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ABSTRACT

This paper presents an efficient change detection approach for Synthetic Aperture Radar (SAR)
images. The basic idea of this approach is to use the log ratio of the two images for change
detection after being registered with Scale-Invariant Feature Transform (SIFT). These two images
are a reference image and another image for the same area acquired at a different time. The log
ratio variations include changes in certain areas corresponding to the natural changes in the test
image. Usually, SAR images contain some sort of noise. So, there is a need for a denoising process
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prior to estimating the log ratio to enhance the change detection results. A segmentation
process is performed on the test image based on the log ratio values. Large values in the log
ratio image correspond to detected changes in the test image. Simulation results on SAR images
for a region of Jeddah demonstrate the success of the proposed approach.

1. Introduction

Remote sensing uses the satellite or aircraft-based sen-
sor technologies to survey the Earth. There are two
types of remote sensing: “active” and “passive”. In
active remote sensing, a signal is sent by the satellite
or aircraft and the echo is received by a sensor. In
passive remote sensing, the reflection of sunlight is
received by the sensor. We can obtain high-resolution
spotlight SAR images from TerraSAR-X radar.

Generally, the input in image processing applica-
tions is an image and the output is a part of that image
or its properties. Change detection in SAR imaging
aims to determine the changes that may have hap-
pened over the same area at different times. The SAR
system has been used in several applications such as
agricultural surveys, damage assessment, forest obser-
vations, environmental observations, and urban stu-
dies. However, as the SAR images suffer from speckle
noise, this leads to inaccurate change detection.

Real-world SAR applications are diverse. The SAR
images are used for sorting and discovering land cover.
They save time and high cost of field surveys. They are
used also for observation of the forest tree species, for
defining urban patterns, for defining the extent of
floods, and for pinpointing the area of deforestation
(Wang et al. 2016). Detecting changes in land-cover is
one of the most important fundamentals of remote
sensing image analysis. In remote sensing, change
detection shows changes on land cover by surveying
them at different times.

Change detection process in SAR images usually has
two phases: difference detection from images using
several types of operations and classification of images
with or without changes based on supervised or unsu-
pervised techniques (Bovolo and Bruzzone, 2005),
(Celik, 2010), (Jia et al., 2018). The determination of
changes is usually based on a ratio operator, which is
sensitive to radiometric and calibration errors.
Moreover, speckle noise in SAR images may affect the
performance. Minimisation of the effect of speckle noise
can be performed based on a log ratio operator (Das
et al. 2016).

By applying a spatial filter, we can reduce the
speckle noise effect on the image. Radar speckle is
roughly multiplicative noise. The range of the ran-
dom brightness deviations increases with the average
grey level of a local area (ftp.microimages.com). By
using either the entire image or the local neighbour-
hood of the filter window, variations in actual
brightness can reflect the noise range. The objective
is to reduce the speckle noise in uniform regions by
some kind of averaging while conserving the bright-
ness variations that exist at the boundaries between
areas of varying brightness. The radar filters are
better than simple low-pass or median filters for
noise reduction. Some of these radar filters have
variables that can be modified to optimise the results
(www.gisteam.de).

In the previous work, the change detection from
SAR images is based on pixel information. The
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Figure 1. General scheme diagram of the proposed change detection approach.

traditional methods depend on pixel comparison.
They subtract the two multi-temporal images. The
SIFT has been used to determine the blob-like struc-
tures in images using log ratio images to detect the
changes (Wang et al. 2016). Another method used log
ratio and mean ratio to obtain a difference image. The
authors used k-means clustering for segmentation
(Das et al. 2016). A improved fuzzy c-means algorithm
was used to classify the difference map to generate the
resulting change detection map (Ronghua Shang et al.
2019).

The basic idea of this paper is to use the log ratio of
the two images used for change detection after being
registered with SIFT. The log ratio variations include
changes in certain areas. Usually, SAR images contain
some sort of noise. So, there is a need for a denoising
process, which is performed as an initial stage in the
proposed system.

2. Proposed approach

The proposed framework is to obtain a change detec-
tion map from two SAR images for the same area as
illustrated in Figure 1. Assume that we have two SAR
images:

X1 = {xl(la_])ll S l S Y71 S] SZ}wa
= {x(i,j)l1 <i<H,1<] <K},

where x; has a size YZ and x, has a size HK, each
acquired for the same area, but at different times #
and t,, one of them is a reference for the other. The
steps of the proposed approach are as follows:

(1) Acquisition of two SAR images with the same
scale and the same orientation: a reference
image and a test image after a period of time.

(2) Generation of the log ratio image x.

(3) Segmentation of the test image.

(4) Change detection map generation.

2.1. Registration of the two SAR images

Registration is a very important step to be performed
on the test image to have the same scale and orienta-
tion as the reference image. By applying the SIFT
technique, we obtain the feature keypoints of both
images. We estimate gradient magnitude and direc-
tion around each keypoint. Hence, we determine the
main orientation in an area around the keypoint. We
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(a)

Figure 2. Two SAR images having different orientations and scales, (a) SAR image1, (b) SAR image2.

specify the magnitude and direction corresponding to
a keypoint with the formulae (Lowe 2004):

@iy —La—1y)P
(.7) \/ Ly 1) - Ly-1p) D

0 = tan ' (L(x,y +1) — L(x,y — 1))/
((L(x+17y) _L(x_ 17)’)) (2)

where x,y are the location coordinates of the keypoint.

The orientation and magnitude are determined
for all pixels around the keypoint. We should have
the same scale and rotation invariance for the two
images, and then create a signature for each key-
point in the two images. For example, we have two
images as shown in Figure 2. We apply the two

reference image

()

Figure 3. Registration result. (a) Reference image, (b) Image after registration.

(b)

formulae and affine transformation to obtain the
same orientation and the same scale as in Figure 3.

2.2. Generation of the log ratio image

The process of change detection between two different
images can be implemented by using log ratio operator:

x. = log(x;) — log(x,) (3)

The logarithmic operator attenuates the pixels in the
areas of high intensity and enhances the low-intensity
pixels.

2.3. Segmentation

We use the Otsu’s method for segmentation. The
challenging task is choosing the best threshold values.

Image after registration

(b)
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Figure 4. Segmentation of the SAR image (a) Log Ratio image, (b) Pair of SAR images: image1 and image2, (c) Segmentation

image.

We determine the change detection map as shown in
Figure 4(a). We observe the green colour referring to
the changes that exist in the area in the new image and
purple colour referring to the destructed buildings as
shown in Figure 4(b).

2.4. Obtaining the change map

The change map that illustrates the changes such as
new or destroyed buildings is then obtained after the
segmentation process.

3. Registration with SIFT

Lowe (2004) presented the SIFT. We can discuss
the steps of the SIFT keypoint extraction briefly.
Firstly, several octaves of the original image are
obtained. Sub-sampling by factor 2 is performed
for each octave. Secondly, images within each
octave are processed with a Gaussian filter to per-
form blurring operation according to the following
relation:

L(a,b,z) = G(a,b,z) x I(a,b) (4)

L is a blurred image, G is the Gaussian Blur operator,
I is the SAR image, a,b are the location coordinates,
and z is the scale parameter.

Difference of Gaussian (DoG) images are roughly
equal to the Laplacian of Gaussian (LoG) images as
shown in Figure 5 (Yawalkar et al. 2018). Thirdly, we
discover the maxima and minima in the DoG images
created in the previous step. This is performed by
comparing neighbouring pixels in the current scale,
scale above and scale below as shown in Figure 6.

The x marks the current pixel. The circles mark the
neighbours. In this way, a total of 26 checks are made.
The x is marked as a keypoint if it is the greatest or least
of all 26 neighbours as shown in Figure 6. Sub-pixel
minima/maxima are estimated using the available pixel
data. This is performed by the Taylor expansion of the
image around the approximate keypoint.

In the image, we perform the subtraction for just one
octave as shown in Figure 7. The same thing is per-
formed for all octaves. This generates DoG images of
multiple sizes. Finally, we can reduce the number of
keypoints. SIFT algorithm rejects the keypoints that
have low contrast or that are on the edge. We already
determine the scale at which the keypoint is discovered
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Figure 8. Sample 1(a) SAR image1, (b) SAR image2, (c) Log ratio image, (d) Pair of SAR images: image1 and image?2.
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Figure 9. (a) Log ratio image, (b) Google earth image in 2018, (c) Google earth image in 2012.

(it is similar to the scale of the blurred image). The size
of the orientation estimation region around the key-
point depends on its scale. The larger the scale, the
larger the estimation region.

4. Simulation results

Three image sets are used for experiments in this paper,
and each set is registered to reduce the error. The three
image sets are acquired by German remote sensing

TerraSAR-X satellite SAR sensor over Jeddah area in
2012 and 2018.

The first sample has images of size 187 x 236.
The second sample has images of size 183 x 245. The
third sample has images of size 154 x 132.

Figure 8 shows that the area that changed has circles
marked in the SAR imagel in 2018, SAR image2 in 2012,
log ratio image and the image that shows a pair of SAR
imagel and SAR image2. Figure 9 displays the log ratio
image, the Google earth image in 2018 and the Google
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Figure 10. Destroyed buildings. (a) SAR image in 2018, (b) SAR image in 2012, (c) Pair of SAR images: image1 and image2, (d) black
and white image.

SAR imagel SAR image2
- 8

() B (b]

(c
Figure 11. Sample 2.(a) SAR image1, (b) SAR image2, (c) LR image, (d) Pair of SAR images: image1 and image2.

earth image in 2012 to show the extent of change. The  in Figure 10. We observe in Figure 10 the buildings that
circles in the three images show the changes. In another ~ were built in 2012 and destroyed in 2018 as shown in the
example, we illustrate some destroyed buildings as shown  red square. Now, we can determine the destroyed
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Figure 13. Sample 3, (a) SAR image1, (b) SAR image2, (c) LR image, (d) Pair of SAR images: imagel and image2.
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Log Ratio image

Figure 14. (a) Log ratio image, (b) Google earth image in 2012, (c) Google earth image in 2018.

Table 1. Area ratio of change compared to the original image. buildings in the area after a certain time. From Figure 11,
Images Ratio we can observe the area determined by the square in the
Sample 1 3.23% SAR imagel in 2018, and the SAR image2 in 2012. The
Sample 2 19.601% log ratio image and that image that shows the pair of SAR
Sample 3 23.65% imagel and SAR image? are illustrated. Figure 12 shows

Figure 15. The ground truth image. (a) Ground truth of sample1, (b) Ground truth of sample2, (c) Ground truth of sample3.



the log ratio image, the Google earth image in 2018 and
the Google earth image in 2012, which ensure the accu-
racy of the results. The square shape in each image shows
the changes. From Figure 13, we can observe the log ratio
image, the Google earth image in 2018 and the Google
earth image in 2012. The oval shape in each image shows
the changes. From Figure 14, we can observe the log ratio
image, the Google earth image in 2018 and the Google
earth image in 2012 to make sure of the change detection
accuracy. The oval shape in each image shows the
changes. We tabulate the values of the evaluation metrics
in Table 1 for the images shown in Figure 15. The values
in the table show the percentage of new constructions in
each region during the period from 2012 to 2018.

5. Conclusion

This paper presented an efficient change detection
approach for SAR images. The basic idea of this approach
is to begin with SIFT-based registration. After that,
Gaussian filtering is applied on the two images to be
compared with scale 1. The objective of this step is to
reduce the amount of noise. The change detection is
performed through a subtraction process in the log
domain of un-normalised images to compress the
dynamic range of the change to be within the visual
range of a normalised image. The proposed approach
differs from the state-of-the-art schemes in adopting
both registration and log difference together to achieve
more accurate change detection results.
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