c)  
Figure 4. Some road segments obtained based on GA and 

the user  

 

 

4. CONCLUSION 

Although multi resolution segmentation has been utilized in 

recent years, choosing the suitable input parameters has 

remained a challenge. The selection of optimal parameters has 

been dependent to trial and error process which is tedious and 

time consuming. Thus, this paper presents optimization 

approach for parameters selection of multi resolution 

segmentation based on genetic algorithm. 

The proposed method has been tested on IKONOS pan-

sharpened image covering a part of Shiraz city in Iran. The cited 

work focused on road feature. So fitness function defined based 

upon roads in image. Finally, result evaluated by using 

assessment parameters derived from error matrix called overall 

accuracy and Kappa index. 

The segmentation accuracy obtained by using GA-optimized 

parameters is higher than 96%. As expected, the use of genetic 

algorithm yields a significant performance improvement in 

comparison with user-based. A visual assessment of results also 

confirms the importance of GA in finding parameters.  

As seen from image, segmentation by using GA-optimized 

parameters could perform well in intersection areas in 

comparison with manual ones.  

Something such as vehicles on road homogeneity surface cause 

spectral heterogeneity inside road object. So wrong selection of 

weight of spectral heterogeneity and consequently weight of 

shape heterogeneity can make roads don't appear linearly and 

normally. In addition, another problem can cause is to segment 

road and building as one object because of spectral similar of 

them. As a result, high weight of shape heterogeneity should be 

considered in complex urban areas. It should be noted that, very 

high weight of shape heterogeneity can cause some another 

problems. 

The proposed method focusing on other interest objects might 

be worthy research in future. Additionally, fitness function 

designed for GA can be improved. More researches on a wider 

variety of scenes and using other type of sensors would be 

recommended as future works.  
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