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Abstract: Biological species invasion problem bring serious damage to the ecosystem, and have become one of 
the six major enviromental problems that affect the future economic development, also have become one of the 
hot topic in domestic and foreign scholars. Remote sensing technology has been successfully used in the 
investigation of coastal zone resources, dynamic monitoring of the resources and environment, and other fields. 
It will cite a new remote sensing image change detection algorithm based on adaptive pulse coupled neural 
network (PCNN) and improved C-V model, for remote sensing dynamic monitoring of biological species 
invasion. The experimental results show that the algorithm is effective in the test results of biological species 
invasions. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introductions 
 

Biological species invasion problem as an 
important component of global change is considered 
to be one of the most difficult environmental 
problems in the current. Once the alien species 
invasion success, such as the successful invasion of 
Spartina alterniflora Loisel, tend to reduce the 
invaded region’s biodiversity, change the original 
structure and function of the local ecosystem, 
eventually led to the degradation of ecosystem, and 
loss of ecosystem functions and services, bring the 
global environmental problems, economic 
development, and even the human body health 

immeasurable losses. Therefore, in order to 
effectively detect and management, reasonable 
development and utilization of alien species invasion, 
turn bane into a boon, need for invasion species 
population spatial distribution and dynamic change in 
real-time monitoring [1-3]. 

At present, the remote sensing image change 
detection technology has become the key 
technologies of new generation intelligent earth 
observation satellite, has been successfully used in 
urban planning and layout, land cover/use 
monitoring, military surveillance, disaster 
assessment, etc. The technology to a certain extent, 
makes up for the big interval of time and space of 
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traditional monitoring methods, laborious and 
difficult to have overall and common sense and the 
defects of high cost and difficult [4-6]. In order to 
better dynamic monitoring of biological invasions, 
more effectively reduce the harm brought by 
biological invasion, this article will cite a new remote 
sensing image change detection method with the 
combination of adaptive pulse coupled neural 
network image fusion algorithm and the improved C-
V model segmentation algorithm on biological 
invasions dynamic monitoring problem, ultimately 
achieve the desired monitoring purposes. The 
experimental results show that the algorithm is 
effective in the test results of biological invasions. 
 
 

2. The Dangers of Alien Species Invasion 
and Cause Problems 

 

According to statistics, at present our country 
found that at least 188 species of invasive plants, 
81 species of invasive animals, 19 species invading 
microbes; released by the world conservation union 
the world's 100 kinds of the most dangerous invasive 
species, found 50 species in our country, causing 
serious damage to the agriculture, forestry, water 
conservancy, animal husbandry [7, 8]. 

Estuarine wetlands and coastal tidal flats wetlands 
is the highest per unit area ecosystem service value 
ecosystem types, but it is also a type of environment 
which is very easy to be invaded by alien species. 
Spartina alterniflora Loisel is native to the Atlantic 
coast and the Gulf of Mexico, because of 
intentionally or unintentionally into, has now become 
one of the most successful invasion plants of the 
coastal salt marsh ecosystem. Invasive species cause 
a series of problems, such as, directly reduce the 
number of species, indirectly reduce the number of 
species depends on the local species to survive; 
change local ecosystem and landscape, reduce the 
ability of control and resistance on fire and pests, 
lower the capability of soil conservation and nutrition 
to improve, reduce the ability of moisture to maintain 
and water quality to improve, ultimately reduce 
biodiversity protective capability [9]. 

According to the above analysis, in order to better 
dynamic monitoring of biological invasions, more 
effectively reduce the harm brought by biological 
invasion, it is necessary to adopt the new remote 
sensing image change detection method combining 
adaptive pulse coupled neural network image fusion 
algorithm with improved C-V model segmentation 
algorithm. 
 
 
3. Theoretical Models and Algorithm 
 
3.1. Theoretical Model 
 

This paper cites an unsupervised change detection 
algorithm in remote sensing images based on 

adaptive pulse coupled neural network (PCNN) and 
improved Chan-Vese model.  

The new algorithm flow chart is shown in Fig. 1. 
Firstly, the adaptive PCNN algorithm fuses the 
results of the subtraction method [10] and the ratio 
method [10] to obtain complementary 
information [11]; then, the image segmentation 
algorithm based on improved C-V model separates 
the change regions from the merged difference 
image [12]. This method can overcome the shortage 
of the threshold method which is difficult to get 
accurate result when the difference between changed 
area and unchanged area is inconspicuous.  
 
 

 
  
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Algorithm flow chart. 
 
 

As shown in Fig. 1, this paper proposes an 
unsupervised change detection algorithm consists of 
three main steps: 1) use the subtraction method and 
the ratio method for difference image; 2) adopt 
adaptive PCNN image fusion algorithm to construct a 
new difference figure; 3) improved C-V model 
separates the change regions from the merged 
difference image. 
 
 
3.2. Implementation Algorithm 
 

According to the above theory model, the 
algorithm implementation steps are as follows: 

Step 1: Read the two remote sensing images not 
at the same time phase needed for processing, using 
the subtraction method and the ratio method to gain 
the corresponding difference image of subtraction 
method A  and difference image of ratio method 
B  [10]. 
 

 
2 1A I I= − , (1) 

 
2 1B I I= , (2) 

 

Step 2: Normalize the two difference images A  
and B , respectively denote as 'Α  and 'Β . Order

 'Α  as the feedback input to each neuron of the first 

T1 image 

The difference image of 
subtraction method 

Adaptive PCNN image fusion algorithm 

A new difference figure 

The difference 
image of ratio 

method 

Change detection results 

T1 image 
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neural network PCNN1 and the second neural 

network PCNN2; Order 
 

'Β  as the feedback input to 
each neuron of the third neural network PCNN3 and 
the fourth neural network PCNN4; 

Step 3: Calculate the EOL of each pixel in both 
'Α  and 'Β , and respectively order as the connection 

strength value of corresponding neurons in the neural 
network PCNN1 and PCNN3; calculate the SD  of 

each pixel in both 'Α  and 'Β , and respectively order 
as the connection strength value of corresponding 
neurons in the neural network PCNN2 and PCNN4; 
Order ( ) ( ) ( ) ( )0 0 0 0ij ij ij ijL U Y= = Τ = , ( )0 1ijθ = ;  

The EOL  and SD  of the pixel point ( ),x y
 

defined as [11]: 
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where ( ),f u v  is the pixel values of point ( ),u v ; 

ω  is a l l× window with ( ),x y
 
as the center of the 

window; l  is an odd number; generally choose 3 or 

5; f •
 is the average of all the pixel in the window. 

Weighted function is defined as [11]: 
 

 
1 1 2 2f f fω ω= + , (6) 

 

where f   is the new ignition map of the image; 

1f  and 2f respectively are the corresponding 

ignition map of EOL and SD ; 1 2 1ω ω+ = , 

( )0 1,2i iω> = , in this paper, taking 1 2 0.5ω ω= = . 

Step 4: Set ( )1, 2,3, 4iO i =
 
as the output of the 

neural network PCNNi , by Eq. (5) to get the 

corresponding new ignition map AO
 
and BO

 
of A  

and B , 1 1 2 2AO O Oω ω= + , 1 3 2 4BO O Oω ω= + ; 

Step5: use the rules show in Eq. (7) to select the 
fusion coefficient, gain the merged difference figure 

( ),F i j . 

 ( ) ( ) ( ) ( )
( ) ( ) ( ) ( )

, , ,if , ,

, , ,if , ,
A B

A B

F i j A i j O i j O i j

F i j B i j O i j O i j
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 = ≤

, (1) 

 

Step 6: Normalize the image ( ),F i j  and filter it 

by a 3 * 3 median filter to erase the noise; Do 
morphological close operation to erase the small 
holes and then fill the larger holes in the image, 
convert it to binary image; 

Step 7: Label all the four connected regions of the 
image, then do morphological dilate operator to link 
the broken edge and extract the first k biggest 
connected regions (maximum pixels); apply the 
canny operator on the extracted regions to get the 
initial curve φ1 and φ2. 

Step 8: Compute c00, c01, c10, c11 by Eq. (8).  
cij as the mean vector of each phase or class, can be  
as follows: 
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(1) 

 
Adding gradient information to the traditional 

model, to accelerate the edge orientation, to eliminate 
the interference of small area. In Eq. (8), u0 will be 
changed into: 
 

 
0 1 0 2u a u a g= + , (9) 

 
Step 9: Solve the partial differential equation in φ 

using central difference. 
Step 10: Repeat the process in steps 8 and 9 until 

the terminating criteria are met, then output the final 
segmentation result, also the change detection results. 
 
 

4. Experiments and results 
 

In order to test the performance of the new 
method in the dynamic monitoring of biological 
invasions, choose the distribution information of 
Spartina alterniflora Loisel in LuoHai bay area from 
different periods of satellite image data as the 
experimental data [13]. Fig. 2 (a) is the remote 
sensing information of Spartina alterniflora Loisel in 
LuoHai bay area in 2000, Fig. 2 (b) is the remote 
sensing information of Spartina alterniflora Loisel in 
Luo Hai bay area in 2006. Black in Fig. 2 (a) and  
Fig. 2 (b) is the land; gray is waters and tidal flats; 
white is Spartina alterniflora Loisel. 
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In order to better illustrate the performance of the 
new method, comparing with the NSCT-FCM 
method [14]. 
 
 

   
 

(a) 2000 (b) 2006 
 

   
 

(c)NSCT-FCM (d) new method 
 

Fig. 2. The remote sensing information of Spartina 
alterniflora Loisel in LuoHai bay area. 

 
 

From Fig. 2 can be qualitatively known: NSCT-
FCM method almost no way to accurately detect the 
change information of Spartina alterniflora Loisel, 
this article cited the new algorithm in dynamic 
monitoring of biological invasions have certain 
breakthrough. From Table 1, the run time of new 
method is faster than NSCT-FCM method.  
 
 

Table 1. Run time of the two methods. 
 

Methods Run Time(s) 
NSCT-FCM 34. 6335 
New method 20. 3452 

 
 

As you can see, this method is basically accurately 
detect the change information of Spartina alterniflora 

Loisel. Compared with traditional monitoring 
methods, this method can not only save manpower 
and material resources, also can more quickly and 
accurately provide information about the spread 
information of the invasive species, provide a 
scientific basis for better protect the ecological 
environment and biodiversity [15]. 
 
 

5. Conclusions 
 

Research results show that the use of advanced 
remote sensing image change detection technique, 
can more effectively to do real-time testing and 
research on the spatial distribution and dynamic 
change of invasive species, more effectively reduce 
the harm brought by biological invasion. The 
referenced new method in this paper makes full use 
of the adaptive PCNN image fusion algorithm to 
realize the complementary information of difference 
image, and image segmentation algorithm based on 
improved C-V model overcomes the deficiency of 
threshold value method, thus achieves better change 
detection results. But due to the lack of 
comprehensive knowledge of invasive species at the 
present, the basis is relatively weak, so the study on 
invasive species control techniques and measures to 
prevent is less. So keep learning the comprehensive 
knowledge of invasive species, also strengthen the 
research on invasive species of remote sensing 
dynamic monitoring. 
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