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Abstract. The correspondence analysis (CA) method, a multivariate technique widely used in ecology, is 
relatively new in remote sensing. In the CA differencing method, bi-temporal images were transformed into 
component space, and individual component image differencing can then be performed to detect possible 
changes, somehow similar to principal component analysis. The advantage of the CA method is that more 
variance of the original data can be captured in the first component than in the PCA method. However, these 
techniques are all performed on a pixel by pixel basis, becoming unsatisfactory in some circumstances due to 
higher spectral heterogeneity in imagery of high spatial resolution. This problem can be alleviated by the 
object-based strategy, which segments the image into regions of relative homogeneity, which are, in turn, 
used as the basic units for data analysis. This paper proposes an object-based approach to correspondence 
analysis for change detection, whose performance was compared with those of pixel-based PCA and CA. 
Results showed that the object-based CA method produced the best accuracy in change detection.  
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1. Introduction 
As human activities expanding, land use and land cover change (LUCC) very quickly at different scales all 
over the world (Skole, 1994; Foody, 2001). Because of the advantages of repetitive data acquisition and 
digital format suitable for computer processing, remote sensing imagery has become the major data sources 
for different change detection applications during the past decades (Jensen et al., 1997; Maas, 1999; Song et 
al., 2001). Many change detection techniques have been developed to detect land use land cover changes, 
which can be separated into two main categories: post-classification change detection and pre-classification 
change detection. Post-classification methods are based on the classification result of the two different date 
images. Change information is then obtained by comparing two classified maps (Maas, 1999; Civco, 2002). 
In the field of pre-classification change detection, multi-date image differencing methods based on 
transformation analysis were in common use, among which the Principal Component Analysis (PCA) 
differencing was frequently used (Cakir, 2006; Green et al., 1994). 

In this paper, the correspondence analysis (CA) differencing method belonging to the pre-classification 
category is introduced (Cakir, 2006). Although CA has already been in used in ecology, its application to 
remote sensing is still relatively rare. In the CA method, like PCA differencing method, images belonging to 
different dates were transformed into component space respectively, and individual component image 
differences can then be used to detect changes. 

Traditionally, change detection approaches have focused on per-pixel techniques not concerning the 
adjacent relationship. However, conventional remote sensing change detection techniques are not satisfactory 
to some extent due to the higher spectral heterogeneity within each land use and land cover object in the 
image (Townshend et al., 2000). For example, two pixels in the same land cover object (have the same 
attributes) may have different spectral characteristic, leading to assign the two pixels into different class 
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when using per-pixel methods. This process will produce unreal change information in the form of some 
isolated points. This problem can be alleviated by object-based techniques, which segment the image into 
some objects. The objects here are defined as individual areas with shape and spectral homogeneity (Benz, 
2001). Then the subsequent processes are based on the objects instead of pixels (Civco et al., 2002). In this 
study, a new method which utilizes CA differencing method but based on object is performed. 

In the experiment part, three differencing change detection method, per-pixel PCA method, per-pixel CA 
method and object-based CA (OCA) method, were implemented to compare the results. 

2. Methods 

2.1. Principal Component Analysis 
Principal component analysis has proven to be of value in the analysis of multispectral remotely sensed data 
(Mitternicht and Zinck, 2003). It is a technique that transforms the original dataset into a substantially 
smaller and easier to interpret set of uncorrelated variables that represents most of the information present in 
the original dataset. 

Given an image data with c number inter-correlated bands and r number of pixels in each band, we can 
define a contingency table X with size of r number of rows and c number of columns. In other words, each 
band is loaded as a single column in the X. In the contingency table matrix, the entry ijx denotes the pixel 
value in the ith sequent position in band j. Then obtains a symmetrical matrix U, c by c in size, so that 
diagonal entries are the variances for each band and off-diagonal entries are the covariance for all possible 
two-band combinations. Variance can be computed as: 
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where j denotes the jth band. 
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where j, k denote the ith and jth bands. 
The matrix U denotes a variation-covariation matrix. Next, the eigenvalues and eigenvectors of matrix U 

are computed by numerical computation algorithms. In the end of the PCA transformation, original image 
dataset are transformed into components space by the matrix of eigenvectors: 

XAY =                                                                               (3) 
where X is the multiband image data as the form of contingency table matrix defined above and A is matrix 
of eigenvectors. In the new image dataset Y, the band 1 image is called ‘the first principal component’. 

2.2. Correspondence Analysis 
Component analysis (CA) differs from principal component analysis by using a chi-square metric for 
representing inter- and intra- variable relationships. For certain type of images, CA method may provide 
better discrimination among inter-correlated spectral bands when compared to PCA. 

In the CA algorithm (Carr and Matanawi, 1999), the data contingency table matrix X of r by c size, 
which is defined in the PCA algorithm, needs a normalization process. Each entry is divided by the sum of 
the all the entries in X, which results a new matrix Z: 

)(/ Xsumxz ijij =
                                                                        (4) 

Then we form an r by 1 vector p, each entry of which represents the sum of each row of Z, and a c by 1 
vector q, each entry of which represents the sum of each column of Z. Next, a matrix S can be formed as 
follows, a form that implies the chi-square statistics analogy: 
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Comparing to the chi-square statistic: 
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Next, the matrix U is produced by 
SSU T=                                                                                  (7) 

which is similar to the matrix U in the PCA transformation. Like the PCA transformation, we calculate 
eigenvalues and eigenvectors of U and transform the image data into the components space using the 
eigenvector matrix of U. 

2.3. Image Differencing 
Image differencing involves subtracting the image of one date from that of another. In this study, the specific 
two images are the first principal components of the two date image dataset. After the PCA or CA 
transformation, the two date image data were transformed into component space respectively. The band 1 of 
the new datasets is the first principal component to both two date images. First principal component accounts 
for the most information of the dataset, so the subtraction is made between the two date first principal 
components to obtain the change information of the two date image dataset. If the two images have almost 
identical characteristics, the subtraction results in positive and negative values in areas of radiance change 
and zero values in areas of no change. The results are stored in a new change image (difference image). The 
greater the absolute value in the difference image is, the more probably change has happened in this place. 
The change image produced using image differencing usually yields an approximate Gaussian distribution, 
where pixels of no change are distributed around the mean and pixels of change are found in the tails of the 
distribution. We need two thresholds, high-end threshold and low-end threshold, to separate the histogram of 
the difference image into two parts: values between two thresholds representing no change area, and values 
greater than high-end threshold and less than low-end threshold representing area with change in it. The 
thresholds are manually selected to obtain the optimal results. 

2.4. Segmentation 
Change detection process can either be performed on individual pixels or objects. The above PCA and CA 
transformation are all based on pixel. In order to pursue the comprehensive performance of CA method in 
change detection, an object-based CA (OCA) differencing method is involved here. Object or parcel in this 
study refers to a group of adjacent pixels with the same identity. For example, a building on the ground may 
appear as a rectangle including a set of adjacent pixels on the image. Calculation based on object instead of 
each pixel may obtain more reliable result in some cases. The object in the image can be obtained by 
segment the image into a certain group of adjacent pixels using specific segmentation algorithm. Considering 
that the boundary of objects may vary on different date images, segmentation on merely one date image can 
not reflect the real variation of the shape of each object. In order to get reasonable objects accord with real 
situation of both images, layers of two date images were stacked into a new large dataset to be performed the 
segmentation process. 

A segmentation algorithm (Michael Golden, 2002) is employed here. At the beginning of the image 
segmentation algorithm, the first pixel in the upper left corner is chosen as the seed pixel and is assigned to a 
new object. Other pixels are then compared to the spectral values of this seed pixel. If the Euclidean spectral 
distance between a pixel and the seed pixel is less than or equal to the spectral threshold distance chosen 
before the execution of the routine, the pixel is assigned to the same object as the seed pixel. When no new 
pixels can be added to the object, the object is completed and the routine starts to form the next object using 
a different seed pixel. When the algorithm finds a row where there are no new continuous pixels to be added 
to the object, the segmentation process is repeated in reverse using the very last pixel assigned to the region 
as the seed pixel. The reason for this is to eliminate the north to south processing bias. When the combination 
process finished, there may be small objects which the user might want to eliminate. The number of pixels 
and the spectral means of each object have to be calculated. When there is an object that less than the 
minimum object size defined in advance, the Euclidean distance between the spectral means of the adjacent 
objects and the object to be eliminated are calculated. Then the small object is merged with the adjacent one 
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possessing the smallest Euclidean distance. When the whole segmentation routine finishes, pixels in each 
object are then assigned a specific value as a distinguishing label. 

In order to implement the process of OCA differencing method, a new contingency table has to be 
formed. Each row of the new contingency table represents the mean value of a certain object. If there are r 
number of objects and c number of bands in an image, there are r number of rows and c number of columns 
in this contingency table accordingly. Then the subsequent process is similar to the per-pixel CA method. 

3. Empirical studies 
Subsets (645 samples by 593 lines) of Quickbird images of Wuhan, China, acquired in 2002 and 2005, were 
used as the experimental datasets to compare the new object-based CA differencing method, the per-pixel 
CA differencing method and the commonly used per-pixel PCA differencing method. The two date subset 
images both have four bands and were resampled to the spatial resolution of 2 meters. Co-registration and 
relative radiometric correction were performed before the change detection process. 

The area covered by the image in Wuhan is an integration of urban and rural areas. In recent years, as the 
economy was growing rapidly, large-scale urbanization occurred in Wuhan, especially in the area situates 
around the boundaries of urban and rural parts. 

3.1. Segmentation results 
After the segmentation process, images were divided into some objects or parcels. The segmentation results 
may vary when adjusting the setting values of the routine parameters. There are two parameters to control 
the process: Spectral Threshold Distance and Minimum Region Size. We can specify the value of Spectral 
Threshold Distance to limit region growth. Increasing or decreasing this value will change the average region 
size. The Minimum Region Size defines the size for the minimum region. The unit value is in pixels. All 
regions less than or equal to this value will be merged with the most similar adjacent region. In this study, 
the parameters were specified to 50 and 20 respectively. The boundaries were overlaid to the original data to 
examine the result (Fig. 1). As was shown in the figure, the object boundaries fit the real situation at most 
segments. Then each object obtained can be treated as a meaningful unit in subsequent process. 

 

Fig. 1: Object boundaries overlaid with images. 2002 (left). 2005 (right) 

3.2. PCA and CA transformation results 
Three transformation techniques, per-pixel PCA, per-pixel CA and object-based CA (OCA) were 
implemented to obtain the first component images respectively (Fig. 2).  

The first component accounts for the maximum proportion of the variance of the original dataset. The 
calculation of eigenvalues and eigenvectors are required in the transformation process. The eigenvalues 
contain important information. It is possible to determine the percent of total variance explained by each of 
the components, using the following equation: 
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where pλ  is the pth eigenvalues out of the possible n eigenvalues. For example, the first principal 
component of the 2002 image when using PCA transformation method accounts for 59.94% of the variance 
in the entire dataset, and the first component of this image using per-pixel CA method accounts for 93.17% 
of the variance of the dataset (Table 1). In this study, image differencing was applied to the first component, 
rather than all the components, of 2002 and 2005 images to detect the change information, and therefore the 
percentage of the variance accounted by the first component is a measure to examine the representation 
quality of the first component. As was shown in Table 1, more variance of the original dataset was captured 
into the first component using both CA and OCA methods than using the PCA method, which can be 
considered the advantage of the CA algorithm. 

 

Fig. 2: The first components derived from 2002 image using PCA method (left) and CA method (right). The 
transformation results of 2005 image are similar to that of 2002 image. The OCA method requires an object attribute 

table to restore the transformation result and is difficult to present the component image. 

Table 1 Eigenvalues and proportion of variance 

 Component
 1 

Component
 2 

Component 
 3 

Component 
 4 

Eigenvalues 9214.46 5784.54 325.27 48.44 PCA  Proportion 59.94 % 37.63 % 2.12 % 0.31 % 
Eigenvalues 0.13 0.0082 0.0014 -3.96e-6 CA  Proportion 93.17 % 5.83 % 0.99 % -2.82e-3 % 
Eigenvalues 0.069 0.0055 0.00072 1.92e-8 

2002 

OCA  Proportion 91.76 % 7.29 % 0.95 % 2.53e-5 % 
Eigenvalues 20445.51 5377.85 484.82 83.03 PCA  Proportion 77.47 % 20.38 % 1.84 % 0.31 % 
Eigenvalues 0.16 0.020 0.0029 -3.63e-6 CA  Proportion 87.68 % 10.71 % 1.61 % -1.99e-3 % 
Eigenvalues 0.091 0.0088 0.00081 2.95e-9 

2005 

OCA  Proportion 90.44 % 8.75 % 0.81 % 2.92e-6 % 

3.3. Image differencing results 
In this stage, the first components derived from 2002 and 2005 images using different transformation 
methods were differenced, resulting in the difference image histogram shown in Figure 3. Pixels or objects 
that had approximately the same brightness value on both dates will produce difference image values that 
centered around the mean value. Pixels or objects that changed dramatically between the two dates will show 
up in the tails of the difference image histogram. We can highlight the change area by specifying thresholds 
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in both tails in the difference image. The values that were standard deviation σ  from the mean value were 
chosen as the thresholds for each difference image in order to evaluate the performance of the three 
transformation methods at the same level. All of the three differencing methods can get reasonable change 
images using this threshold. The mean value, the standard deviation and the corresponding high-end and 
low-end thresholds for each difference images are listed below (Table 2).  

Fig. 3: Histograms of difference images: (Left), Histogram of the first component difference image using PCA. 
(Middle), Histogram of the first component difference image using per-pixel CA. (Right), Histogram of the first 

component difference image using OCA 

Table 2 Mean value, standard deviation and thresholds of the difference images 

 Mean value Standard 
deviation 

Low-end 
threshold 

High-end 
threshold 

PCA 23.57 147.11 -123.54 170.68 
CA -3.17 72.58 -75.75 69.41 

OCA 5.58 76.31 -70.73 81.89 

3.4. Change detection results and discussion 
After specifying certain thresholds to each of the difference image, the change area can be detected 
respectively shown below (Fig. 4). We need reference data depicting the real change information in the study 
area to evaluate the different change results. The Quickbird panchromatic images of 2002 and 2005 year with 
the spatial resolution of 0.61 meter took this role, because detailed land use and land cover change 
information can be visually interpreted from the panchromatic images profited from the high resolution. In 
addition, the DRG (Digital Raster Graphic) of Wuhan was utilized as the auxiliary data as well. The 
reference change image was then produced manually to perform the subsequent accuracy evaluation process.  

The upper-right part of the image is the lake area where no change occurred between 2002 and 2005 
according to the reference image. Both CA and OCA based change images treat this part as no-change area, 
while PCA-based method incorrectly classified most of this area into the change area. From a macro point of 
view, a large number of scattered pixels, like noise pixels, representing some isolated change areas appeared 
in both PCA and CA based change images. Compared to the reference image, most of this scattered change 
information detected by the per-pixel methods proved to be false-change. The reason for this is that both 
PCA and CA based methods are performed on each pixel and ignore the neighbourhood information. With 
high spatial resolution, certain object on the ground usually occupies a group of pixels in the image. The 
object-based technique just meets this need by grouping the pixels into some meaningful objects, so there are 
no such “noise pixels” in the OCA based change image. 

The error matrix (Table 3) was utilized to evaluate change detection accuracy, which include two classes: 
change area, and no-change area, and three accuracy measures: producer’s accuracy, user’s accuracy and 
overall accuracy. There are 77274 number of change pixels, according to the reference data, while 111445, 
91952 and 75526 number of pixels was classified into change class using PCA, CA and OCA methods 
respectively. Apparently, the OCA based method excluded some false-change pixels and got the most similar 
quantity of change pixels with that of reference data. Moreover, CA and OCA based methods got much 
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higher overall accuracy than the traditional PCA based method, and OCA based method got even higher 
overall accuracy than CA based one. 

 

   

(a) (b) 

   

(c) (d) 

Fig. 4: Detected change areas between 2002 and 2005 using PCA (a), CA (b) and OCA (c). Reference change image is 
also provided (d). White denotes the change areas, while black denotes the area of no-change. 

Table 3 Change detection error matrix for the different image differencing methods 

Reference data 
Classified data No-change 

pixels 
Change 
pixels 

Total User’s 
accuracy 

Overall 
accuracy

No-change pixels 232350 38690 271040 85.73 % 
Change pixels 72861 38584 111445 34.62 % 
Total 305211 77274 382485  PCA 

Producer’s accuracy 76.13 % 49.93 %   

70.84 % 

No-change pixels 262936 27597 290533 90.50 % 
Change pixels 42275 49677 91952 54.02 % 
Total 305211 77274 382485  CA 

Producer’s accuracy 86.15 % 64.29 %   

81.73 % 

No-change pixels 276446 30513 306959 90.06 % 
Change pixels 28765 46761 75526 61.91 % 
Total 305211 77274 382485  OCA 

Producer’s accuracy 90.58 % 60.51 %   

84.50 % 

4. Conclusion 
This paper introduced an object-based correspondence analysis component differencing method, which is a 
modified version of per-pixel CA method, for application in change detection. Per-pixel CA method can 
capture more variance in the first component image and get higher change detection accuracy than the well-
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known PCA component differencing method, but both of these per-pixel methods had the drawback of 
ignoring the information of adjacent pixels. In order to solve this problem, the OCA method involved the 
segmentation process to first segment the image into some objects on which subsequent transformation 
performed. This helped to exclude some false-change pixels and got the highest overall accuracy. Both CA 
and OCA component differencing methods were found to be powerful techniques in the application of 
change detection, but more studies are still needed in the future. The segmentation process sometimes could 
not get the correct boundaries for certain objects, which influenced the shape of detected change area and the 
accuracy as well. Another problem is how to find optimal thresholds for each of the difference image 
efficiently. Solving this problem will be the major work in the subsequent study. 
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