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Abstract: It has always been a hotspot and difficult point in remote sensing to identify interesting geographical 
objects from remote sensing images. To reduce the independence between the random variables in the network 
Bayesian classifier model and to improve the classification performance, a causality-based network Bayesian 
classifier is suggested in this paper. In this model, the improved genetic algorithm is used for network topology 
learning and causality analyzing is taken for feature selection, which aims to realizing automatic recognition of 
unfavorable geological bodies. Experiments show that this model is of good classification performance and of 
high classification stability. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Geological survey which is the preparatory work 
for geotechnical engineering projects plays an 
important role in the design and post- construction, 
but for a long time, the geological exploration is 
completed by the geological staff under field, which 
not only spends a lot of manpower, material and time, 
but in some poor geological conditions, geological 
survey workers are not easily accessible to it or 
hazardous. These are likely to impact on the 
exploration work, which led to the lack of exploration 
data and the incomplete data. Research and practice 
show that applying the remote sensing to the 
geological survey will make the geological survey 

convenient and fast and obtain the geological 
information of the same area at different times, 
allowing the engineering-related workers have a 
thorough understanding of features of the 
environment in the exploration area, improving the 
quality of work, and the geological survey workers 
can effectively deal with or avoid adverse geological 
hazards during the construction process [1]. 

Remote sensing image classification is a 
relatively complex issue in pattern recognition; it is 
mainly divided into two categories: supervised 
classification and unsupervised classification. 
Supervised classification is on the known class 
sample data, classifying the image pixel into a given 
category classification methods by selecting the 
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suitable characteristic variable, discriminate function 
and roles. Unsupervised classification in the absence 
of priori category information classes the image pixel 
into suitable feature type classifications depends on 
the statistical information of the image itself and 
natural distribution point group [2]. 

Bayesian network classifier is a supervised 
classification based on priori information. It is a new 
tool for learning and reasoning and its study of 
uncertain problems in artificial intelligence has been 
an important branch in artificial intelligence [3]. A 
large number of researches and practices show that 
Bayesian network is an efficient tool for uncertainty 
reasoning and data analysis and it can decompose 
joint probability distribution through random 
conditional independence relationships between 
variables reducing the computational difficulty and 
workload, which is the most striking advantage of the 
Bayesian network in the classification. It is also the 
reason for its wide range of applications. Bayesian 
network is the product of the combination of 
Bayesian probability formula and graph theory and it 
is a language which can depict the relationship 
between random variables systematically; the graph 
shows the random mutual dependencies between 
nodes in Bayesian network. This paper takes a simple 
Bayesian network model, but in the view of 
performance, it is equally matched with neural 
networks [4], SVM [5], the minimum distance 
method [6], the maximum likelihood method [7] and 
many other classifications, and it has a relatively 
small amount of computation, simple structure which 
is easy to learn, stable performance, and many  
other advantages. 

There are two ways to improve the performance 
of the simple Bayesian network classifiers: one is to 
try to select the random variables whose conditions 
are mutually independent, reducing the negative 
impact caused by assumption of conditional 
independence between features; another is looseness 
or enlargement assumption of conditional 
independence between features conditions [8]. 
However, the simple Bayesian network classifiers 
treat all the features variables as relatively 
independent variables. Although numerous studies 
and experiments show, even under the conditions of 
the assumption of independence, the simple Bayesian 
network still performs quite robust, this assumption, 
after all, does not comply with everything in the real 
world relationships that exist in the objective .In 
order to make the simple Bayesian network play out 
its best performance, the current study has two main 
ideas: one is to select out original characteristics 
which are representative and of low correlation, in 
this regard, there are many classification methods 
such as Bayesian network classifier based on 
component analysis and selective Bayesian network 
classifier. Another is to broaden the independence 
requirements between features, thus better and more 
accurately describes the dependencies between 
features to improve the performance of Bayesian 
classifier, in this regard, there are many classification 

methods such as semi-simple Bayesian network 
classifier, enhanced tree simple Bayesian network 
classifier, network enhanced simple Bayesian 
network classifier and so on. It can be seen that the 
direct method to improve the performance of simple 
Bayesian classifier is to take effective mechanisms  
or appropriate way to manipulate or  
represent conditional independent relationships 
between features. 

This paper aims at the first method to improve the 
performance of simple Bayesian classifier, starts at 
how to choose the characteristics of inter-conditional 
independence, on the basis of introduction of 
causality, treats the dependencies between nodes as 
causality, thus the child nodes that have parent nodes 
will be removed as redundant information, only 
leaving those child nodes that have no parent nodes 
expect those category nodes as a result of feature 
selection, thus making the feature nodes satisfy the 
conditional independence assumption and building a 
simple Bayesian network classifier.  

In the process of feature selection, the genetic 
algorithms is introduced to accelerate the search 
speed of Bayesian networks, which firstly generated 
initial population randomly as the initial network 
structure, then by selecting operation, crossover and 
mutation to get the optimum results on the basis of 
selecting the appropriate fitness function and 
termination conditions. 

 
 
2. The Principle of Simple Bayesian 

Network Classifiers 
 

Simple Bayesian network is the simplest model in 
Bayesian network. This model assumes that there is 
no dependencies between nodes, that is to say, they 
are conditional independence relative to parent nodes 
(category node), so that it does not need to study the 
structure of the network. It only needs to study the 
parameter of feature nodes in the network results [3].  

Although the simple Bayesian network seems to 
be simple, there has been widespread concerns, and 
the reason is that it is successfully applied  
to model selection, clustering and classification of 
data mining. 

Simple Bayesian network classifiers are in fact a 
directed acyclic graph with probability. For a group 
characteristic variables x={x1, x2, L, xn, c}  
(c is categorical variable, others are  
characteristic variables). We can use a tupelo  
B=<G, Θ> to represent the simple Bayesian network 
classifier. G represents network topology of Simple 
Bayesian network classifiers; Θ represents the set of 
local probability distribution of every random 
variable. Θ = {p (xi|π (xi))}, xi is characteristic 
variable and it is the node in G, π (xi) represents the 
set of parent nodes of xi, in the simple Bayesian 
network classifiers model π (xi) =c. Fig. 1 is the 
simple Bayesian network classifiers: 
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Fig. 1. Simple Bayesian Network Classifiers. 
 
 

Random variables x1, x2, L, xn are characteristic 
variables extracted form the unit to be classified, and 
n is number of characteristic variables, C is 
categorical variable. It can also be seen from the 
graph that π(C)=¢ and π(xi)=c, 1≤i≤n. Based on 
Fig. 1 and Bayesian probability calculation formula, 
we can know that 
 

 
1

1

( , , , ) ( ) ( | )
n

n i
i

P X X C P C P X C
=

= ∏  (1) 

 

Then based on definition of conditional 
probability, we can know that 
 

1
1

11

( , , | ) ( ) ( | )
( | , , ) ( )

( , , ) ( )

n
n i

n
in i

P X X C PC P X C
PC X X PC

P X X P X=

= = ∏


, (2) 

 

where P (xi) and P(c) represent the priory probability 
of Xi and c respectively. Conditional probability  
P (C|x1, L, Xn) is the probability that category C 
happens when characteristic X1, X2, L, Xn exit.  
P (Xi| C) is the probability that category Xi happens 
when characteristic C exits. P(X1, X2, L, Xn) is the 
joint probability that X1, X2, L, Xn, C concurs. It can 
also be seen from formula 2-2 that if we can know or 
estimate P(C), P (Xi| C), P (Xi), then we can know  
P (C|x1, L, Xn). Because normal distribution is a 
every simple distribution, also a common distribution 
in nature, so we can assume that the characteristic 
variables obey unitary normal distribution, that is 
X: ( , )N u θ , then the formula of P (Xi| C) is 
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Hypothesis testing can be used to verify whether 
the characteristic variables meet normality 
assumption, if it does not meet the normality 
assumption, we can make it close to normal data by a 
certain transformation of characteristic variables [9]. 
 
 

3. Algorithm Design and Image  
Feature Extraction 

 
Although causality has no definition in a strict 

sense so yet, it indeed exists between everything in 
the world, so this paper assumes that causality exists 
between variables in Bayesian network model. 

In BAN model except category node C, the 
remaining nodes can have an arbitrary directed edge. 
If there exists n characteristic variables, then the 
number of network topology may be 

2( )
23

n n− , even 
limit the order that variables appear, the number will 
still be 

2( )
22

n n− .In this case, the workload of 
searching the network topology is huge, in order to 
improve the speed, the genetic algorithm is 
introduced in the search algorithm. 

For n nodes (characteristic variables), each node 
exists a directed edge, then the number of edges will 

be 
2( )

2
n n−

, each directed edge has three states: 
No connection, positive direction, reverse direction 
(the positive direction is pre-established). In order to 
reduce the search workload, the order of nodes is 
presupposed, and the connecting direction is 
determined by the order that the variables appear, in 
this way, the state of directed edges will be two: 
connection and no connection. Under this 
circumstance, we can use zero or one to represent the 
connection state of each two nodes, then the 
connection state of all nodes form a binary code 
string, so that each network topology becomes a 
genetic individual, and zero indicates no connection, 
one indicates connection, connection states is 
determined by the order of characteristic variable 
which is pre-established. 

In Table 1, the first line describes the gene 
information, the second describes the connected 
nodes, the third describes the state of connected 
nodes. We assume that the order of nodes is  
x1, x2, L, xn. 

Below is the algorithmic process of feature 
selection which introduces genetic algorithms to 
explore the BAN network topology and apply 
causality to the Bayesian network. 
 
 

Table 1. Genetic individual schematically. 
 

Genetic loci 1 2 … n-1 n n+1 … 2n-3 … 
2

zn n−

Connection 
nodes 1,2t 1,3t … 1,nt 2,3t  2,4t  … 2,nt  … ( 1),n nt −

 
Connected 

states 0 1 … 1 0 0 … 1 … 1 

 
 

1) The generation of the initial population. 
Using the random number generator producing a 

initial population whose size is m which is  
40 integers vary from 0 to Cn

2 ,and convert them into 
binary coded form, each encoded string represents an 
individual in the population, each individual 
represents a kind of network topology, they are 
expressed respectively as S1,S2,…,Sm. 

2) The selection of the fitness function. 
Firstly, we use sample data to estimate the 

parameters of each individual in the initial 
population, and then obtain the training accuracy by 
treating the sample data as test sample to do 
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classification, at last, treating the training accuracy as 
fitness function, the larger is the number, the better is 
the network topology which is produced by 
individual decoding. 

3) The selection of the operation. 
The nonlinear sort method is selected as select 

options. In the select options, each individual in the 
population is in a descending sort by fitness, then 
distribute selection probabilities, the formula is 
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where q is the constant which represents the 
probability of the best individual selected, here the q 
is 0.5. 

The individuals are selected by the method of 
using roulette which is based on selection 
probabilities pi, the individuals ( 1 2, , , mS S S′ ′ ′ ) are used 

for subsequent breeding individuals. 
4) Crossover operation. 
After the Select options, a part of individuals 

which have a better fitness are left, and the diversity 
of population becomes less. In order to search out 
better genetic combinations from the population, we 
can select two individuals from the existing 
populations for crossover each time based on 
crossover probabilities Pc pre-configured, producing 
a new population 1 2, , , mS S S′′ ′′ ′′ . The single-point crossover 

method is adopted and Pc is 0.8. 
5) Mutation operation. 
This step is amid at selecting out the individual to 

variation based on mutation probabilities Pd  

pre-configured. 
Afterwards, selecting the variant gene locus forms 

the binary coded strings randomly for mutation, thus 
forming a new population 

1 2, , , mS S S′′′ ′′′ ′′′ .  

The Single-point mutation operators is adopted 
and Pd is 0.3. 

6) The termination conditions. 
Judging whether the termination condition is 

satisfied, if it does, then go to step seven, otherwise 
turn to step three. Keeping the maximum fitness 
value of the individuals in the population for two 
generations constant is the termination condition. 

7) Decoding. 
The individual whose fitness is max in the last 

generation population is the optimal results, and after 
decoding it we can get optimum Bayesian  
network model. 

8) The improvement of genetic algorithms. 
Based on the crossover probabilities Pc and 

mutation probability Pd, Randomized uniform design 
genetic algorithm is as follows: 
 For the each genetic manipulation; 
 Selecting two chromosomes randomly to the 

randomized uniform design crossover operation at 
the probability of Pc; 

 Doing the genetic mutation operation at the 
probability of Pd; 
 Then put the chromosomes which go through 

the genetic operation into the chromosome pool, and   
calculating the fitness of the new obtained 
chromosomes. In the capacity of chromosomes is 
established, once the number of the chromosome 
exceeds capacity the capacity, then the chromosomes 
whose fitness is small will moved out from the pool. 
 Performing the genetic algorithm above until 

the generation is T (T is pre-established parameter), 
record the chromosome whose fitness is the biggest 
during the algorithm execution process, and the 
chromosome is required, decoding them will comes 
out the optimal solution. 

9) Feature selection based on causality. 
Selecting the node whose parent nodes only have 

category node c as the feature selection results and it 
is by genetic algorithms which are used for fusing the 
causality between nodes and network structure 
learning method for training accuracy of sample data. 

10) Classification test. 
Do parameter learning on the Bayesian network 

model after feature selection based on the  
sample dates.  

Finally, do classification tests for the test samples, 
and count classification accuracy. 
 
 

4. Experimental Data 
 

The data in the experiment made in  
October 4, 2012 is derived from remote sensing 
images in Xinjiang Yuli Rob village whose area is 
50 km2, from north latitude 41.0229° to 41.0872° and 
west longitude 86.0872° to 86.1667°, and the village 
district covers wavering, original poplar, grasslands, 
Tarim and the Taklimakan Desert, is a warm 
continental arid climate with adequate light, air 
drying, large temperature, what’s more, according to 
the field measurements plotted result, the area may 
also exits saline soil. 

In addition, the data in the experiment made in 
April 16, 2013 derived from remote sensing images 
in Xinjiang Urumqi victory Daban whose area is 
50 km2, and its geographic coordinates is north 
latitude 44.0800° and west longitude 88.5824°. The 
whole Daban is made up by the stone moraine 
produced after glaciers of thousands of years 
subsiding. The right is glacier No. 1 and No. 2, left is 
glacier No. 3. According to the field measurements 
plotted result, there will be large areas of permafrost 
in every winter. Fig. 2(a) and Fig. 2(b) is the 
experimental area – the remote sensing images of 
Xinjiang Yuli Rob village and Xinjiang Urumqi 
victory Daban. 

Fig. 3 is the contrast between artificial visual 
results and satellite remote sensing image. Fig. 3(a) is 
the satellite remote sensing images and Fig. 3(b) is 
the actual geographical environment. 
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Fig. 2 (a). Yuli Rob village.                          Fig. 2 (b). Urumqi Victory Daban. 
 
 

     
 

Fig. 3 (a). Satellite remote sensing image.    Fig. 3 (b). Actual geographical environment – Desert. 
 
 

5. Experimental Methods and Results 
Analysis 

 
Below is the specific experimental procedures: 
1) In the collected samples, dividing the two 

remote sensing images into 465 small images based 
on the artificial visual results. And dividing into three 
categories: desert (167), saline soil (144) and frozen 
soil (154). Selecting 50 samples randomly from each 
category as training sample dates, the left are  
for testing. 

2) Extracted eight texture features from the 
selected sample: information entropy X1, Skewers 
X2, deficit rectangular X3 in the gray symbiotic 
rectangular, relevance X4 and the mean X5 of 
approximate weight LL in one measure, the variance 
X6 of horizontal detail component LH, the variance 
X7 of Vertical detail component HL, fractal 
Characteristics X8 after the images have the Symlets 
wavelet transform, then making up eigenvector X. 

3) Making selection from the eight texture 
features above through genetic algorithms based on 
causality, then applying them to making up new 
eigenvector X’. 

4) Using the texture features selected in step three 
to build simple Bayesian network classifier, then 
using the training samples for learning the 
parameters, and estimating the parameter μ  and 2σ  

in formula (3). 
5) Calculating the posterior probability P( Ci |X’) 

according to formula (2). 
6) Judging the classification unit based on the 

principle of maximum posterior probability, that is 
max{ ( | )}i

i
P C X . 

Fig.4 is the optimum network structure produced 
by Image feature extraction algorithm, Table 2 is the 
correlation coefficient matrixes between feature 
nodes. 

In accordance with the understanding of causality, 
we can see from the graph four that node X2, X3 and 
X4 have no parents nodes, so we select these three 
nods as the feature selection results, put such results 
as FS234. Because causality has no definition in a 
strict sense so yet, therefore, in the experimental 
stage, we also selected two other characteristics of 
combination as a way to comparison. One is selecting 
characteristic X2 and X8, put it as FS28; the another 
is selecting characteristic X2,X3 and X8, put it as 
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FS238. After the feature selection, the selected 
feature can be considered as independent of each 
other, then using the simple Bayesian network 
classifiers to test on the test dates, the Table 3 is the 
experimental results. 
 
 

 
 

Fig. 4. Optimum network structure. 
 
 

Table 2. Correlation coefficient matrixes. 
 

Charac
teristic 

X1 X2 X3 X4 X5 X6 X7 X8 

X1 1.000 -0.026 0.481 -0.116 -0.160 -0.014 -0.159 -0.163
X2 -0.026 1.000 -0.128 -0.148 0.800 0.032 0.804 0.781
X3 0.481 -0.128 1.000 -0.152 -0.274 0.003 -0.215 -0.222
X4 -0.116 -0.148 -0.152 1.000 0.068 -0.262 0.201 0.125
X5 -0.160 0.800 -0.274 0.068 1.000 -0.005 0.892 0.890
X6 -0.014 0.032 0.003 -0.262 -0.005 1.000 0.039 0.016
X7 -0.159 0.804 -0.215 0.201 0.892 0.039 1.000 0.892
X8 -0.163 0.781 -0.222 0.125 0.890 0.016 0.892 1.000

 
 

Table 3. The comparison of the overall accuracy 
between different methods. 

 
N FS234 FS28 FS238 PCA2 PCA3 NBC 
10 0.8418 0.8108 0.8430 0.7677 0.8409 0.5828
15 0.8581 0.8688 0.8774 0.5979 0.8430 0.6455
20 0.8645 0.8559 0.8753 0.6602 0.8602 0.7505
25 0.8452 0.8645 0.8774 0.8602 0.8452 0.6645
30 0.8839 0.8710 0.8796 0.8710 0.8409 0.6728
35 0.8774 0.8616 0.8817 0.8667 0.8430 0.6624
40 0.8753 0.8852 0.8253 0.8086 0.8581 0.6753
45 0.8839 0.8645 0.8774 0.8753 0.8602 0.6710
50 0.8882 0.8602 0.8753 0.8645 0.8613 0.6829
Μ 0.8791 0.8685 0.8776 0.8579 0.8526 0.6689
Σ 0.008 0.004 0.002 0.023 0.007 0.004 

 
 

Because the methods for feature selection and 
extracting principal component transform are 
relatively classical, so in the experiment, we make a 
comparison between principal components transform 
method to select the feature and a simple Bayesian 
network classifier based on causality. 

In Table 3, the first row N represents the number 
of each training sample, the first line depicts the 
combination of different characteristics or selection 
methods, PCA2 and PCA3 represent the results of 
selecting the first two and three principal components 
as the selected characteristics after using principal 
component transform, NBC expresses that using the 

original feature set directly to classify through the 
simple Bayesian network classifier, μ  represents the 

mean of classification accuracy which is the 
expectation, σ  represents the wave band information 
of the whole classification accuracy which is the 
standard deviation, and measures the stability of  
the classifier. 

We can draw following conclusion from the 
experimental results above: 

1) The relationship between feature nodes in 
Bayesian networks can not be depicted simply by the 
relevance coefficient. The relevance coefficient 
matrix between nodes can be calculated by training 
the sample dates, as shown in Table 2. From the 
table, we can know relevance coefficient between 
node X6 and the other nodes is small. However, the 
relevance coefficient is a measure of the degree of 
linear correlation between variables, can not depict 
the relevance of nonlinear. The Bayesian network 
structure based on genetic algorithms can easily show 
the causality and linear correlation between nodes, 
this inner causal relationship could help researchers 
to get a better understanding of the physical meaning 
between the different characteristics, and help them 
to design classifiers with the better performance. 

2) In terms of the mean of classification accuracy, 
the simple Bayesian network classifier based on 
causality in this paper is feasible and effective, and is 
obviously better than the simple Bayesian network 
classifier which is without feature selection, it is also 
slightly better than the feature extraction method 
based on principal component transform, the 
classification accuracy of FS234 is about 3 % higher 
evenly than PCA2’s and PCA3’s. But in the point of 
standard deviation, the simple Bayesian network 
classifier based on causality has a slightly  
larger fluctuations. 

3) When the number of training samples is higher 
than 25, making a analysis from the dates in the 
Table 3, then we can know that the mean of whole 
classification accuracy of FS234 is the highest and it 
is also stable. This shows that the number of training 
samples has a certain effect on the simple Bayesian 
network classifier based on causality, so the number 
of samples should not be too small, otherwise it will 
affect the classification accuracy and stability. 
Judging from the data simultaneously, FS28 and 
FS238 also show a good classification results, and the 
mean of classification accuracy is slightly lower than 
FS234, but the overall volatility is smaller. It can be 
predicted that moderately introducing same features 
to the feature selection algorithm base on causality, 
although sometimes it may be decrease the 
classification accuracy, the stability of the classifier 
will be improved to some extent. 
 
 
6. Conclusion 
 

Remote sensing image classification has always 
been a hot research, and many researchers have done 
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a lot of in-depth study. This paper is on the basis of 
recalling the development process of Bayesian 
networks and image interpretation research status at 
home and abroad, introducing genetic algorithm and 
selecting out relatively independent features from 
texture features based on causality, then achieved 
good classification results and precision in the 
process of applying the simple Bayesian network 
classifier to classify and recognize the desert, saline 
soil and permafrost in the remote sensing images of 
Xinjiang Yuli Rob village and Xinjiang Urumqi 
victory Daban. 
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