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Abstract 

 

The accuracy of a change detection method has been an issue of major 

concern in remote sensing applications. This paper gives performance analysis 

of different change detection algorithms like Image differencing, image 

ratioing based on log ratio and mean ratio operator and Image regression. The 

algorithms have been applied on the image dataset and difference image has 

been generated. The change and unchanged areas has been classified through 

Fuzzy c means clustering to generate the change map. The results are 

compared based upon various parameters like false positives (Fp), false 

negative (Fn), Percentage correct classification or Accuracy (PCC) and Kappa 

coefficient (Kc). The qualitative and quantitative comparison of the studied 

techniques shows that log ratio offers highest accuracy and Kappa value. 
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INTRODUCTION 

Change detection in images involves comparing a set of multi-temporal images of the 

same scene captured at different times to generate a difference image [1-2]. The 

change detection has been applicable in many application likes remote sensing, 

medical diagnosis [3] and video surveillance [4]. The main issue of concern in change 

detection process is the accuracy of the change detection method to detect change and 

unchanged pixels. The first step involved in image changed detection process is to 

apply the set of co-registered images to an algorithm which compare both the images 

to generate a difference image. In the next step, a clustering algorithm is applied 

which classifies the changed and unchanged pixels into different clusters to generate a 

change map. Many change detection algorithms has been mentioned in the literature 
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[5-7]. Depending upon the methodology used, these methods can be categorized as 

pixel based, classification based, object based and special data mining based change 

detection [8]. The direct comparison based change detection methods are easy to 

implement and less time consuming. Some of the direct comparison based change 

detection methods include Image differencing, Image Ratioing and Image regression 

[9-10]. There are many clustering techniques in the literature like Fuzzy C means 

clustering [11-12], k means clustering [13] and Nonsubsampled contourlet transform 

(NSCT) based clustering [14].  

This paper implements various direct comparison based change detection methods to 

generate the change map. The quantitative results have been compared based upon 

parameters like false positive, false negative, percentage correct classification and 

Kappa coefficient. 

 

RESEARCH METHOD 

As shown in Fig. 1, two co-registered multi-temporal images are compared in a 

change detection method to generate a difference image. The fuzzy c means clustering 

is applied on the difference image so as to classify the changed and unchanged areas 

into different clusters to generate a change map. The threshold selection is based upon 

the cluster center for changed and unchanged pixels.  

 

 

  

 

 

 

 

 

Figure 1.  Methodology for change detection 

 

The change detection techniques can be broadly classified as pixels based, object 

based, classification based, transformation based, machine learning based and hybrid 

techniques. In this paper, direct comparison based change detection techniques has 

been analyzed.  

Image differencing  

In Image differencing, two precisely co-registered images of different times are 

compared where residual image is produced by subtracting a first date image from 

second date image pixels by pixels to represent the change [9].  

Mathematically, the difference image is: 

 

   Image 2   Image 1   

Change Detection Method   

Clustering   

Change Map   
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Id(x, y) = I1(x, y) − I2(x, y)         (1)                                                       

Where I1(x, y) and I2(x, y) are images from date 1 and date 2 and Id(x, y) is the 

difference image in the same coordinates.  x and y denotes the coordinates of the 

pixels in both the images. 

Log Ratio  

In Log Ratio operator, natural logarithms of the ratio of pixels in the images are 

calculated as given in Eq. 2 and finally a change map is generated by converting the 

logarithmic image into binary. 

Id(x, y)=log
I1(x,y)

I2(x,y)
 (2) 

Mean Ratio  

In case of Mean Ratio operator, the local mean of the pixel in one image is divided 

with the local mean of the corresponding pixel in the second image as given in Eq. 3. 

Id(x, y)=1-min(
𝜇1

𝜇2
,

𝜇2

𝜇1
) (3)                                                 

Where 𝜇1 𝑎𝑛𝑑 𝜇2  in Eq. 3 represents the local mean of the pixel in the 3x3 

neighborhood of first and second image respectively [15]. 

 

Image Regression 

In image regression methods, the pixels of first time images are assumed to be related 

linearly to second time image. So least square regression function can be applied 

normalize the subject image radio- metrically so as to match it with the reference 

image. So, the difference image can be generated by subtracting the regressed image 

from first date image as given in Eq. 4. 

Id(x, y) = I1(x, y) − I2(x, y)   (4)                                                      

 

Where I2(x, y) in Eq. 4 is the regressed image and I1 (x, y) is the first date  

image [8-9]. 

 

RESULTS AND DISCUSSION 

To compare the effectiveness of the studied algorithms, multi-temporal image dataset 

of Reno Lake Tahoe areas with pixel size 200x200 acquired on August 5, 1986 and 

August 5, 1992 has been used [16]. The images show the effect of draught on Reno 

Lake. The ground has been generated by manual analysis.  
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Figure 2. Multi-temporal images of Reno Lake Tahoe area. (a) Image acquired on 

August 5, 1986 (b) Image acquired on August 5, 1992 (c) Ground truth  

The effectiveness of the algorithms is compared based upon parameters like overall 

error, percentage correct classification (PCC) and Kappa Coefficient (Kc) [17]. The 

value of Kappa coefficient lies between 0 and 1.  

 

Table I. Change detection results obtained by change detection methods 

Method 
         Fp         Fn 

Overall 

Error 
  PCC (%)       (Kc) 

Image Regression 1343 138 1481 96.3 0.95 

Mean Ratio 852 1 853 97.8 0.97 

Direct Differencing 133 183 316 99.2 0.98 

Log Ratio 0 211 211 99.5 0.99 

 

  
(a) (b) 

  

  
(c) (d) 

Figure 3: Change map obtained by (a) Image Regression (b) Mean Ratio. (c) Direct 

Differencing (d) Log Ratio. 
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As shown in Table 1, Image regression method has yielded Log ratio method has 

yielded PCC equal to 96.3% and  the value of Kappa coefficient is 0.95, Mean ratio 

operator has yielded PCC equal to 97.9% and the value of Kappa coefficient is 0.97, 

Direct differencing method has yielded PCC equal to 99.2% and value of Kappa 

coefficient  is 0.98 and Log ratio operator has yielded the highest value of PCC equal 

to 99.4% along with the highest value of Kappa coefficient equal to 0.99 among all 

the other techniques simulated in this paper. It means that image regression has 

resulted in large number of false alarms because large number of changed pixels and 

unchanged pixels could not be recovered. Mean ratio operator has recovered most of 

the unchanged pixels but large number of changed pixels could not be recovered 

accurately. Log ratio has been most effective in recovering the pixels with least 

overall error. The change maps generated by direct comparison based four different 

methods have been shown in Fig. 3. The behavior of the four different methods can 

easily be analyzed through visual analysis.  It is clear from the change map that log 

ratio method contains less speckle noise because of logarithmic transformation. Kappa 

coefficient of 0.99 means that the method has 99 % better agreement than by chance 

alone.  

So, quantitative and qualitative  results verifies log ratio to be the most effective 

method in terms of accuracy and Kappa coefficient among image ratioing, image 

regression and image differencing. 

 

CONCLUSION 

The paper presented performance analysis of direct comparison based changed 

detection techniques. The output of log ratio method has been affected less with 

speckle noise. This is because of its ability to convert multiplicative speckle noise into 

additive. The quantitative results show that log ratio methods offers the highest 

accuracy and kappa coefficient. As far as qualitative comparison is concerned, log 

ratio method has the least spots. However, other Direct differencing based change 

detection method is simple to implement but do not provide the changed information 

more accurately. So, based upon the analysis of results, it is concluded that log ratio 

method produce the best results for change detection. 
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