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Fig. 2 Generation process of log-hyperbolic cosine ratio (LHCR) difference image (DI)
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Fig. 3 Multi-region feature extraction
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Fig. 4 Multi-temporal SAR images and their change references. The first row is Yellow River dataset A, the second row is Yellow

River dataset B, the third row is Zhengzhou flood dataset C, and the fourth row is Zhengzhou flood dataset D. (a) Images at

time 1; (b) images at time 2; (c) change reference images
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Table 1 SAR dataset parameters

Zhengzhou flood dataset ~ Zhengzhou flood dataset

Dataset Yellow River dataset A Yellow River dataset B c D
Sensor Radarsat-2 Radarsat-2 Gaofen-3 Gaofen-3
. Yellow River, Yellow River, Zhengzhou, Zhengzhou,
Location . . . .
China China China China
D 2008. 06 2008. 06 2021.07. 20 2021.07. 20
ata
e 2009. 06 2009. 06 2021.07. 24 2021.07. 24
Size 296X184 233X356 300300 300X300
Water flooding and . Water fades and
Change Water fades Flood disaster

water fades farm irrigation
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10875 2. 30 GHZ CPU #1 32 GB RAM Ay it #L I i
I Matlab 2020b 2 2 18 5 #4719
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Fig. 5 Final change detection images of Yellow River dataset A. (a) NR_ELM; (b) GarborPCANet; (c) CWNN; (d) DDNet;
(e) LHCR_MRFCELM; (f) change reference image
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Pl 6 BT AR B B 2 AR AL AG T B 15 () NR,ELM (b) GarborPCANet; (¢) CWNN; (d) DDNet; (e) LHCR_MRFCELM;
S ER
Fig. 6 Final change detection images of Yellow River damset B. (a) NR_ELM; (b) GarborPCANet; (¢c) CWNN; (d) DDNet;
(e) LHCR_MRFCELM; (f) change reference image
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Fig. 7 Final change detection images of Zhengzhou flood dataset C. (a) NR_ELM; (b) GarborPCANet; (¢) CWNN; (d) DDNet;
(e) LHCR _MRFCELM; (f) change reference image
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8 M K I B 4 D Y i 28 A I 1% . (a) NR_ELM; (b) GarborPCANet; (¢) CWNN; (d) DDNet;
(e) LHCR _MRFCELM; () 2422 E1{%
Fig. 8 Final change detection images of Zhengzhou flood dataset D. (a) NR_ELM; (b) GarborPCANet; (¢) CWNN; (d) DDNet;
(e) LHCR_MRFCELM; (f) change reference image
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Table 2 Evaluation metrics of different methods on four datasets

Yellow River dataset A

Method
FN FP OE PCC /% k/% t/s
NR_ELM'" 9 926 935 98.28 55. 04 3.9
GarborPCANet™ 3 2078 2081 96.19 35.34 1755. 3
CWNN"™ 9 1667 1676 96.92 40. 24 281.4
DDNet™*! 21 2492 2513 95.39 30. 19 287.8
LHCR_MRFCELM 65 100 165 99.70 86. 44 20.7

Yellow River dataset B

Method
FN FP OE PCC /% k /% t/s
NR_ELM" 944 221 1165 98. 60 74.73 8.6
GarborPCANet"™” 178 2049 2227 97.32 68. 34 3472.8
CWNN™ 111 10162 10273 87.62 29.99 259.7
DDNet' 151 4856 5007 93. 96 48. 28 312.1
LHCR_MRFCELM 603 696 1299 98.43 75.82 21.7
Method Zhengzhou flood dataset C
FN FP OE PCC /% k /% /s
NR_ELM"" 3127 16 3143 96.51 76.44 5.6
GarborPCANet ™ 3257 13 3270 96. 37 75.29 1593.9
CWNN™ 1989 108 2097 97.67 85.37 282. 4
DDNet'*™ 2886 112 2998 96.67 77.98 266.4
LHCR_MRFCELM 1633 390 2023 97.75 86.37 19.6
Zhengzhou flood dataset D
Method
FN FP OE PCC /% k/% t/s
NR_ELM'" 3388 537 3925 95.63 59. 67 5.8
GarborPCANet'"” 3385 374 3759 95.82 59.38 1537.3
CWNN™ 433 15282 15715 82.54 36.08 319.4
DDNet ™ 730 7136 7866 91.26 54.63 352.6
LHCR_MRFCELM 2065 1362 3427 96.19 69. 50 21.2
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Synthetic Aperture Radar Image Change Detection Based on Difference
Image Construction of Log-Hyperbolic Cosine Ratio and Multi-Region
Feature Convolution Extreme Learning Machine
Lin Zhikang', Liu Wei", Niu Chaoyang', Gao Gui’, Lu Wanjie'
'School of Data and Target Engineering, PLA Strategic Support Force Information Engineering University,
Zhengzhou 450000, Henan, China,
*Faculty of Geosciences and Environmental Engineering, Southwest Jiaotong University, Chengdu 611756,
Sichuan, China
Abstract
Objective The current synthetic aperture radar (SAR) image change detection still faces the following two challenges. (1)

Robustness of difference image (DI) generation. The existing DIs are blurred, and there are more interfering pixels with
the same gray value as the change pixels in the DIs. The change regions are influenced by the background information. (2)
Effectiveness of DI analysis. In recent years, DI-based unsupervised machine learning or deep learning methods for change
detection usually use image sample blocks for spatial feature extraction of pixels to be classified, which lose the detailed
information characterizing change information, and there are many false alarms in the classification results, which is not
efficient. If we can make full use of various features, reduce false alarms, and improve efficiency, the performance of
detection will be greatly improved. Therefore, both robust DIs and diversity feature extraction should be considered to
build a robust and fast SAR change detection model. Therefore, this study proposes a new unsupervised change detection
method based on the DI of the log-hyperbolic cosine ratio (LHCR) and multi-region feature convolution extreme learning
machine (MRFCELM), namely, LHCR_MRFCELM, to solve the problems of poor quality, low detection accuracy, and

long detection time in SAR image change detection.

Results and Discussions In this study, four methods are experimentally compared and analyzed with the proposed
method on four datasets to demonstrate the performance of LHCR_MRFCELM. Figure 5 shows the images of the final
detection results of the five methods. Except for the method proposed in this study, all the detection results have many

white false alarms. The Kappa value of the LHCR_MRFCELM method (86.44%) as shown in Table 2 is significantly
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better than that of the rest comparison methods, and the method also takes very little time (20.7 s). In addition, the

necessity of each step in the generation process of DIs is discussed. Figure 9 shows the analysis of each step of the DIs
generated from the original images, and the situations when one, two, or three steps are missing in the generation process
are compared. Among them, the complete DI of LHCR achieves the largest Kappa value in each dataset, which illustrates
the necessity of each step of DIs. The neighborhood size r in multi-region feature extraction is also discussed and it 18

demonstrated that the proposed method has the best performance on four datasets when r is set to 5.

Conclusions In this study, we propose an unsupervised change detection technique using LHCR_MRFCELM. The
method uses the speckle reducing anisotropic diffusion filter, LHCR, and median filtering to generate robust DIs and a fast
and efficient MRFCELM to improve the accuracy and efficiency of classification. The log-hyperbolic cosine transformation
1s a contrast enhancement function used to enhance the contrast between change region and background region in an image,
especially the edges where the contrast is not obvious. After DI generation, the HFCM results generated from the DI are
used as labels to select sample blocks from the dual-temporal SAR images and the DI, and an MRFCELM is designed to
automatically perform feature extraction and classification. Experiments validate the effectiveness of the method, which
has better performance than unsupervised change detection methods such as NR_ELM, GaborPCANet, CWNN, and
DDNet. The proposed method has no complicated feature extraction steps and no excessive parameter settings, which is

easy to use, fast, and stable and has potential for engineering applications.

Key words remote sensing and sensors; synthetic aperture radar image; change detection; difference image; multi-region

features; log-hyperbolic cosine transformation; extreme learning machine
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