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Abstract

Spectral Change Vector Analysis (CVA) is based on multi-temporal images. In this paper, a dichotomy search which
can be used on detecting changes in the threshold vector is adopted. Meanwhile, a supervised classification technique
is used in the direction cosine space with the type of central point in the initial assay vector remote sensing images.
Results are discussed in the last part of this paper, which show that CVA can extract change information effectively
in our study area of Wuhan city.
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1. Introduction

Change detection is a process of extracting, analyzing, and defining change information from remote
sensing imageries. Usually, change detection refers to discerning the changed areas on two registered
remote sensing images at two different times [1]. At present, remote sensing change detection methods are
mainly classified into two categories: one based on the spectral characteristics of the type of analysis, and
the other is spectral change vector analysis. Spectral characteristics of the type of analysis is based
primarily on remote sensing images at the same time using the spectral classification and the calculation to
determine the changes in the distribution of information and types of feature [2]. It can be divided into
direct comparison, post-classification comparison and multi-spectral transform method. Spectral change
vector analysis can avoid not only the classification and time-consuming effort and the accumulated error
in the type of unreasonable defect in post-classification comparison method, but also can use more or even
all of the bands to detect changes in pixels, and the changes in pixel type information [3] [4].
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This paper is based on Spectral Change Vector Analysis (CVA). This method focuses on the analysis of
the differences to determine the changes in the characteristics of the strength and direction.

2. Methodology

2.1 Study Area and Data Sources

The study area is located in the north western part of Wuhan, Hubei province, China. It is low and flat
with the Fu River winding through the area, including a few lakes and pools. With rich vegetation and
clearly recognized artificial coverings, all makes it being a good test area of change detection using remote
sensing imageries. In this paper, we use two Landsat TM imageries acquired respectively on July 9, 2002
and April 20, 2005.
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Figure 1 a) China map. b) The study area ( at the north west of Wuhan city).

2.2 Image Pre-processing

1) Image co-registration

The key of change detection is to make sure that the location of the same surface features is consistent.
If accurate image co-registration is not available, a large area will be found changed because of image
misplacement. The essence of image co-registration is image geometric correction, which means unifying
images into a normalized coordinate system by geometric transformation according to the geometric
characteristics of images.

Image registration usually consists of two steps: 1) determine appropriate image control points. The
selection of control points must be as accurate as possible. And enough control points are required to
avoid great errors. 2) Register one image to the other using the selected control points.

2) Radiometric calibration

In the processing of remote sensing change detection, we must consider the possible pixel spectral
changes caused by other elements, such as soil moisture, vegetation phenology, atmospheric conditions,
sun angle, and sensor parameters. These elements' impact on pixel spectral changes must be removed to
make sure that the changes are only caused by surface features changes. In this paper, a histogram

matching method is used in radiation correction of the experentmental images to eliminate random factors.
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2.3 Change Vector Analysis

3) Processing of assistance data

We choose a sub-district A as a typical sample area to determine a threshold which can distinguish the
changed pixels from the non-changed pixels in step 1. Figure 2. a) shows the visual discrimination results.
Changed pixels are displayed in white, while the black part indicates no change in this area.

Meanwhile, a supervised classification sub-area B is chosen to determine the type of change pixels in
step 2. In this paper, four types of change are defined: building, barren, water and vegetation. Land use
classes are shown in Figure 2. b). Each gray value refers to a certain land use class as shown in Table I :
0 refers to barren(including roads), 100 to building, 175 to vegetation, and 255 to water.

Figure 2 a) Visual interpretation results oI sub-area A. D) Land Use classes oI sup-area 1.

Tablel Comparison of gray value and land use class

Color Gray Value Land Use Class
0 Barren
100 Building
175 Vegetation
255 Water

4) Obtaining changed pixels (Step 1)

In CVA, changes are shown as multidimensional spectral vectors, which are accepted as 6-dimensional
spectral space from the pair of TM images. For each pixel of each image, it is transferred to a 6-
dimensional vector. Where change has occurred in the pair images, the relationship between the
corresponding pixels pair can be characterized by a change vector with a measurable strength [5] [6] [7].

Step 1 will distinguish changed pixels from non-changed ones. First, we use change vectors to indicate
all the image pixels, which can be seen in (1):

AG=G-H (1)

Where k = the number of bands;

G=(g, g, - g,)"=image pixel vector of tl period, containing 6 bands;
H=(h h, --- h,)" =image pixel vector of t2 period, containing 6 bands;

Then the strength of change is calculated by (2), and we get the angle between each band and its
spectral brightness axis using (3):

HGH:\/(gl_h1)2+(g2—h2)2+...+(gk_hk)2 Q)

X

(i=12,3,4,5,6) 3)

cosd, =
Where J’ ﬂl , Xy, X5, X,,Xs, X, ) = change vector with 6 bands;

HXHz\/x12+x22 +X X, XD XS
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Now we can create a new vector Z = (cos ,,cos 8,,cos 6;,cos 8,,cos b5, cos 6;) to determine a certain
point in the direction cosine vector space. If a threshold is adopted, it can be used to tell changed pixels
from non-changed ones by comparing Z with this threshold value [5].
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Figure 3 Flowchart of CVA (Step 1).

A key step is how to get this certain threshold value. In this paper, a method using dichotomy is used to
obtain a threshold with highest efficacy. Suppose the strength of change ranges between [min, max], the
concrete plan is as follows:

a) Choose a proper value P which is small enough according to our accuracy requires.
b) Use T= (mintmax)/2 to pick out changed pixels and record their locations and amount.

¢) Compare these changed pixels’ locations with the visual interpretation results of sub-area A. Then
a proportion of the same changed pixels will be calculated, which is referred to as M later.

d) Use T1=T-P and T2=T+P to pick out changed pixels respectively and get the proportion of both,
marked by L and R.

e) If L>M, which means T1 can get more changed pixels same as the visual interpretation results of
sub-area A, reduce the change range to [min, (min+max)/2]; on the contrary, if R>M, reduce the change
range to [(min+max)/2, max].

/) The midpoint of the change range is supposed to be a new T. Continue with this process until we
reach a change range which is small enough.

In this area, we get a change strength range of [0, 487.134], and the best threshold is 97.427. Figure 5. a)
shows the final change image where changed pixels are displayed in white and non-changed ones in black.

5) Determining change types (Step 2)
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In the direction cosine space, given the change classes and their corresponding class center points, we
can classify the change pixels with a supervised classification process. After the radiation correction of
images on tl and t2, the spectral change vectors in land use/cover types of one period are supposed to be
equal to the spectral difference vectors between t1 and t2 [6]. Based on this approximation, we classify the
tl image accurately and obtain the spectral change vectors between different surface features, whose
direction cosine vectors' mean value is equivalent to the classification central points in direction cosine
vector space.

Usually, the change classification of each pixel in CVA is computed by the Euclidean distance between
each pixel's direction cosine vector and the central points above. One pixel's change class can be
determined as the certain class where the minimum Euclidean distance appears.
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Figure 4 Flowchart of CVA (Step 2).

3. Results

Because only three changing type is effective and practical in practical use, this paper only chooses
these three changing directions, including vegetation to building, water to vegetation and vegetation to
barren. In addition, there are 37534 pixels changing in the study area, of which 32826 (that is 87.5% of all
changed pixels) belong to these three changing directions, so we would only show part of our results as
follows.

Table 2 Change information in details by CVA

CVA Number of Total Changed Pixels Percent
vegetation—building 8,766 26.70%
water—ve-getation 18,928 32,826 57.70%

vegetation—barren 5,132 15.60%
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Table 3 Accuracy assessment of CVA method

CVA Number of Visual Interpretation pixels Accuracy
vegetation—building 8,766 9,126 96.06%
water—ve-getation 18,928 21,441 88.28%
vegetation—barren 5,132 5,463 93.94%

PR 3 :
b) Change information of
vegetation to building.

(e 3 R ST 4
a) Image of change information.

¢) Change information of d) Change information of water
to vegetation. vegetation to barren.

Figure 5 Change information of different types in the study area

4. Discussion And Conclusion

The above three images (Figure 5. b), c), d)) represent three types of change directions. It can be seen
from Figure 5 that from 2002 to 2005, the land use/cover change types in Wuhan, mainly occurred as water
to vegetation changes, accounting for 57.7% of the total variation. The reason is the time of the 2002 image
was obtained on July 9, 2002, when the basin was full of water; the time for 2005 image was April 20,
coincided with the spring, when lush vegetation occupied the outer part of the basin. Followed by is the
change type of vegetation to building in the urban district of Wuhan, accounting for 26.7% of the total
variation. In addition, in the northern mountains there was a considerable number of vegetation developed
to city construction land, accounting for 15.6% of total change information.

For monitoring the accuracy of vector analysis, this paper adopts a precision test, whose main method is
compared the CVA results with visual interpretation results. The table shows that with a threshold of
97,437, a total of 36,030 pixel changes are correctly detected, which means the change detection accuracy
reaches 95.99%. From above we can see that change vector analysis can extract change information
effectively after determining a proper threshold by dichotomy.
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