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Change Detection Using Landsat and Worldview Images

Chiman Kwan*?, Bryan Chou?, Leif Hagen?, Daniel Perez®, Yuzhong Shen®, Jiang Li®, and Krzysztof
Koperski®
aApplied Research LLC, 9605 Medical Center Dr., Rockville, MD, 20850, USA; ®Old Dominion
University, Norfolk, VA, 23529, USA; “Digital Globe Inc., 1300 W. 120th Ave., Westminster, CO
80234, USA.

ABSTRACT

This paper presents some preliminary results using Landsat and Worldview images for change detection. The studied
area had some significant changes such as construction of buildings between May 2014 and October 2015. We
investigated several simple, practical, and effective approaches to change detection. For Landsat images, we first
performed pansharpening to enhance the resolution to 15 meters. We then performed a chronochrome covariance
equalization between two images. The residual between the two equalized images was then analyzed using several
simple algorithms such as direct subtraction and global Reed-Xiaoli (GRX) detector. Experimental results using actual
Landsat images clearly demonstrated that the proposed methods are effective. For Worldview images, we used
pansharpened images with only four bands for change detection. The performance of the aforementioned algorithms is
comparable to that of a commercial package developed by Digital Globe.

Keywords: Change detection, Landsat, Worldview, pansharpening, GRX, chronochrome

1. INTRODUCTION

Change detection using medium resolution Landsat images and high resolution Worldview images has many important
applications such as fire damage assessment, flood damage assessment, etc. Landsat images are complementary to
Worldview in that Landsat has regular 16-day revisits whereas Worldview images have infrequent and irregular
collections. More importantly, Landsat can detect relatively large changes and Worldview images can allow very
detailed classification of changes.

In the past decades, there have been many papers discussing change detection'? using multispectral (MS)** and
hyperspectral (HS)!*!7 images. Some algorithms first perform covariance equalization and then perform some residual
analysis using anomaly detection methods'®22. One critical issue is the registration between the pair of images. In
Eismann’s book'?, it was mentioned that covariance equalization (CE)'* is more robust to registration errors and
chronochrome (CC)? is more accurate in change detection if registration accuracy is sub-pixel.

In this paper, we investigated several simple, practical, and effective approaches to change detection. For Landsat
images, we first performed pansharpening to enhance the resolution to 15 meters. We then performed a chronochrome
covariance equalization between two images. The residual was then analyzed using several simple algorithms such as
direct subtraction and global Reed-Xiaoli (GRX) detector?®. For Worldview images, we used pansharpened images with
only 4 bands. The performance of the aforementioned change detection algorithms is comparable to that of a commercial
package known as Geospatial Big Data Platform (GBDX) developed by Digital Globe. Experimental results using actual
Landsat and Worldview images clearly demonstrated that those simple methods are effective.

Our paper is organized as follows. Section 2 briefly reviews the methods, including pansharpening, prediction using
chronochrome, and residual analysis, used in change detection. Section 3 presents change detection results using Landsat
images. Section 4 includes change detection results using Worldview images. Finally, concluding remarks are provided
in Section 5.

* Address all correspondence to: Chiman Kwan, chiman.kwan@signalpro.net



2. METHODS

For change detection using Landsat and Worldview images, the algorithms used in both cases are similar.
2.1 Pansharpening using GSA
The original Landsat 8§ images retrieved from the USGS data archive have 30 m resolution except the pan band. In order
to improve the resolution for better change detection, we applied a pansharpening algorithm to improve the resolution to
15 m. The Gram-Schmidt Adaptive (GSA)?’-?® was adopted in our study for its simplicity and effectiveness.
For Worldview images, we were given high resolution pansharpened images from Digital Globe.
2.2 Change Detection
Change detection involves two images. Figure 1 shows a simplified view of change detection, which has two parts®:

1) Prediction/Transformation. Transform the original reference image (R) and testing image (T) to new space as

PR and PT.
2) Change Evaluation. Evaluate the difference between the transformed image pair and output a single band

detection image.
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Figure 1. Illustration of change detection between two images. R and T denote reference and test images, respectively.

Prediction using chronochrome (CC)

The procedures of CC are as follows:
1. Compute mean and covariance of R and T'as my, Cy, myp, Cr

2. Compute cross-covariance between R and T as Cpy
3. Do transformation.
PR(i)= CpzCx (RG)~mg)+mp, PT =T (1)

Change Evaluation

Direct Subtraction Using near infrared (NIR) band only: After the preprocessing occurs, the NIR mask is generated
simply by calculating the per-pixel difference between the two images of the NIR band. The greater the difference
between the two, the higher the index the NIR mask will have.

Similarity Angle Mapper (SAM)?*: The similarity measure, SAM, between the two radiance profiles, s,

SAM(s;,r;) is then computed as:

and r;,

S;,I;
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Global Reed-Xiaoli (GRX) detector: Here we briefly describe the GRX detector. Given two images (Reference and
Test), we first performance a covariance equalization to histogram match the Test image to the Reference image. After
that, we apply a Reed-Xiaoli (RX)? algorithm for each pixel vector x. The RX detector is given by

D(x)=x"R"'x (3)

where R is the covariance of the background. A large value of D(x) indicates that there is a high probability that x is
different from its background.

These individual masks are then thresholded along their grayscale values to produce a binary image where a success
indicates a change at that location between the images.

3. CHANGE DETECTION USING LANDSAT IMAGES

The goal of change detection is to accurately detect areas of change contained between a pair of two satellite images. As
shown in Table 1, Landsat images are comprised eleven bands of information: coastal, RGB, NIR, SWIR 1-2,
Panchromatic, Cirrus, and TIRS 1-2. Most bands in the Landsat images are of a resolution of 30 meters. Bands 10 and 11
have 100 m resolution but upsampled to 30 m. So, all bands have a resolution of 15 meters after pansharpening, resulting
in an image size of 119x293 for the images we use. The algorithm uses the information contained within the bands at
each pixel to determine whether or not there exists urban change between the pair of images at that location.

Table 1: Landsat bands

Bands Wavelength(micrometers) | Resolution(meters)
Band 1 - Ultra Blue (coastal/aerosol) 0.435 - 0.451 30

Band 2 - Blue 0.452 - 0.512 30

Band 3 - Green 0.533-0.590 30

Band 4 - Red 0.636 - 0.673 30

Band 5 - Near Infrared (NIR) 0.851 - 0.879 30

Band 6 - Shortwave Infrared (SWIR) 1 | 1.566 - 1.651 30

Band 7 - Shortwave Infrared (SWIR) 2 | 2.107 - 2.294 30

Band 8 - Panchromatic 0.503 - 0.676 15

Band 9 - Cirrus 1.363 - 1.384 30

Band 10 - Thermal Infrared (TIRS) 1 10.60 - 11.19 100 (30)
Band 11 - Thermal Infrared (TIRS) 2 11.50-12.51 100 (30)

Here, we present two sets of change detection results with two different starting dates.
3.1 Reference date: 5/4/14
Example 1: May 4, 2014 and October 11, 2014

We retrieved Landsat-8 images between May 2014 and October 2015 for an area of interest’®. Many image pairs do not
show much changes. By manually screening through the images, we started to observe some significant changes in
October 11%, 2014. Figure 2 shows the receiver operating characteristics (ROC) curves of three detection methods:
direct subtraction using near infrared band (NIR), SAM, and GRX. We can see that the NIR mask (change map) in red
appears to be the most effective at finding the change which we expect to see while avoiding the areas we do not expect
change. The change maps shown in Figure 3 are generated by picking a threshold corresponding to false alarm rate of
1%, meaning that 1% of all space that could contain a false alarm does. We did not apply any post-filtering to the change
maps. If we do, the false alarms will be reduced.
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Figure 2. ROC Curves for changes between May 4, 2014 and Oct. 11, 2014.
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Figure 3. Change detection results between May 4, 2014 and October 11, 2014.




Example 2: May 4, 2014 and March 21, 2015

Since the major changes in October 2014, there are some additional changes in the same area in March, 2015. The ROC
curves in Figure 4 show the detection accuracy for the three methods. This time, the GRX method appears to have better
performance than others. The change maps shown in Figure 5 corroborate the above observation.
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Figure 4. ROC Curves of three methods for changes between May 4, 2014 and March 21, 2015.
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Figure 5. Change detection results between May 4, 2014 and March 21, 2015.




Example 3: May 4, 2014 and May 23, 2015

There appears to be some minor changes after March, 2015. Figure 6 shows the ROC curves of three methods between
May 4, 2014 and May 23, 2015. It can be seen that direct subtraction using NIR is overwhelmingly better than others.
From the change detection results shown in Figure 7, we can also observe the same trend.
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Figure 6. ROC Curves of three methods for changes between May 4, 2014 and May 23, 2015.
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Figure 7. Change detection results between May 4, 2014 and May 23, 2015.




Example 4: May 4, 2014 and September 19, 2015

This example shows the same trend as the previous examples. From the ROC curves in Figure 8, we can see that NIR
results are very good with high detection percentage and low false alarms. The change maps in Figure 9 confirm the

ROC curves.
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Figure 8. ROC Curves of three methods for changes between May 4, 2014 and September 19, 2015.
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Figure 9. Change detection results between May 4, 2014 and September 19, 2015.




3.2 Reference October 11, 2014

We have additionally tested our method using a reference point (October 11, 2014) after much of the changes have
already occurred. In these types of tests, we expect to see a much more loosely defined map, as changes between the two
images are likely to be less apparent and vibrant than in the previous sets of images. Because of this, we would expect to
see a higher quantity of false alarms, as the algorithm attempts to normalize the data it gathers from the masks, since
those false alarms would likely be more similar to the actual changes we expect than before (as they are in reality, as

well).
Example 1: October 11, 2014 and May 23, 2015

From ROC curves in Figure 10, it can be seen that GRX performs better than others. The change maps shown in Figure
11 at 1% FAR corroborate this observation.
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Figure 10. ROC Curves of three methods for changes between October 11, 2014 and May 23, 2015.
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Figure 11. Change detection results at 1% false alarm rate between October 11, 2014 and May 23, 2015.

Example 2: Oct 11, 2014 and October 5, 2015

The ROC curves of three methods are shown in Figure 12 and the change maps are shown in Figure 13. In this example,

GRX appears to perform better than others.
20140ct11 - 20150ct05 Changes Detected vs False Alarms
10 _ — -

o NIR
_— SAM
— GRX

Detected Changes

0 0.1 0.2 03 0.4 0.5 0.6 0.7 08 0.9 1
False Alarms

Figure 12. ROC Curves of three methods for changes between Oct 11, 2014 and October 5, 2015.
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SAM Mask — 1% False Alarm GRX Mask — 1% False Alarm
Figure 13. Change detection results at 1% false alarm rate between Oct 11, 2014 and October 5, 2015.

3.3 Discussions

Although there are more sophisticated change detection methods, we investigated three simple ones which are easy to
implement. For change detection using Landsat images, we observe that the combination of CC and GRX methods
yielded more consistent performance as compared to others. Other advanced methods will be tried in the future.

4. CHANGE DETECTION USING WORLDVIEW IMAGES

Here, we present three sets of change detection results using Worldview images.

Example 1: 04/24/2014 - 07/30/2015

Here, we retrieved Worldview images between May 2014 and October 2015. There are only a handful of images over
that period. We now show change maps between 04/24/2014 - 07/30/2015. Four methods (NIR, SAM, GRX, and GBDX
(Geospatial Big Data Platform)) were applied to generate the change maps. The change maps, except GBDX, shown in
Figure 15 are generated by picking a threshold corresponding to false alarm rate of 3%, meaning that 3% of all space
that could contain a false alarm does. From the ROC curves (Figure 14), GBDX has the best performance, followed by
GRX. It should be noted that GBDX has only one point on the ROC curve because GBDX has a pre-determined fixed
threshold to generate the change map.
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Figure 14. ROC Curves for changes between 04/24/2014 and 07/30/2015.
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Figure 15. Change detection results between 04/24/2014 and 07/30/2015.

Example 2: 10/30/2014 - 05/28/2015

Since the major changes in October 2014, there are some additional changes in the same area in March, 2015. The ROC
curves in Figure 16 show the detection accuracy for the four methods. This time, the GRX method appears to have better
performance than others. As shown in Figure 17, GBDX has more clean change map because some post-filtering using
morphological filters was used. In the other results, we did not apply any post-filtering.
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Figure 16. ROC Curves of three methods for changes between 10/30/2014 - 05/28/2015.
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GBDX
Figure 17. Change detection results between 10/30/2014 - 05/28/2015.

Example 3: 04/24/2014 - 10/30/2014

Figure 18 shows the ROC curves of four methods between April 24, 2014 and October 30, 2014. It can be seen that
GBDX is overwhelmingly better than others. From the change detection results shown in Figure 19, we can also observe
the same trend.
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Figure 18. ROC Curves of three methods for changes between 04/24/2014 - 10/30/2014.
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Figure 19. Change detection results between 04/24/2014 and 10/30/2014.

5. CONCLUSIONS

Here, we present some preliminary results of change detection using medium resolution images (Landsat) and high
resolution images (Worldview). The aim is to see if we can use Landsat to detect some early signs of changes. If some
early changes are detected, we can then collect high resolution images of the same area and perform more detailed
change analysis. For Landsat images, we observed that GRX worked quite well. For Worldview images, the default
change detection algorithms in GBDX was the best.

One future direction is to investigate more sophisticated algorithms such as deep learning for change detection.
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