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Fig. 6 Visualization results of different change detection methods in the San Francisco dataset, Yellow River coastline dataset, Yellow

River farmland dataset, and Guizhou dataset
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Table 2 Objective evaluation of change detection results on multiple datasets in comparative experiments
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CDWNN™ 226 51 734 383 13647 20258 969 19069  87.39 83.88 98.09  87.84
TFCDWNN'" 5849 137 811 324 54 152 213 701 94.63 99.77 98.85  99.36
SCapsNet'” 4241 171 771 450 723 96 173 451 95.49 99.79 98.94  99.44
CWNLSN-vote 3929 192 473 582 592 61 560 153 95.95 99.80 98.84  99.54
- F53%0% KappaZ /% JHRT/s
A4l S RL Fcm S A&l EENGRL Bl SN A4 FMIGRL EERm S
PCAK™! 79.68 6.59 8439 7571  76.50 4.62 83.33 4.98 0.3 0.5 0.2 0.7
PCANet™ 7518 8.66 83.54 7994 7232 6.76 82.64 628 12623 24917 9942 27175
CDWNN™  66.46 1133 84.19  87.84  59.67 9.50 83.18 8.65 607 618 590.8 642.1
TFCDWNN'" 7334 89.34 89.70  99.36  70.58 89.22 89.09  69.18 4735 4924 4463 225
SCapsNet'” 79,67 89.81 90.50  99.44  77.19 89.71 89.95  69.53 99.8 84.1 204.4 248.6
CWNLSN-vote ~ 81.83 90.14 90.28  99.54  79.60 90.04 89.66  71.01  603.4 598.2 579.2 692.5

TFCDWNN, SCapsNet, CWNLSN-vote 7£ Kappa &%
o BAR TE 1.83%. 1.48%, 1E F, 70 B E 4 % 4R
F+ 0.18%. 0.10%, {H 78 H B | 43 51 34 hin 207.78%.
178.56%

2 I, CWNLSN-vote J5 75 I il T B 5E e i, AR
PRSI G BE A vy, AH B A XA
3.6 HRASELG

HR 8 2 75 2R FH B /N b AL AL T LapSVM (1

LSDC f b, ¥4 i CNN, CWNN, CNLSN, CWNLSN
A A RN AR AR RS I AR, g 1 TR o T S 06 1k
P& CNN, CWNN, CWNLSN & 8 () ¥ {f Jr ¥
(CWNLSN-mean) . CNLSN & # (% ¥ (i 5 ¥
(CNLSN-mean), £ 4 78 CNN A5 5] A B8Nk
WAk F T LapSVM f LSDC A5 B J2& 75 fiE 73 91l 41
T 722 Al A 0OKS BE o T Rl S 5 %) S 3 45 R N 3R 3
Jis

®3 HMIH P MRIEE LR ARNE R BT

Table 3 Objective evaluation of change detection results on multiple datasets in ablation experiments

. ikt s %1% FAY80% Kappa 740/%
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SAR remote sensing image change detection method based on
local space deep feature
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Abstract: This research offers an image change detection strategy based on convolutional-wavelet neural

networks based on Laplace support vector machine (LapSVM) (CWNLSN) to enhance the generalization and

robustness of convolutional neural network (CNN) in change detection applications. Firstly, by using the sample

labeling method, high confidence "pseudo labels" are obtained, and the network training set, classification training set,

and test set are divided. Secondly, discrete wavelet pooling is used to retrieve local space deep characteristics in CNN.

Then, design a local space deep feature classification (LSDC) module based on LapSVM to classify the deep features

and distinguish the changed information in the test set. Finally, comparative experiments and ablation experiments

were conducted on multiple sets of real remote sensing datasets for testing. The results indicate that the proposed

method achieved a more significant change detection effect.

Keywords: change detection; convolutional neural network; discrete wavelet pooling; Laplace support vector

machine; local space deep features
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