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Deep learning and superpixel-based method for high-resolution

remote sensing image change detection

Wang Yanheng'*, Gao Lianru®, Chen Zhengchao®, Zhang Bing'*”
1. College of Information Technology, Shanghai Ocean University, Shanghai 201306, China;
2. Key Laboratory of Digital Earth Science, Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing

100094, China; 3. College of Resources and Environment, University of Chinese Academy of Sciences, Beijing 100049, China

Abstract; Objective The resolution of a remote sensing image increases with the rapid development of remote sensing tech-
nology. A high-resolution image has high spatial and temporal resolutions, providing conditions for real-time monitoring and
change detection. Change detection in remote sensing is used to detect changes in the same regions at different periods. The
purpose of this study is to find a change in the same region between specific periods. However, with the improvement in the

spatial resolution of remote sensing images, the difference in the spatial texture information of the same object increases.
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The features of remote sensing images are becoming increasingly complex and diverse. Traditional change detection methods
experience difficulty in obtaining good results from high-resolution remote sensing images. Unsupervised deep learning algo-
rithms suffer from difficulty in extracting valid features and making them equal in areas wherein different objects have the
same spectra and similar objects have different spectra. To improve the change detection accuracy of high-resolution remote
sensing images, particularly for effective judgment in areas with considerable texture differences in different periods at the
same location, this study proposes a deep learning and superpixel segmentation method for high-resolution remote sensing
image change detection. Method The algorithm of the deep learning and superpixel-based method for high-resolution remote
sensing image change detection exhibits the following characteristics. First, finite labeled data are divided into patches as
training samples. Simultaneously, a multiscale patch feature fusion network-based convolutional neural network ( MPFF-
CNN) is designed. The final model parameters and paich size are determined by testing the different sizes of patches.
A preliminary change detection result of the test image can be obtained using this network. Second, the superpixel segmen-
tation algorithm is used to segment the test image into many nonoverlapping homogenous regions and transfer the segmenta-
tion result to the preliminary test result to obtain the change detection result with a segmentation mark. An optimal segmen-
tation scale is difficult to obtain in high-resolution remote sensing images. Thus, a multiscale segmentation algorithm is used
in this work. Third, the quantities of changed and unchanged pixels of each superpixel in the change detection result with
the segmentation marker are statistically evaluated using the hand-crank voting algorithm. All the pixel values of the super-
pixel are replaced with the pixel values. The categories are more under this superpixel. All the change detection results are
stacked to a hypercolumn. Lastly, the quantities of changed and unchanged pixels of each spectrum in the hypercolumn is
counted using the hand-crank voting algorithm. If the number of changed pixels is more than that of the unchanged pixels in
each spectrum, then the spatial position of the spectrum has a pixel value of 1; otherwise, the pixel value is 0. Result To
estimate the accuracy of the proposed change detection algorithm, experiments are conducted on the Guangdong change
detection dataset and the Hong Kong change detection dataset. Four widely used methods are selected for comparison,
including the fuzzy C-means-based, support vector machine-based, deep belief network-based, and long short-term memo-
ry-based methods. The experimental results of change detection in both datasets indicate that MPFF-CNN exhibits an out-
standing performance, which is better than the results of the CNN-based model at a single patch size. The change detection
results obtained by the multiple superpixel scale are better than those of the single superpixel scale in both datasets. The
percentages of correct classification and kappa obtained by deep learning combined with superpixel ( MPFF-CNN-SP) are
97% and 80% for the Guangdong change detection dataset, respectively. MPFF-CNN-SP is 1% and 6% higher than
MPFF-CNN. MPFF-CNN-SP is better than all the compared algorithms. Similarly, the percentages of correct classification
and kappa obtained by MPFF-CNN-SP for the Hong Kong change detection dataset are 99% and 81% , respectively.
MPFF-CNN-SP is 1% and 8% higher than MPFF-CNN. MPFF-CNN-SP is superior to all the compared algorithms.
Conclusion The multiscale patch feature fusion method is better than the CNN-based method of training a single patch size.
The multiscale patch feature fusion network-based CNN in this work can adequately gain the spatial information and other
effective features of patches. Moreover, it does not cause severe overfitting. The multiscale superpixel segmentation results
after double hand-raising voting algorithms are significantly stronger than the segmentation results of a single-scale superpix-
el segmentation. The deep learning and superpixel method transforms the detection unit from patch to superpixel, effectively
judging different texture information of the same object and significantly improving change detection accuracy.

Key words: high-resolution remote sensing image; change detection; deep learning; super pixel; multiscale of patch fea-

ture fusion
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Fig.2  Multi-scale patch feature fusion networks
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Fig.3 Guangdong change detection dataset( (a) data in 2014; (b) data in 2017; (¢) ground truth)
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Fig.4 Hong Kong change detection dataset( (a) data in 2016; (b) data in 2018; (¢) ground truth)
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Fig. 6 Relations between patch size and change detection accuracies for GDCD dataset ( (a) CNN; (b) DBN; (c¢) LSTM)
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Fig.7 Relations between patch size and change detection accuracies for HKCD dataset ( (a) CNN; (b) DBN; (¢) LSTM)
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Table 2 Accuracy comparison of CNN with different layers of kernels and MPFF-CNN for GDCD and HKCD datasets

‘ GDCD #¥ise HKCD #5454k

e Ik AR NRES Kappa Tk % R R ES Kappa
CNN (@ = 5) 0. 140 0. 062 0.931 0.619 0. 069 0. 104 0. 897 0. 356
CNN (0 = 7) 0. 153 0. 042 0.95 0. 69 0. 023 0.05 0.951 0. 567
CNN (o = 9) 0. 263 0.018 0. 964 0.723 0. 003 0.04 0. 962 0. 632
MPFF-CNN 0.242 0.019 0. 963 0.739 0. 004 0. 024 0. 976 0. 740

T IR A B BRI

Y Kappa RECGRIURAT, IEH R DL R E RS
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Table 3 Relations between superpixel sizes and number of
superpixels for GDCD and HKCD datasets

B ST S
LR LS NAN
GDCD ¥z HKCD %4 4E
3x3 25 600 41 700
5x5 9216 15 012
7x7 4702 7659
9 x9 2 844 4633
11 %11 1 904 3102
13x13 1363 2221

TR ST AR, e e 4 I 1 oo B 39 o v T
o T R B G  JIA Al RESRR 15O p g/
I AR ICER , 255 [ 8/ i A2 AL My A p 2ot
RIS AR ICHEUIN , BIAS PRI 7 B B oc /N, it
PURE ST AR, 36 180 M S A 4R 5 2) IS A 6 i
BOC R TR D5 AR 45 SR T3 — U
1 AE A AN 25 28, 24 Z2 AR o0 R Rl 5 1 45

x4 GDCD HIT|ENFARABBRTRESTURNBERXR

Table 4 Relations between different number of superpixels and change detection accuracy for GDCD dataset

2014 FH AR 2017 4EELHR 2014 4EH1 2017 4E$IRE
AR TCBOE L : A :
IERrR BER E#FE  Kappa AR RBER EFR  Kappa WiFE EEFR EHHY%  Kappa
25 600 0.236  0.018 0.961 0.722 0.234 0.018 0.962 0.729
9216 0.26 0.017 0.962 0.751 0.24 0.017 0.962 0.758
4702 0.282 0.019 0.96 0.736 0.269 0.018 0.96 0.731 B ~ ~ B
2 844 0.309 0.018 0.956 0.714 0.289 0.017 0.959 0.724
1904 0.336 0.016 0.957 0.708 0.348 0.015 0.958 0.706
1363 0.382 0.013 0.958 0.694 0.361 0.015 0.958 0.679
ZRE - - 0.138 0.017 0.973 0.8
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&5 HKCD HEEFARBETRESEHLRNEENXR

Table 5 Relations between different number of superpixels and change detection accuracy for HKCD dataset

2016 A5 2018 4FE R 2016 12018 4E% 3
R ITTBOE T

kR RER BRI Kappa Wk EER LA Kappa JWKAR BREFR LR Kappa
41 700 0.035  0.02 0.979 0.757 0.033 0.02 0.979 0.759
15 012 0.074 0.017 0.981 0.77 0.072 0.163 0.982 0.775
7 659 0.122 0.015 0.981 0.755 0.102 0.014 0.983 0.779 B ~ ~ B
4633 0.184 0.014 0.98 0.735 0.145 0.013 0.982 0.762
3102 0.208 0.013 0.98 0.731 0.183 0.012 0.982 0.756
2221 0.279 0.011 0.979 0.7 0.224  0.011 0.981 0.732
ZRE - - 0.081 0.011 0.986 0.821

T P AN R PE R bR RLE, - AR IO

rif AR | IE B3R Kappa )RR , M2 32 A0 X
Bl ; 3% 5 ZHBIG TR A I 45 b i R IR
A Kappa ZRECRIERA , Tk AR
2.2.3  ARARAGINGS R Hr

MPFF-CNN-SP DL K X6 Lt S 55 114 722 £ A6 G 2
AR LA S5 R e 6 & 8 A& 9 s, Al L)
R LU S5 : SVM Al FCM 5 A% 58 553 78 5 47 BF
IR TR AR AR B 25 KGR B AIG, LSTM il

DBN 522 ML E 55 ) S AR B TR GE AR BOR $2
FHU &, it MPFF-CNN fR 22 ARG 25 55 T DBN Al
LSTM, 5] MPFF-CNN ] LR se o 2 B0 A i s
(] SR8 5 A AL A R AIE s MPFF-CNN-SP ) Kap-
pa REC IR E AR/ T MPFF-CNN, I )5
2R R LU B MPFF-CNN-SP 8843 30 51 7] 9
ST AN S ) () 1% DX A, WERH 1 MPFF-CNN-SP 1] LAY
BOF B A 1 i 2 AU R R Rl S A — ke, S

&6 HAFFIETE GDCD 1 HKCD $iiE & B L4045 BE
Table 6 Accuracy of change detection for GDCD and HKCD datasets

‘ GDCD $4i4E HKCD %#i 4k

ik Tk 3 MR NRIES Kappa T HEE AR NRTES Kappa
FCM 0.522 0. 389 0.6 0. 031 0.314 0.554 0. 454 0.016
SVM 0. 189 0. 095 0. 897 0. 502 0.379 0. 095 0. 898 0. 263
DBN 0.111 0. 085 0.913 0. 563 0 0. 041 0.96 0. 624
LSTM 0. 147 0.079 0.915 0. 561 0.019 0. 025 0.923 0. 564
MPFF-CNN 0.242 0.019 0. 963 0. 739 0. 004 0.024 0.976 0.74
AR 0. 138 0.017 0.973 0.8 0. 081 0.011 0. 986 0. 821

E LT A RS e (o

i

(a) FCM (c) DBN

(d) LSTM

(e) MPFF-CNN (f) MPFF-CNN-SP

(9 2%k

K8 GDCD Hfla 4R A f ks
Fig.8 Results of change detection for GDCD dataset
((a) FCM; (b) SVM; (c¢) DBN; (d) LSTM; (e) MPFF-CNN; (f) MPFF-CNN-SP; (g) ground truth)
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Fig.9 Results of change detection for HKCD dataset
((a) FCM; (b) SVM; (c¢) DBN; (d) LSTM; (e) MPFF-CNN; (f) MPFF-CNN-SP; (g) ground truth)
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