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Fig. 7 SAR images of San Francisco area. (a) Image taken in August 2003; (b) image taken in May 2004; (c) change reference map
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Fig. 8 SAR images of Yellow River area. (a) Image taken in June 2008; (b) image taken in June 2009; (c) change reference map
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Fig. 9 Results of change detection in Bern dataset using K-means clustering
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Fig. 10 Results of change detection in Ottawa dataset using K-means clustering
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Fig. 11 Results of change detection in San Francisco dataset using K-means clustering
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Fig. 12 Results of change detection in Yellow River dataset using K-means clustering
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Table 1 Metrics of Bern dataset Based on K-means clustering

Method FP FN OE PCC /% Kappa /%
Lr 360 326 686 99. 24 70. 34
Frequency Domain 172 201 373 99.59 83.44
Spatial Domain 152 305 457 99. 50 78.56
L-S 204 204 408 99.55 82.11
Dual Domain 128 176 304 99. 66 86. 39

%2 BRI EILT K-means BIEM I8 45

Table 2 Metrics of Ottawa dataset based on K-means clustering

Method FP FN OE PCC /% Kappa /%
Lr 2086 2741 4827 95.24 81.84
Frequency Domain 712 2317 3029 97.02 88. 32
Spatial Domain 1113 2576 3689 96. 37 85.82
L-S 1033 2207 3240 96. 81 87.64
Dual Domain 418 1860 2278 97.76 91.25

Y Dual Domain-K 77 ¥ 76 A /R JE AR A A6 0 A K4l 4R PCAKM J 3% B XF EIA%G He /N TR AE 48 RO 1748 %
R e s PCAKM TR IH 4 10 85088 48 ot i fe s L (B HAR M2 a4 RA — M ; PCANet X
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Table 3 Metrics of San Francisco dataset based on K-means clustering

Method FP FN OE PCC /% Kappa /%
Lr 1782 408 2190 96. 66 77.83
Frequency Domain 1474 398 1872 97.14 80. 55
Spatial Domain 1469 411 1880 97.13 80.43
L-S 935 761 1696 97.41 80. 83
Dual Domain 395 662 1057 98. 39 87.52

4 W O EE £ R T K-means B2E 1948 5
Table 4 Metrics of Yellow River dataset based on K-means clustering

Method FP FN OE PCC /% Kappa /%
Lr 11144 5466 16610 77.64 35.29
Frequency Domain 8444 3798 12242 83.52 50. 98
Spatial Domain 10222 4338 14560 80. 40 43.48
L-S 6566 5986 12552 83.10 43.90
Dual Domain 1984 2655 4639 93.75 78.50

Lr Frequency Domain Spatial Domain Dual Domain

13 AR JE Bt 45 R T FCM 2R 28 4 28 A AG I 45

Fig. 13 Results of change detection in Bern dataset using FCM clustering
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Fig. 14 Results of change detection in Ottawa dataset using FCM clustering
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Fig. 15 Results of change detection in San Francisco dataset using FCM clustering
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Fig. 16 Results of change detection in Yellow River dataset using FCM clustering
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Table 5 Metrics of Bern dataset based on FCM Clustering

Method FP FN OE PCC /% Kappa /%
Lr 430 295 725 99. 20 69. 94
Frequency Domain 184 193 377 99. 58 83.41
Spatial Domain 152 305 457 99.50 78.56
L-S 234 185 419 99.54 82.00
Dual Domain 131 174 305 99. 66 86. 38

F6 BRI ER T FCM RENV IR

Table 6 Metrics of Ottawa dataset based on FCM clustering

Method FP FN OE PCC /% Kappa /%
Lr 2106 2723 4829 95.24 81.85
Frequency Domain 661 2420 3081 96. 96 88.07
Spatial Domain 1113 2576 3689 96. 37 85.82
L-S 1010 2245 3255 96.79 87.57
Dual Domain 361 1996 2357 97.68 90. 90

F7 HEINEHEES T FCM R MFE IR

Table 7 Metrics of San Francisco dataset based on FCM clustering

Method FP FN OE PCC /% Kappa /%
Lr 1745 409 2154 96.71 78.12
Frequency Domain 1474 398 1874 97.14 80. 55
Spatial Domain 1469 411 1880 97.13 80.43
L-S 2186 439 2625 95.99 74.26
Dual Domain 928 390 1318 97.99 85.61

#8  Yellow River il £ 3L T FCM R KM 5 b
Table 8 Metrics of Yellow River dataset based on FCM clustering

Method FP FN OE PCC /% Kappa /%
Lr 12642 5091 17733 76.12 33.90
Frequency Domain 9942 3466 13428 81.92 48. 60
Spatial Domain 10222 4338 14560 80. 40 43.48
L-S 13872 3890 17702 76.09 37.41
Dual Domain 2469 3138 5607 92.45 74.02

3.3 BHIERENW
TE S 2 B0 B, X A5 SR A 30 U Ik 1 4 0k R
AT T S5 B AR A %R 3 Ol 30.50.80,100.120 5K
FR PCCHBUEMMF M R, W E 19 fis .
MR KT 80 B, SAR KR FR AR AE1E B £ 1Y

MBS PCCE 2 FRERS . Mo, SR 5N
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J& B Rl 2 B0 o vhok AR A 3R B E R 80,

TERG S 80T, T 228 T TR, X R &8
AR N AN B 8, BOKF Laplace @A 2 80 B 3% &
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Fig. 17 Kappa coefficients of Bern dataset in different clustering methods. (a) K-means clustering method; (b) FCM clustering method
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Fig. 18 Comparison of results obtained by different algorithms

%9 Kappa REE5 R

Table 9 Kappa coefficient result unit: %

Method Bern Ottawa San Francisco Yellow River
K-means clustering 70. 34 81.84 77.83 35.29
FCM clustering 69. 94 81.85 78.12 34.29
PCAKM 85.75 88.17 88. 80 78.37
FLICM 85.82 89.47 88.62 71.18
PCANet 75.37 93.11 91.22 82.43
Dual Domain-K 86. 39 91.25 87.52 78.50
Dual Domain-F 86. 38 90. 90 85.61 74.02
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Fig. 19 Relationship between PCC and cutoff frequency. (a) K-means clustering method; (b) FCM clustering method
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Table 10  Kappa coefficients for K-means clustering at different

fusion coefficients unit: %
Fusion San Yellow
. Bern Ottawa . .
coefficient Francisco River
=0.5and
7 an 83.39  91.25 87.52 74.27
w=20.5
=0. 8 and
7 an 85.82  90.09 84. 53 68. 11
w=20.2
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Table 11 Kappa coefficients for FCM clustering at different

fusion coefficients unit: %
Fusion San Yellow
. Bern Ottawa . .
coefficient Francisco River
f— =4
¢=0.-5and g5 a0 90,90 85. 61 74.02
w=20.5
¢=0.8and  or o6 g9.78 83. 25 65. 95
w=0.2
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SAR Change Detection Algorithm Based on Space-Frequency Dual-Domain
Filtering

Wu Yuqing, Xu Qing, Ma Jingzhen, Wen Bowei, Zhu Xinming, Zhao Tianming

Institute of Geospatial Information, Information Engineering University, Zhengzhou 450001, Henan, China
Abstract

Objective  Synthetic aperture radar (SAR) can actively obtain surface information, has a wide image coverage, is less
affected by natural conditions, and can conduct all-weather and all-day ground reconnaissance. Change detection based on
SAR images can obtain target change information in the same airspace and different time domains. It plays an important
role in both military and civilian fields, and can provide support for emergency and rapid decision-making by relevant
national departments. SAR image contains rich multi-dimensional and multi-domain information, and its processing can
improve image utilization. With the development of SAR, difference map generation in SAR image change detection plays
a key role in subsequent processing. Spatial domain filtering takes into account the correlation between pixels and their
neighbors, and directly denoises the space of pixels in the image. The frequency domain low-pass filtering is the operation
of the image in the frequency domain, reducing the sharp edge contour part and highlighting the smooth part. The existing
difference map construction method mainly focuses on spatial domain filtering, which cannot retain the change information
well, and has less consideration for the frequency domain filtering method. In the difference map generation, only a single
spatial domain filtering method is used, ignoring the information in the frequency domain of the image. In order to improve
the model generalization ability and detection accuracy of SAR image change detection, we propose a SAR image change
detection method based on dual-domain filtering.

Methods Firstly, we filter the original SAR image in the spatial domain, and filter the dual temporal SAR image in
different ways. We construct a logarithmic ratio operator after the adaptive median filter, and we construct a difference
operator after the mean filter. Then, Laplace fusion algorithm is used to fuse the difference map in the spatial domain and
synthesize the feature information of different difference operators. Afterwards, the fused image is transformed into the
frequency domain for low-pass filtering in the frequency domain. Finally, the change detection result graph is obtained by

using clustering algorithm.

Results and Discussions In order to verify the effectiveness of the proposed method, four datasets of Bern, Ottawa, San
Francisco, and Yellow River are used for experiments. In the hidden line elimination experiment, the difference operator
proposed in this paper is used to improve the accuracy of the basic algorithm, which has significantly improved in the
objective indicators (Figs. 9-16). It can be seen that the noise points in the detection results after the dual-domain filtering
are the least, and the degree of detail in the detection results is well preserved, and the number of missed detections and
false alarms are reduced to varying degrees, which are relatively balanced. The results of the two clustering algorithms are
close (Fig. 17). At the same time, in order to compare the performance of the registration methods proposed in this paper,
we use the existing five algorithms to test on the four experimental datasets in this paper (Fig. 18). The proposed Dual
Domain-K method is the best in Bern and Ottawa datasets. Compared with the depth learning method, the accuracy of
Dual Domain-K method is lower, but the calculation time cost is greatly reduced, and the accuracy is also guaranteed.
Finally, the influence of the experimental parameters manually adjusted in this method on the result indicators is given
(Fig. 19, Table 10 and Table 11). Four sets of data from Bern, Ottawa, San Francisco, and Yellow River are used for
experimental verification, and the experimental results show the effectiveness of differential images after dual-domain

filtering in the clustering.

Conclusions  This paper mainly studies the high noise problem of difference operator in SAR image change detection.
The feature representation of difference operator is studied. Under the condition of ensuring certain accuracy, the
calculation time of depth learning algorithm is reduced, and the operation efficiency is improved. A new change detection
algorithm is proposed, which deals with difference operators in frequency domain. We fuse the features of different
operators in the spatial domain, and use Laplace for fusion to retain the features in the spatial domain to the greatest
extent. Then, Fourier transform is used to transform the SAR difference operator to the frequency domain for low-pass
filtering, and the main part of the transform is retained. Finally, experiments are carried out with real SAR image data,
and change detection results with high accuracy are obtained. Several groups of experimental data show that, compared
with other methods, the proposed method has strong robustness on different datasets and can quickly generate binary
mapping of change detection results.

Key words remote sensing; SAR change detection; spatial filtering; frequency domain filtering; Laplace fusion; difference
diagram
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