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Abstract 
Remote Sensing technologies have been widely applied to monitoring natural and man-made 
phenomena such as desertification, land cover changes, coastal environments and 
environmental pollutions. Information extraction technologies from remotely sensed imagery 
as an important tool to understand and analyze nature phenomena on earth have been given 
great attention over past decades. However, only spectral information is not enough to obtain 
accurate information of interest in some cases, for instance the spectral values of shadows of 
clouds and water body can be confused easily when classification in TM imagery. Therefore 
how to incorporate spatial structure or spatial pattern of surface features to extracting process 
to improve the reliability of results has been investigated in lots of literatures. In this paper, 
we propose the application of multiple-point simulation (MPS) to the classification of remotely 
sensed imagery. In order to illustrate the advantage of integrating spatial structure 
information into classification process, we compare the results of Maximum Likelihood 
Classification (MLC) and MLC with spatial structure information from MPS in this paper. The 
latter gives a superior overall performance in the classification of remotely sensed imagery. 
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1 Introduction 
The phenomena, so-called same object with different spectrum and different objects with same 
spectrum, exist commonnly in the natural world. In some cases, therefore, spatial structure and 
spatial correlation of surface objects, as auxiliary data, need to be incorporated to the 
classification process to improve the classification accuracy of remotely sensed imagery. 
Currently, several methods proposed regarding how to use spatial information or image paterns 
to classification process, on the basis of spectral information, include contextual classification, 
classification using texture structure information, classification utilizing geostatistics etc. By 
use of spatial interdependant characteristics between neighbouring grid, contextual 
classifcation introduces structure information (Gong, 1992), but large scale spatial relation is 
not taken into account. Texture classification (Franklin etc., 2000) needs abundantly reproduce 
of surface objects prior to obtaining structure information. Geostatistics classification (Denis, 
1998) take both structure information and spatial correlation into account, and variogram does 
not be affected by scale change. Variogram, however, can only represents structure between 
two points and it has no ability to represent complex structure of geographical object or class. 
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Consquently, multiple-point statistics proposed and improved by Guardiano et al.(1993), 
Journel (1997), Strebelle (2001), Journel et al.(2005), Zhang et al.(2005), overcoming the 
deficiency of the traditional geostatistics which can not reproduce the complex geometric 
structure of geographical objects, utilizes training image instead of variogram to represent 
structure information and spatial correlation information of geographical objects.  

This paper attempts to improve classification accuracy by incorporating a MPS algorithm 
named Single Normal Equation Simulation algorithm-SNESIM (Strebelle, 2001; Zhang et al., 
2005; Strebelle, 2005) to classification process on basis of spectral information. First, 
Maximum Likelihood Classification method (MLC) which utilizes the spectral information is 
performed to classify remotely sensed imagery. Next, in order to make use of the information 
of spatial structure and spatial correlation, MPS is used to be secondary classification. Then, 
two results of classification are integrated by the theory of evidence (D-S Theory)(Dempster, 
1967; Shafer, 1976) and Consensus theory(Bendediktsson, 1992;). It is demonstrated that the 
new method temporarily called MLC + MPS gives a superior overall performance in the 
classification of remotely sensed imagery. 

2 Method 
The algorithm is based on the result from MLC and incorporates that from MPS. It has lots of 
advantages that: � not only keeps the spectral information of remote sensing image; � but also 
considers the geographical object's spatial structure information and spatial correlation 
information at the same time. For instance, complex geometrical structure of geographical 
objects can be reproduced through training image; � SNESIM algorithm (Strebelle et al., 
2001) uses pixels as simulation units without altering the sample data; �It is obviously faster 
than the object-based stochastic simulation algorithm, because SNESIM uses a search-tree to 
store conditional probability, so the computing complexity can be greatly reduced. The 
procedure of this algorithm is as follow:  

• perform MLC on remotely sensed imagery and preserve the probability vector; 
• determinate whether a point should be reserved as sample points for MPS (For 

example, points which belong to a certain class with the probability beyond 90% in 
the MLC classification result); 

• construct the search-tree according to training image and template; 
• deal with every non-sample point for MPS: 

(1) search points which is the nearest sample point; 
(2) construct probability model through the search-tree and the conditional data 

found above; 
(3) save the probability vector acquired from MPS. For each pixel, it should belong 

to a class which corresponds to the largest probability in the probability vector. 

After obtaining a probability vector from MLC and the other from MPS, it needs to discuss 
how to integrate these two kinds of probability vectors. In this paper, the evidence theory and 
the consensus theory are used to the integration of MLC+MPS algorithm. As for consensus 
theory used in this algorithm, it is not easy to choose proper parameter for the Logarithmic 
Opinion Pool-Log-OP if the sum of the probability is required to be 1 for the integrated result's 
probability vector. As to Linear Opinion Pool-Linear-OP, if the sum of the parameter is set to 
1 and every parameter is greater than or equal to 0, then the sum of the probability is 1 for the 
integrated result's probability vector. So the Linear-OP is selected. This restriction benifits 
further processing and realized data fusing in the sense of probability. 
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3 An empirical study 
In this part, an experiment is done for further demonstrating the efficiency and speed of the 
MLC+MPS algorithm. 

3.1 Description of data 
The experimental data is selected from a Landsat TM image which was taken for Chinese 
Yellow River Delta on August 8th, 1999. The image area located at the intersection terrain 
between Dongying and Binzhou, Shandong Province. The image size is 515X515 and its 
resolution is 30m. Its left-upper latitude and longitude coordinates are 118o0'34.07''E and 
37o22'24.00''N respectively. Its right-lower latitude and longitude coordinates are 
118o10'52.83''E and 37o13'58.13''N respectively. Figure 1 is the 5, 4, 3-band pseudo-color 
composition image. 

 

 
Figure 1 5, 4, 3-band pseudo-color composition image. 

From the figure 1, it is obvious that the sandy channel (Figure 1, A-like objects) of Yellow 
River, artificial ditches (Figure 1, B-like objects) and roads (Figure 1, C-like objects) have 
distinct structural characteristics. According to the classification result of MLC, the 
classification accuracy on ditch and road areas is relatively poor, so this experiment selects 
ditch region as a typical area for improving the classification accuracy. Furthermore, generally 
speaking, an image covers a wide spectrum of many types of geographical objects which are 
easily influenced each other, and different geographical objects may have similar structural 
characteristics. Therefore, if only a same training image is used to the entire image, the 
accuracy of the classification is likely not to increase, but reduced. On the other hand, the same 
geographical object in different regions may have different structural characteristics and 
therefore selecting a local area which has relatively prominent structure characteristics is 
needed for the experiment. Cutting area which is shown in Figure 2, with 100X100 pixel size, 
is selected for the experimental data. In order to avoid other factors which might potentially 
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disturb this experimental result, the ditch region was classified two classes: water and non-
water. 

 

 
Figure 2 5, 4, 3-band pseudo-color composite image of the cutting area. 

3.2 Experimental process 

3.2.1 Selecting of sample points and MLC classification 
MLC classification algorithm is performed firstly by PCI Geomatica on the cutting area. The 
sample data which is shown in Figure 3(a) has 1409 points, it having 268 pixels which 
represent water and 1141 pixels represent non-water geographical objects. Default parameter is 
selected for the classification and do not use "with NULL class" option. The classification 
result is shown in Figure 3(b). It has 952 black pixels which represent water and 9048 white 
pixels which represent non-water. 

 

(a)     (b)  

Figure 3 Sample points (a) and classification result from MLC (b). 
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3.2.2 MPS 
Consequently, the SNESIM of MPS algorithm is carried out. Point which belongs to a certain 
class with the probability beyond 90% in the MLC classification result (percentage parameter) 
is used as sample data in MPS. Moreover the template (Figure 4(a)) and training image (Figure 
4(b)) in Figure 4 is used to generate the search-tree. Template here is moderate and regular, 
and the training image is drawn by hand according to the result of MLC and remotely sensed 
imagery itself. Next is to calculate and save the MPS probability result for every non-sample 
point of MPS. For comparing the results obtained in different sizes of template, the size of 
template is enlarged two times, four times and eight times.  

 

                
(a)data template(every square represents a pixel)           (b)training image(250X250 pixel) 

Figure 4 Data template and training image of MPS. 

3.2.3 Data fusing 
Finally, the MPS probability results under different scales are incorporated with MLC 
probability results by use of theory of evidence and Linear-OP of consensus theory. In the 
Linear-OP, the weight of MPS result is set to 0.1 and the weight of MLC result is set to 0.9. 
Then for each pixel the class it belongs to is the class which corresponds to the largest 
probability of the probability vector. At last, the fusion result is represented to a classified 
image. 

3.3 Experimental results 
The classification result of MLC+MPS spends 3.4 seconds in a Centrino 1.4GHz, 512M 
memory computer. As is illustrated in Table 1, the first column and the forth column are the 
size of the template, Number 1 denotes the original template, 2 represents the double size of 
template, 4 represents the template which has been enlarged 4 times and 8 represents the 
template which has been enlarged 8 times. The second column and the fifth column of the 
table are the results from the consensus theory, and the third column and the sixth column of 
the table are the results from the theory of evidence. 

4 Result analysis 
Different parameter greatly affects the final classification result. According to experiences, 
analysis of different template size and different fusing theory has been made in the follow. 
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4.1 Comparison between different size templates 
From Table 1, compared with MLC results when the template size is 1, 2 and 4, the 
classification result is not greatly improved and even reduced at some places. When the 
template size is 8, a small and thin ditch in the upper area of the image is correctly classified. 
At the same time the only horizontal ditch in the right and slightly lower area of the image is 
also correctly classified. If Only the MLC algorithm is used, these two areas are hard to be 
distinguished. These results show that there are abundant spatial structure information and 
spatial correlation information in the image when the template size is 8 and lack spatial 
information when the template size is 1, 2 and 4. So the classification accuracy is not greatly 
improved and even reduced in some local area when the template size is 1, 2 and 4. 

Table 1. Experimental results. 

 

4.2 Comparison between different data fusing theory 
When the template size is 1, 2 and 4, no big difference can be found between the result of 
consensus theory and theory of evidence. When the template size is 8, however, there is 
discernable difference between the two results. Compared with the results from the theory of 
evidence, results from the consensus theory have more pixels classified into water. This is 
because the weight of the MLC result is given 0.9 and the weight of the MPS result is given 
0.1 in the fusion process based on the consensus theory. Therefore the result of MLC+MPS is 
more faithful to the MLC result. On the other hand the theory of evidence can not adjust the 
contribution of the probability data source, so the final result maybe more faithful to the MPS 
result. In this situation, most of classification results of MPS are attend to be classified to 
water. Relatively, consensus theory is more flexible than the theory of evidence, because it has 
adjustable parameters. 

In conclusion, the result is the best when the template size is 8 in the experiment and the result 
of the consensus theory is better than the result of the theory of evidence. 

5 Result analysis 
This paper proposed MLC+MPS classification method. This method utilizes the information of 
the surface objects around through the training image and template. It also overcomes the 
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deficiency of the traditional geostatistics which can not perfectly reproduce the complex 
structure of the geographical objects, it also overcomes the deficiency of traditional method 
only using spectral information. 

Though MLC+MPS method has many advantages, this new classification method still needs to 
be completed and many aspects need to be investigated in the near future. For instance, how to 
select template size, training image and percentage parameter and how to fuse data under 
multiple scales etc.  
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