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Abstract: Satellite sensors with a middle spatial-resolution (roughly 10 to 100 m in the present study), such as LANDSAT TM/ETM+ 
and Terra ASTER, are not easy to use for object-based analyses in urban areas where a typical object size is generally small, but 
numerous data which have been archived by such sensors since 1970's are very valuable for multi-temporal analyses. In the present 
paper, a method for object-based change detection using middle-resolution imagery is proposed. The method involves accurate 
registration, mixel decomposition, and object-based change detection between bitemporal images, in all of which Geographic 
Information System (GIS) vector data are utilized. The accurate registration and the mixel decomposition are performed by the 
subpixel-based registration method proposed by Hikosaka et al. (2004) which can give optimum registration parameters and object-
based decomposed radiances based on a Bayesian approach. The object-based change detection is performed on an object basis by the 
Multivariate Alteration Detection (MAD) transformation with radiometric normalization (Canty et al., 2004). As a preliminary test 
study, the proposed method is applied to ASTER Visible and Near-Infrared (VNIR) imagery with a spatial resolution of 15 m and the 
GISMAP vector data, developed by Hokkaido-Chizu co., ltd., around Mito city in Ibaraki, Japan. The results indicate that the method 
has been correctly implemented, although more validation studies are necessary for practical uses. 
Keywords: MAD Transformation, GIS, ASTER, Multispectral, Change Detection, bitemporal. 
 
 
1. Introduction 
 

Satellite sensors with a middle spatial-resolution (roughly 10 to 100 m in the present study), such as LANDSAT 
TM/ETM+ and Terra ASTER, are not easy to use for object-based analyses in urban areas where a typical object size is 
generally small, but numerous data which have been archived by such sensors since 1970’s are very valuable for multi-
temporal analyses. In the present study, a method for object-based change detection using middle-resolution imagery is 
proposed. The method involves accurate registration, mixel decomposition, and object-based change detection between 
bi-temporal images, in all of which Geographic Information System (GIS) vector data are utilized. The accurate 
registration and the mixel decomposition are performed by the subpixel-based registration method which can give 
optimum registration parameters and object-based decomposed radiances based on a Bayesian approach [1]. The object-
based change detection is performed on an object basis by the Multivariate Alteration Detection (MAD) transformation 
with radiometric normalization [2]. In the first part of the paper, the proposed method is described. In the latter part, the 
method is applied to ASTER Visible and Near-Infrared (VNIR) imagery with a spatial resolution of 15 m and the 
GISMAP vector data, developed by Hokkaido-Chizu co., ltd., around Mito city in Ibaraki, Japan. 
 
2. Methodology 
 
1) Subpixel-based registration and mixel decomposition 
 

The method for subpixel-based registration and mixel decomposition [1] consists of three steps as shown by Fig. 1. 
In the first step, large and isolated GIS objects with high contrast on the RS image are selected from the GIS vector 

data, and an image portion containing each object is cropped from the RS image. 
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Fig. 1: Flowchart of the method for subpixel-based registration and mixel decomposition. 

In the second step, a pair of x and y shifts on a subpixel basis is given, and the image portion of interest is moved with 
these shifts and then overlaid with the GIS object of the portion. Then, the mixel decomposition based on the Bayesian 
approach is applied to the GIS object. This decomposition gives estimates of subpixel radiances within the portion in 
consideration of the point spread function (PSF) of the sensor, as mentioned below. First, the initial radiance of object i 
(i=1,2,...) , initri, is calculated by 
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where (x,y) and (m,n) are the local pixel coordinates (the origin is at the upper left of the portion), rixy is the radiance of 
object i at (x,y), Simn is the area of object i within (m,n), Rmn is the original radiance at (m,n), and X and Y are the 
maximum values of x and y.  The initial radiance is iteratively modified by 
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where ∆rixy is a correction for rixy,  λ is a stability factor, and k is a weighting factor for the likelihood index, LHxy, and the 
prior probability index, PPixy. Equation (2) is iteratively applied to each pixel until ∆rixy comes to be small enough. 

The likelihood index is expressed by 

xyxyxy RRLH '−=       (3) 
where Rxy is the original radiance, and R'xy is the simulated radiance calculated by 
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where HRuv is the super-resolved radiance at (u,v), and the PSF is given by the normal distribution function. 
The prior probability index is given by 

ixyixyixy rrPP '−=       (5) 
where PPixy is a prior probability index of object i at (x,y), and r'ixy is the mean of rixy over the eight neighborhood 
subpixels which have the object i, calculated by 
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After the mixel decomposition, mixel separability is evaluated by a combination of two evaluation functions: a root 
mean square error (RMSE) based function, and a Euclidean distance based function. The mixel separability is calculated 
for all pairs of x and y shifts within a given window, and the pair of x and y shifts with highest separability is recorded. 
This procedure is applied to all image portions. Thus, the optimum shifts for each portion in the RS image are obtained, 



which allows automatic generation of subpixel-based ground control points (GCPs) for the image. Using these GCPs, the 
RS image is registered to the GIS data on a subpixel basis. 

The detailed description on this method can be found in [1]. 
 
2) MAD transformation 
 

The multivariate alteration detection (MAD) transformation proposed by Nielsen et al. (1998) [3] is based on the 
canonical correlation analysis. For an image X with p bands and an image Y with q bands (p ≤ q) observed at different 
times, new variables u and v are defined as 
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where X and Y are observation vectors, and a and b are coefficient vectors. In the MAD method, p pairs of a and b can 
be determined in the same manner with the canonical correlation analysis, where the correlation between U and V 
increases in the order of i=1, 2,…, p. Thus, when the MAD value at each pixel for i is defined by 

iii VUMAD −= ,      (8) 
the variance of MADi over the scene will decrease in the order of i=1, 2,…, p. The MAD for i=1will include more 
information on changes between the images X and Y. 

Canty et al. (2004) has proposed the application of radiometric normalization to the images X and Y for radiometric 
adjustment because such operation will not give any impact to the MAD analysis [2]. This normalization is performed by 
means of ordinary least squares regression method before the calculation of MAD. Thus, changed pixels can be detected 
by the following thresholding: 
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where σMADi is the standard deviation of MADi over the scene. The threshold t can be given by assuming that the above 
sum is approximately chi-square distributed with p degrees of freedom.  
 
3) Proposed method 
 

The method proposed in the present paper consists of the following steps. 
(Step 1)  Bitemporal images are registered to GIS vector data on a subpixel basis (see 2−1). This step is important 

because any registration errors can give a significant error to the following steps. 
(Step 2) The bitemporal images registered to the GIS data are super-resolved by the mixel decomposition (see 2−1). 

Background areas outside GIS objects are masked in this step because such areas are not used for change detection. 
(Step 3) The super-resolved bitemporal images are radiometrically normalized by the least squares regression method 

(see 2−2). 
(Step 4) Changed pixels between the normalized super-resolved bitemporal images are detected on an object basis by 

the MAD decomposition (see 2−2). 
(Step 5) Changed objects are detected based on the super-resolved pixels detected as changed pixels. 

 
3. Preliminary test study 
 

In the present paper, the method was applied to ASTER Visible and Near-Infrared (VNIR) images (bands 1, 2, and 3) 
with a spatial resolution of 15 m and the GISMAP vector data, developed by Hokkaido-Chizu co., ltd., around Mito city 
in Ibaraki, Japan. The ASTER images used are the orthogonal at-sensor radiance products (level 3A) observed on 29 
March 2000 and 31 March 2003. Fig. 2 displays the ASTER images in 2000 and 2003, and Fig. 3 displays the GISMAP 
data. The study site includes many small objects such as a residential building, as shown by Fig. 3. 



Fig. 2: ASTER VNIR images registered to the GISMAP data (left: 29 March 2000, right: 31 March 2003). 

Fig. 3: GISMAP vector data used. 

First, the bitemporal ASTER images were registered on a subpixel basis to the GISMAP vector data (Step 1). Next, the 
pixel size of the images was improved from 15 m to 1 m (Step 2), and the ASTER image in 2000 was radiometrically 
normalized as to adjust to the ASTER image in 2003 (Step 3). Fig. 4 shows the radiometrically-normalized super-
resolved ASTER images (left: 29 March 2000, right: 31 March 2003), where background areas outside objects are 
masked. Finally, changed pixels were detected from these images by the MAD transform (Step 4), and the results were 
used for detection of changed objects. Fig. 5 displays super-resolved pixels detected as changed pixels, where the 
threshold t was assumed to be 0.03 (that is, the changed pixels were assumed to be 3% of all pixels). Most of the detected 
pixels belong to small objects such as a residential building. Although the results should be verified using another 
information (in-situ information, aerial photos and so on), they indicate that the proposed method has been correctly 
implemented. In the future, more validation studies are necessary for practical uses. 

 
4. Conclusions 
 

In the present paper, a method for object-based change detection using middle-resolution satellite imagery and GIS 
vector data has been proposed and implemented. As a preliminary test study, the method was applied to the bitemporal 
ASTER images and the GISMAP data around Mito city in Japan, which indicated that the method has been correctly 
implemented, but more validation studies are necessary for practical uses. In the future, we will therefore check the 
method using more images, and will improve if necessary. 
 
 



Fig. 4: Radiometrically-normalized super-resolved ASTER VNIR images with a spatial resolution of 1 m (left: 29 March 
2000, right: 31 March 2003). Background areas outside objects are masked (shown in black).  

Fig. 5: Super-resolved pixels detected as changed pixels (shown in white). The threshold t was assumed to be 0.03.
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