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ABSTRACT: The satellite images, which can provide a time series data, are very useful 

to quickly detect spatial alteration for a large area. In order to get the change detection 

map, we propose a change detection algorithm for orthophoto based on Kullback-Leibler 

divergence (KL-div) and hypothesis testing in this paper. In the image, the list of pixel p 

is to sort the values of pixel p and its neighbors in numerical order. The list of pixel p (P) 

can be analogous to discrete probability distributions. For evaluating the KL-div between 

list of pixel p (P) and corresponding list of pixel q (Q) in the remote sensing images 𝑋1 

and 𝑋2 with different time 𝑡1 and 𝑡2, respectively, we define the following measurement 

𝐷𝐾𝐿(𝑝, 𝑞) = − ∑ 𝑃(𝑖) log (
𝑄(𝑖)

𝑃(𝑖)
)𝑖  (1) 

The judgement method of change detection is based on hypothesis testing. In order to 

determine the change behavior, we propose the null hypotheses ℋ0  and alternative 

hypotheses ℋ1 are unchanged pixels and changed pixels, respectively. The conditional 

probability P(𝑝, 𝑞|ℋ0) and P(𝑝, 𝑞|ℋ1) of ℋ0 and ℋ1 can be defined by measuring the

stand deviation of KL-div. After selecting a significance level, the null hypothesis will 

be rejected when the probability p-value is small than the significance level. Finally, the 

change detection map can be generated by proposed algorithm. 

1. Introduction

In remote sensing application, the change detection, which is very useful to quickly 

detect spatial alteration for a large area, is one of the most interesting topic. The change 

detection is a useful technique for the environmental protection and the post-disaster 

analysis. The processing of the change detection is to identify the change data set which 

collects significantly different pixel between two satellite images with different obtained 

time. The change data set of satellite image has several underlying factors: (1) objects 

appearance/disappearance, (2) cloud, (3) shadow, (4) brightness, (5) accuracy of 

orthophoto, etc. The processing of change detection can be classified into three parts: (1) 

radiometric adjustment, (2) difference image generator, and (3) judgement. The radiance 

of satellite image is changed by the several factor such as season, solar angle, 

atmosphere condition, etc. There are several techniques to compensate the radiance 

difference. The simplest radiometric normalization processing, which is to match mean 

𝜇1 and standard deviation 𝜎1 of the image 𝑋1 and mean 𝜇2 and standard deviation 𝜎2 of 
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the image 𝑋2, respectively, is proposed by Dai and Khorram (Dai, 1998). The processing 

is based on the assumption that the images have Gaussian distribution. The radiometric 

normalization processing can be expressed by 

 

 𝑋2(𝑢, 𝑣) =
𝜎1

𝜎2
(𝑋2(𝑢, 𝑣) − 𝜇2) + 𝜇1 (2) 

 

In another way, the radiometric adjustment can be eliminated by computing the surface 

reflectance which contains information about the earth's surface. The surface reflectance 

can be estimated by two approach: (1) digital image processing method (Toth, 2000) and 

(2) physical model (Vermote, 2015). In the digital image processing approach, the 

observed image irradiance 𝑋(𝑢, 𝑣) at pixel (𝑢, 𝑣) can be formulated 

 

 𝑋(𝑢, 𝑣) = 𝑋𝑠𝑜𝑙𝑎𝑟(𝑢, 𝑣)𝑅(𝑢, 𝑣) (3) 
 

Where 𝑋𝑠𝑜𝑙𝑎𝑟(𝑢, 𝑣)  is the irradiance from the sun at pixel (𝑢, 𝑣) and 𝑅(𝑢, 𝑣) is the 

surface reflectance at pixel (𝑢, 𝑣). In order to extract surface reflectance 𝑅(𝑢, 𝑣), the 

homomorphic filter is used by assuming that the sun irradiance 𝑋𝑠𝑜𝑙𝑎𝑟(𝑢, 𝑣) is low 

spatial frequency component. The irradiance 𝑋𝑠𝑜𝑙𝑎𝑟(𝑢, 𝑣)  and surface reflectance 

𝑅(𝑢, 𝑣) can be separated by using logarithm 

 

 ln 𝑋(𝑢, 𝑣) = ln 𝑋𝑠𝑜𝑙𝑎𝑟(𝑢, 𝑣) + ln 𝑅(𝑢, 𝑣) (4) 
 

The surface reflectance ln 𝑅(𝑢, 𝑣) can be extraction by using high-pass filter 𝐹ℎ𝑖𝑔ℎ_𝑝𝑎𝑠𝑠 

The approximate surface reflectance can be expressed 

 

 𝑅(𝑢, 𝑣) = 𝑒𝑥𝑝{𝐹ℎ𝑖𝑔ℎ_𝑝𝑎𝑠𝑠(ln 𝑋(𝑢, 𝑣))} (5) 

 

In the physical model, the Second Simulation of a Satellite Signal in the Solar Spectrum 

(6S) is to formulate radiative transfer. The radiative transfer between satellite and 

observed target is simulated via realistic atmosphere model, anisotropic surfaces, and 

estimated gaseous absorption. Therefore, the surface reflectance can be accurate 

measured. 

 

The simplest difference image generator is 𝐷(𝑢, 𝑣) = 𝑋2(𝑢, 𝑣) − 𝑋1(𝑢, 𝑣) . This 

generator is widely used for quickly detecting image change in a short time (Skifstad, 

1986). Skifstad and Jain proposed difference image generator via considering the 

variance of two image ratio 𝑋2(𝑢, 𝑣) 𝑋1(𝑢, 𝑣)⁄ . The difference image 𝐷(𝑢, 𝑣) can be 

expressed 

 

 𝐷(𝑢, 𝑣) =
1

𝑁
∑ (

𝑋2(𝑢,𝑣)

𝑋1(𝑢,𝑣)
− 𝜇(𝑢, 𝑣))

2

(𝑢,𝑣)∈Ω(𝑢,𝑣)  (6) 

 

where Ω, 𝑢, 𝑣. is a block of pixels centered at , 𝑢, 𝑣. and μ, 𝑢, 𝑣. is defined by 
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 𝜇(𝑢, 𝑣) =
1

𝑁
∑

𝑋2(𝑢,𝑣)

𝑋1(𝑢,𝑣)(𝑢,𝑣)∈Ω(𝑢,𝑣)  (7) 

The judgement can be simply defined by the following rule 

 

 𝐽(𝑢, 𝑣) = {
1 𝑖𝑓 |𝐷(𝑢, 𝑣)| > 𝜏
0          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (8) 

 

The threshold τ is chosen by different criteria according to application (Rosin, 1998). In 

this paper, we consider that the radiometric adjustment, difference image generator, and 

judgement are the simplest radiometric normalization processing, Kullback-Leibler 

Divergence, and hypothesis testing, respectively, for detecting change of Formosa 

satellite images. 

 

2. Methodology 

 

In this study, we want to detect change between Formosat-2 image 𝑋1 and Formosat-5 

image 𝑋2 . Formosat-2 image and Formosat-5 image exists histogram distribution 

difference and quantization difference. We apply Equation (2) to eliminate the difference 

between Formosat-2 image and Formosat-5 image. 

 

2.1 Difference image generator 

 

We consider that the changes are associated with localized information. Therefore, the 

distance 𝐷(𝑢, 𝑣) between image 𝑋1(𝑢, 𝑣) and image 𝑋2(𝑢, 𝑣) is defined by Ω1(𝑢, 𝑣) and 

Ω2(𝑢, 𝑣) which are square block of pixels centered at (𝑢, 𝑣) in each of the two images. 

The list of pixel p (P) is defined by 

 

 𝑃 = {𝑝0, 𝑝1, … , 𝑝𝑛} (9) 

 

where 𝑝𝑖 = 𝑋1(𝑢̂, 𝑣)  for (𝑢̂, 𝑣) ∈  Ω1(𝑢, 𝑣)  with condition 𝑝𝑖 ≥ 𝑝𝑗  when i < j . There 

may exist pixel shift between image 𝑋1 and image 𝑋2 To ensure that the corresponding 

square block of pixels in image 𝑋1 and image 𝑋2 are matched correctly, we assume that 

square block of pixels centered at (𝑢, 𝑣)  and square block of pixels centered at 
(𝑢 + 𝑑𝑢, 𝑣 + 𝑑𝑣)  in image  𝑋1  and image 𝑋2 , respectively, are corresponding square 

block. The shift pixel 𝑑𝑢  and 𝑑𝑣  are satisfied −N ≤ 𝑑𝑢 ≤ 𝑁  and −M ≤ 𝑑𝑣 ≤ 𝑀 , 

respectively. Therefore, the list of pixel q (Q) is defined by 

 

 𝑄 = {𝑞0, 𝑞1, … , 𝑞𝑛} (10) 

 

where 𝑞𝑖 = 𝑋2(𝑢̂, 𝑣) for (𝑢̂, 𝑣) ∈  Ω2(𝑢 + 𝑑𝑢, 𝑣 + 𝑑𝑣) with condition 𝑞𝑖 ≥ 𝑞𝑗  when i <

j. KL-div between list of pixel p (P) and corresponding list of pixel q (Q) is defined by 

Equation (1) (Kullback, 1951). The Equation (1) is not symmetric distance (𝐷𝐾𝐿(𝑝, 𝑞) ≠
𝐷𝐾𝐿(𝑞, 𝑝)). Therefore, we consider that a symmetric KL-div at (𝑢, 𝑣) is expressed by 

 

 𝐷𝑆𝐾𝐿(𝑝, 𝑞) = 𝐷𝐾𝐿(𝑝, 𝑞) + 𝐷𝐾𝐿(𝑞, 𝑝) (11) 
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The difference image 𝐷(𝑢, 𝑣) can be difined by 

 

 𝐷(𝑢, 𝑣) = min
−N≤𝑑𝑢≤𝑁
−M≤𝑑𝑣≤𝑀

𝐷𝑆𝐾𝐿(𝑝, 𝑞) (12) 

 

2.2 Judgement 

 

The hypothesis testing is a straightforward judgement method of change detection for 

ignoring the noise effect. The tests of significance on the difference image 𝐷(𝑢, 𝑣) is to 

assess that null hypotheses ℋ0 at each pixel is supported or rejected. To determine the 

change behavior, we propose the null hypotheses ℋ0 and alternative hypotheses ℋ1 are 

unchanged pixels and changed pixels, respectively. Hypotheses for change detection take 

the following form 

 

 ℋ0: 𝑝(𝐷(𝑢, 𝑣)) > 𝜏 (13) 

 ℋ1: 𝑝(𝐷(𝑢, 𝑣)) ≤ 𝜏 (14) 

 

where the threshold 𝜏 can be calculated by significance level α (Devore, 2011). The null 

distribution is modeled by Gaussian distribution with zero mean and variance , 𝜎 − 2. 
(Aach, 1993, Aach, 1995). The variance 𝜎2 can be estimated from the unchanged region 

in the difference image 𝐷(𝑢, 𝑣). The Gaussian probability density function at pixel (𝑢, 𝑣) 

is expressed 

 

 𝑝(𝐷(𝑢̅, 𝑣̅)) =
1

√2𝜋𝜎2
𝑒𝑥𝑝 (−

𝐷(𝑢,𝑣̅)

2𝜎2 ) (15) 

 

The block-wise formulation can ignore one changed pixel in an unchanged region and vice 

versa. We assume that the pixel in Ω𝐷(𝑢, 𝑣) which square block of pixels centered at 
(𝑢, 𝑣) in difference image 𝐷(𝑢, 𝑣), satisfies independent and identically distributed (iid). 

The block-wise formulation, which is based on Equation (15), can be expressed 

 

 𝑝(𝐷(𝑢, 𝑣)) = ∏
1

√2𝜋𝜎2
𝑒𝑥𝑝 (−

𝐷(𝑢,𝑣̅)

2𝜎2 )(𝑢,𝑣̅)∈Ω𝐷(𝑢,𝑣)  (16) 

 

3. Results 

3.1 Study area and data 

 

We choose two study areas: (1) the village at the foot of volcano Fuego and (2) Southern 

California. The volcano Fuego erupted on June 3, 2018. The Formosat-2 image and the 

Formosat-5 image were acquired on October 5, 2012 and June 13, 2018, respectively. 

There were magnitude 7.1 and 6.4 earthquakes on July 5, 2019 and July 4, 2019 in 

Southern California, respectively. The Formosat-2 image and the Formosat-5 image were 

acquired on September 24, 2015 and July 12, 2019, respectively. 

 

3.2 Analysis results 

 

The Figure 1. (a) and (b) show the RGB bands image and NIR band image of Formosat-

4



2 image, respectively. The Figure 1. (d) and (e) show the RGB bands image and NIR band 

image of Formosat-5 image, respectively. The Figure 1. (c) shows the change mask. The 

Figure 1. (f) shows the change mask on the NIR band image of Formosat-5 image. This 

result shows that the village is submerged by lava. 

 

 
Figure 1. (a) and (b) show the RGB bands image and NIR band image of Formosat-

2, respectively. (c) shows the change mask. (d) and (e) show the RGB bands image 

and NIR band image of Formosat-5, respectively. 
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Figure 2. (a) shows the RGB bands image of Formosat-2. (b) shows the change 

mask. (c) shows the RGB bands image of Formosat-5.  

The Figure 2. (a) shows the RGB bands of Formosat-2 image. The Figure 2. (c) shows 

the RGB bands of Formosat-5 image, respectively. The Figure 1. (b) shows the change 

mask. The Figure 1. (d) shows the change mask on the RGB bands image of Formosat-5. 

This result shows that the Southern California had large groundbreaking. 

 

4. Conclusion 

 

In this study, we propose a change detection method based on KL-div and hypothesis 

testing for Formosa satellite images. The results show this method can detect the large 

ground change between Formosat-2 images and Formosat-5 images. In a future work, we 

will consider image feature information into our method. 
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