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Abstract 

The Change detection refers to recognizing dissimilarities arising 
in the characteristics of an object, over a period of time. 
Widespread application of change detection in hyper spectral 
images in areas like remote sensing, machine vision, video 
compression, military reconnaissance, etc. has made it 
demanding area of research. In image processing, detecting 
changes is an essential and crucial component. Existing work 
employed change detection mechanism in multidimensional 
unlabeled data. Features namely lowest variances are extracted 
using PCA for change detection. However efficient change 
detection in very high-resolution data namely hyper spectral 
images are not done with SPLL. The proposed system detects 
changes in hyper spectral images using Hopfield Neural 
Network. Hyper spectral remote sensing images offer more 
detailed information on spectral changes so as to present 
promising change detection performance. The proposed system 
which models spatial correlation between neighbouring pixels of 
the difference image extracts the spectral and spatial correlated 
features using PCA for detecting changes in the images. 
Experimental result reveals better result when compare with the 
existing system. 
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1. Change Detection  

Change detection can be defined as the process of 
identifying differences in the state of an object or 
phenomenon by observing it at different times. This 
process is usually applied to Earth surface changes at two 
or more times. The primary source of data is geographic 
and is usually in digital format (e.g., satellite imagery), 
analog format (e.g., older aerial photos), or vector format 
(e.g., feature maps). Ancillary data (e.g., historical, 
economic, etc.) can also be used. 
Civilian applications of change detection were developed 
following these events in the 20th century using mostly 
interpretation and analog means. However, civilian 
availability of data was limited until the 1970s and 1980s 
due to military classification of imagery. The development 
of digital change detection era really started with the 

launch of Landsat-1 (called first: Earth Resources 
Technology Satellite) in July 1972. The regular acquisition 
of digital data of the Earth surface in multispectral bands 
allowed scientists to get relatively consistent data over 
time and to characterize changes over relatively large area 
for the first time. The continuity of this mission as well as 
the launch of numerous other ones ensured the 
development of change detection techniques from that 
time. 
However, the development of digital change detection 
techniques was limited by data processing technology 
capacities and followed closely the development of 
computer technologies. The situation evolves from the 
1960s when a few places in the world were equipped with 
expensive computers to the present when personal 
computers are fast and cheap enough to apply even 
complex algorithms and change detection techniques to 
satellite imagery. The computer technology also evolved 
from dedicated hardware to relatively user friendly 
software specialized for image processing and change 
detection. Based on published literature, the algebra 
techniques such as image differencing or image ratioing 
were the first techniques used to characterize changes in 
digital imagery during the 1970s. These techniques are 
simple and fast to perform and are still widely used today. 
More complex techniques were developed since then with 
the improvement of processing capacities but also with the 
development of new theoretical approaches. Change 
detection analysis of the Earth surface is a very active 
topic due to the concerns about consequences of global 
and local changes. This field of expertise is constantly 
progressing. 
 
 1.1 Changes on earth surface 
 
The Earth surface is changing constantly in many ways. 
First, the time scales, at which changes can occur, are very 
heterogeneous. They may vary from catastrophic events 
(e.g., flood) to geological events (e.g., continental drift) 
which correspond to a gradient between punctual and 
continuous changes respectively. Secondly, the spatial 
scales, at which changes can occur, are also very 
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heterogeneous and may vary from local events (e.g., road 
construction) to global changes (e.g., change of ocean 
water temperature). Due to this very large spatio-temporal 
range, the nature and extent of changes are complex to 
determine because they are interrelated and interdependent 
at different scales (spatial, temporal). Change detection is, 
therefore, a challenging task. 
 
1.2 Imagery characteristics regarding 
 
Changes Since the development of civilian remote 
sensing, the Earth benefits from a continuous and 
increasing coverage by imagery such as: aerial 
photography or satellite imagery. This coverage is ensured 
by various sensors with various properties. First, in terms 
of the time scale, various temporal resolutions (i. e., revisit 
time) and mission continuities allow coverage of every 
point of the Earth from days to decades. Secondly, in 
terms of the spatial scale, various spatial resolutions (i. e., 
pixel size, scene size) allow coverage of every point of the 
Earth at a submeter to a kilometer resolution. Thirdly, 
sensors are designed to observe the Earth surface using 
various parts of the electromagnetic spectrum (i. e., 
spectral domain) at different resolutions (i. e., spectral 
resolution). This diversity allows the characterization of a 
large spectrum of Earth surface elements and change 
processes. However, change detection is still limited by 
data availability and data consistency (i. e., multisource 
data). 
 
1.3 Changes in imagery 
 
Changes in imagery between two dates translate into 
changes in radiance. Various factors can induce changes in 
radiance between two dates such as changes in: sensor 
calibration, solar angle, atmospheric conditions, seasons, 
or Earth surface. The first premise of using imagery for 
change detection of the Earth surface is that change in the 
Earth surface must result in a change in radiance values. 
Secondly, the change in radiance due to Earth surface 
changes must be large compared to the change in radiance 
due to other factors. The challenge in change detection of 
the Earth surface using imagery is to minimize these other 
factors. This is usually performed by carefully selecting 
the multidate imagery and by applying preprocessing 
treatments. 

2.Related Work  

Authors suggested many ways for the change detection in 
labeled and unlabeled data.  Labeled data uses classifiers 
and classification algorithms, whereas unlabeled data use 
feature extractor and neural network for the change 

detection. Unlabeled data use adaptive windowing, 
massive online analysis technique, naïve bayes predictor, 
martigale frame work,  multi window analysis , graphical 
and chart analysis method for the accuracy.  But these 
techniques doesn’t produce accurate result in high 
dimensional images . in order to over come this problem ,  
neural network and fuzzy logic can be applied to produce 
high efficient value  

3. Existing System 

Change detection can be defined as the process of 
identifying differences in the state of an object or 
phenomenon by observing it at different times. Change 
detection in labelled data are done using classifiers. 
Finding changes in unlabelled data cannot be done by 
classifiers. In existing work, change detection in 
multidimensional unlabeled data is discussed. Principal 
component analysis (PCA)can be used as a general 
method for feature extraction to improve change detection 
from multidimensional unlabeled  incoming data. 
Components with the lowest variance should be retained 
as the extracted features because they are more likely to be 
affected by a change. Then semi parametric log likelihood 
change detection criterion has been chosen that is sensitive 
to changes in both mean and variance of the 
multidimensional distribution. . 

3.1  Problem Identification  

The main drawback in the existing system  is that  accurate 
Change detection in high dimensional data is not 
performed.  High computational complexity is achieved  
when large data set is used. Better sensitivity is not 
obtained .  Multi window analysis is not performed.  To 
overcome this problem, neural network and fuzzy 
algorithms are used. 
 
4. Proposed System  
In proposed system, Hopfield neural network is proposed 
for change detection in hyper spectral images. Features 
such as spectral and spatial correlated features are 
extracted using the PCA. Then Hopfield neural network is 
incorporated for change detection. The proposed technique 
is based on Hopfield neural network models the spectral 
and spatial correlation between neighbouring pixels of the 
test image. Weights are assigned according to their 
influence on each other with help of training sets. The 
information about the status of the network is rendered 
through an energy function allocated to the network. A 
threshold is defined for segmenting the pixels into two 
classes of pixel-changed and unchanged. Change detection 
map is obtained by iteratively updating the output status of 
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the neurons until a minimum of the energy function is 
reached and the network assumes a stable state. 
Experimental result provides better result when compare 
with the existing system. 
4.1 Advantages  

 Robust to minor changes and errors in the 
images, and thus intelligently sorts desired 
changes from unwanted changes 

 Best performance in terms of accuracy is 
obtained with neural network models. 

 Sensitive changes in images  are detected  

5. System Architecture 

 

 

6. Hopfield Neural Network 

Hopfield neural network is a single layer, recurrent 
artificial neural network, where each nodde functions both 
as input and output node. The idea is that, depending on 
the weights, some weights are unstable and the net will 
iterate a number of times to settle in a astable state. 
  The net is initialized to have a stable state with some 
known patterns. Then, the function of the network is to 
receive a noisy or unclassified pattern as input and 
produce the known, learnt pattern as output. The state of 
the output is maintained, until the neuron is updated. 
Updating he neuron entails the following operations: 
 

 The value of each input, xi  is determined and the 
weighted sum of all inputs, ixiw

i is 

calculated. 

 The output state of the neuron is set to +1 if the 
weighted input sum is larger or equal to 0. It is 
set -1 if the weighted input is smaller than 0. 

 A neuron retains its output state until it is updated 
again. 

 
 Hopfield neural network is the network of  N such 
artificial neurons , which are fully connected. The 
connection weight from neuron j to neuron i is given 
by a weight wij . The collection of all such numbers is 
represented by the weight matrix W, whose 
components are wij . 
     Now given the weight matrix and the updating rule 
for neurons the dynamics of the network is defined if 
we tell in which order we update the neurons. There 
are two ways of updating them: 

 
 Asynchronous: one picks one neuron, 

calculates the weighted input sum and 
updates immediately. This can be done in 
the fixed order, or neurons can be picked at 
random, which is called asynchronous 
random updating 

 Synchronous :  the weighted input sums of 
all neurons are calculated without updating 
the neurons. Then all the neurons are set to 
their new value , according to the value of 
their weighted input sum. 

 7. Experimental Result 

The performance of the proposed work with existing work 
can be compared based on performance metric such as 
accuracy, precision, recall and f-measure. The following 
comparative graph shows the accuracy, precision, recall 
and f-measure comparison for existing and proposed 
system 
 
Accuracy: 
 

 The accuracy (AC) is the proportion of the total 
number of predictions that were correct. It is 
determined using the equation: 

 

Accuracy =  

 
Precision: 
 

 Precision (P) is the proportion of the predicted 
positive cases that were correct, as calculated 
using the equation: 
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Precision =    

 
 
 

 
 
                            Fig 1. Accuracy  
 
 

 
 
                            Fig 2. Precision 
 
Recall : 
The recall or true positive rate (TP) is the proportion of 
positive cases that were correctly identified, as calculated 
using the equation: 

 

Recall =  

 
 
 

 
F-Measure: 

F-measure distinguishes the correct classification of 
document labels within different classes. In essence, it 
assesses the effectiveness of the algorithm on a single 
class, and the higher it is, the better is the clustering. It is 
defined as follows:           

F=2.precision.recall/precision+recall 

 TP (True positive) 

If the outcome from a prediction is p and the actual value 
is also p, then it is called a true positive (TP);  

 TN (True negative) 

A true negative (TN) has occurred when both the 
prediction outcome and the actual value are n in the 
number of input data. 

 FP (False positive) 

If the outcome from a prediction is p and the actual value 
is n then it is said to be a false positive (FP). 

 FN (False negative)  

False negative (FN) is when the prediction outcome is n 
while the actual value is p. 

         

4. Conclusions 

The lack of a rigorous methodology for feature extraction 
for the purposes of change detection in multidimensional 
unlabeled data’s are discussed in this work. The proposed 
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system detects changes in hyper spectral images using 
Hopfield Neural Network. Hyper spectral remote sensing 
images offer more detailed information on spectral 
changes so as to present promising change detection 
performance. The proposed system extracts the spectral 
and spatial correlated features using PCA for detecting 
changes in the images. The proposed system is based on 
Hopfield neural network which models spatial correlation 
between neighboring pixels of the difference image. The 
experimental result proves that our proposed mechanism is 
better than the previous methodologies..  
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