i
= 81 EF-
: g
Sl




F255% 1288 (25529657 )
2020F12816H

FRESmRTEHHATI
R EERRZIAARTEFEARERT
FREF M O HAT
FR3Z A% O HATY

RIS EA
R ( PEERERZER ) 1215, 1990
BRBEFTIMLER CNKIZFEZH R
EEihR, FRTUEIEXEIRISEFRAR
B, ATIFEE R BRYfE
H, FrERS, REIFE, e
AR5 ER

Copyright
All rights reserved by Journal of

Image and Graphics, Institute
of Remote Sensing and Digital
Earth, CAS. The content
(including but not limited text,
photo, etc) published in this
journal is for non—commercial
use.

SRR Z A

Tl T Rt ‘ BT (1996581F) )

EEBU PEREFER

Fhefu PEREFEREXESCFHRE
TEEREREER
IERM ARSI BN

*F &K 2

RIEBHR (TEEREFRSFER) HELRERS
BEtt JE=HeEX IR AR 195

BE 4% 100190

BFEfE jig@radi.ac.cn

2] i& 010-58887035

P HE www.cjig.cn

I"ERHBICS IR BF201702185

B &R 7 ItRRIAITE

T 18 2ESHE

BINRTT PEERERRZERAGRAT
(HBBUEHE: IR0/  HB4w: 100048)

ENRIERLT JEREHEEIRIBIRAS)

Journal of Image and Graphics
Title inscription: Song Jian | Monthly, Started in 1996

Superintended by Chinese Academy of Sciences
Sponsored by Aerospace Information Research Institute, CAS
China Society of Image and Graphics
Institute of Applied Physics and Computational Mathematics

Editor-in-Chief Wu Yirong
Editor, Publisher Editorial and Publishing Board of Journal of
Image and Graphics

Address No. 19, North 4" Ring Road West, Haidian District,
Beijing, P. R. China

Zip code 100190

E-mail jig@radi.ac.cn

Telephone 010-58887035

Website www.cjig.cn

Distributed by Beijing Bureau for Distribution of Newspapers and Journals
Domestic All Local Post Offices in China
Overseas China International Book Trading Corporation
(P.O.Box 399, Beijing 100048,P.R.China))
Printed by Beijing Kexin Printing Co., Ltd.

CN 11-3758/TB
ISSN 1006-8961
CODEN ZTTXFZ

E5M &S M1406
E RS 82-831
EAREMN 60.007T



HiHBEMRVAREIR
(852465M)

ST =
- = -
ST ]

RSIEE OIS SRNREE
BIZR A R4 R 48 (55256310 )

E [ AT R MR AR NS
B IRRAETTIA(552587R)

20205128 %25% #1287 (252965 )

PEERERFR 5 )i

Zhongguo Tuxiang Tuxing Xuebao

Gk
Heim EE N RLRA
TUTTZE, BKLE, BKTBZR, FIGH, BSEE cooererersrsror s 2465

EG A BTN RED
EIBRERMHEE I ERIERIRET

TFZEHL, [GIIGE, ZEHB erreeereeresermer et 2484
FEBR R RRRFIHFERIRVINE = 1GN2S

FET, SIE, BT, FIZT, FULEED oo 2494
£R5FMREME—HNEGIESRE

TN, AFER(E, TEPE coevevereerererss e 2505

E& a3 IR

KB Y XIS HHRE AR AT IR

OFk, M4, FIES, SRR, SEIGHE ettt ssssssssssssssesseans 2517
XL SIS AR T ARG

TR, R, XUREE, SERSHR, SEEETR «rererererereresseisei sttt 2530
SR IRMENITARBIIEER

TBEEER . ZSHHAR, BTN, ZSTERK vt 2541
EMNSAE T RIRT RS ARDIR S

FNEESE | REET, B, BRE, MXEIHE oottt 2553
RS IER DS SRR E W48 4R

et L 1] == T 2563
BEREENEENHNCEEGEZ G

BSPE, FPEETE, LREL, BRTD crververeereeresresmesiet sttt sttt bbb 2578

EGIRRET SRR
I A R MR AR TN B AR 15

TR, BNFUTE cereereereereereeretstt sttt sttt bbb bbb 2587
BN ERETE R ERET M E R SHE RN N X R ITE

4‘\%§7 E_']EF[E ......................................................................................................................... 2603
B & B%miSeEFlone—class SVMBISEE

BEVEEE, BKTT, ZEIEG ettt 2614
MR STREMIT A

EE%%, §K5§7 _’%—% .................................................................................................................. 2630

ITEERZ
T RS EEE X ZMAERE R A
PUEE | ARSI, TEZE weoveeveeeeeeeeeseeseesessemsemsessstsstsets ettt s s s bbbt 2647

ERREIRAE
IRETET BT FEMENNTHERER D E

BEHAMY, KBS, SEERE, GIEE, ZEEE crrr e 2656
EEHBIBXRD T SIS REREGRER
EEEE LDHK, EIR «reereereereereereenetiet sttt sttt 2665
BUHGTAN B 28R E GIR R A X TR
BB, RN, 75, BED, B, ZEEDE s 2677

:'E'\ B }7\ ...................................................................................................................................... 1



Volume 25, Number 12
Published December 16, 2020

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Review of saliency detection on
light fields(P2465)

ST [
w o

Combining attention mechanism
and knowledge distillation for

Siamese network compression
(P2563)

Skeleton characterization of object
topology toward explainability
(P2587)

Review
Review of saliency detection on light fields
LiU Yamei, Zhang Jun’ Zhang Xudong, Sun Rui, Gao Jun ...................................................... 2465

Image Processing and Coding
Single image rain removal based on selective kernel convolution using a residual refine factor

Wang Meihua’ He Haijun, Ll Chao ......................................................................................... 2484
Random-valued impulse noise detector using local spatial structure statistics

YU HaiWen, Yl XinWei, XU Shaoping, Lln Zhenyu, LlU Ruirui ................................................... 2494
Image inpainting model with consistent global and local attributes

SUn Jinguang, Yang ZhOngWei, Huang Sheng ....................................................................... 2505

Image Analysis and Recognition
Human action recognition in videos utilizing key semantic region extraction and concatenation

Ma Miao, Li Yibin, Wu Xianqing, Gao Jinfeng, Pan Haipeng .................................................. 2517
Person re-identification based on deformation and occlusion mechanisms

Shi Weidong, Zhang Yunzhou, Liu Shuangwei, Zhu Shangdong, Bao Jining ««::«:«ssxeeseeeeeee 2530
Multi-feature fusion behavior recognition model

Tan Dengtai, Li Shichao, Chang Wenwen, Li Denglou ««-« -« 2541
Cancelable face recognition with fusion of structural features

Sun Haohao, Shao Zhuhong, Shang Yuanyuan, Chen Bin, Zhao Xiaoxu «::-«+ss«sssseeesessneenns 2553
Combining attention mechanism and knowledge distillation for Siamese network compression
Geng Zengmin, Yu Mengqiao, Liu Xiabi, Lyu Chag e 2563
Saliency detection on a light field via the focusness and propagation mechanism

Li Shuang, Deng Huiping, Zhu Lei, Zhang Long ««++t«sseesesrsusetimniniiiniiiii e 2578

Image Understanding and Computer Vision

Skeleton characterization of object topology toward explainability

Wei HUi, YU LIPINQ «+rerereserersesesesesmsmsets s 2587
Correspondence Calculation of 3D Models by a Self-Supervised Deep Residual Functional Maps
Network

Yang Jun, Ma ZRoNgChang ««+«w« e s 2603
Anomaly detection with autoencoder and one-class SVM

Hu Haiyang, Zhang Li, Li ZNONGJin «+xesesesesereresssiiiie 2614
Anti-specular light-field depth estimation algorithm

Wang Cheng, Zhang JUn, GAO JURN «:eweeeeesii e 2630

Computer Graphics
Bas-relief generation controlled by different height maps
Shang Jing, Yu Wenjie, Wang Meili «++ s wsssssssssssssimsimsiisiiniisiiniiiisiisisisisiss e, 2647

Remote Sensing Image Processing
Residual dense spatial pyramid network for urbanremote sensing image segmentation

Han Binbin, Zhang Yueting, Pan Zongxu, Tai Xianqing, Li Fangfang «:::-esoeeeeeeessenieeseianeene 2656
Remote sensing image retrieval combining discriminant correlation analysis and feature fusion
Ge Yun, Ma Lin, ChU Jun ....................................................................................................... 2665

Urban built-up area extraction using high-resolution remote sensing images with an improved con-
volutional neural network
Hou Bowen, Yan Dongmei, Hao Wei, Huang Qingqging, Su Xiugin, Li Qingwen «:-«:sseseeeeeene 2677



E-mail: jig@radi.ac.cn EP%EHZ?;E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 OHEERERFRRINFAE

MEESHEKS TP XERFRIEAS: A XE4HS. 1006-8961(2020)12-2677-13

#3238 Af%st: Hou B W, Yan D M, Hao W, Huang Q Q, Su X Q and Li Q W. 2020. Urban built-up area extraction using high-resolution remote sens-
ing images with an improved convolutional neural network. Journal of Tmage and Graphics,25(12) :2677-2689 (3, 4, i34, B #, 5 5,
2 2. 2020, SUHFAG AR 45 1) v 0 1 R A Al A DX P . v ] P 2 IR T 24,25 (12) :2677-2689) [ DOI:10. 11834/jig. 190539 ]

i3S AR W 48 BY S 51 2k B AR I $E B X FR B

> 1,4 N 2,3 1 x£= =2 £ 1 =*= =24
BEXC EAE NG CERE L AFE L FEX
L RGP G RN T, V% 710119, 2. hEB B KAE B AIHFFEEE, dbat 100094,
3. WEEAE BRI TR A A, S WA RHEIRBFSEIT, = 572029; 4. shEFLEBE A, LT 100049

& E: BR SEER XOR AT M IR S, G S IR R SE R ) B s IR A R P TR . (RO
TR IR AP IR B X R BE 5T A, ) B S (R SRR A X P AR VA 7 B R B S T A e 2 £ 57, S 8HE A
PR —E WM, iR ARSI ) BUG R SLFI B B GFRM e 4%, it R X RRAIE (81 ) 5 Ab A5 b i
BRI IR, W R 4E Deeplab P84T RICHE , 38 4 ¥ Bl 67 100 T00I | 4 3% 42 2% 1 BEAIL S b 34 30k, 0 o 52
PR A B DX B o RIS, S (o R 2 = SR 25 2 0 B 004 AR e M AN B 1) 1) L, SR RS 4 7 3 it R
H—PIRTHETIEE T, R SCIREEERE = WA O X A S 4 S AR . AR, A SO A I IE B
25T 93% ,Kappa ZREKT 0. 837, ] UG R PR B H KR 55 43 B 2238 JEo A5 b i 3k g e IX., HL R4 SR e
NIERSERREIL . G BT E A FRRE R TR AR TP IR B X OG5 B 2 HE ik SO A5 1 B TR A SRR A,
AR SCERTE REAE FRIE SR IR 25 th AR EUTE ZRFAE MG 8 o A5 SO T BIGH RO TR B2 2 > O s, 3R AR AL B 7 05, W848 &
TR A BE A S K IR R Y IR G P R B T, A A S R B R A B R

SRR AT ZE S 5 1 BT 5 B R G AR AR IX 5 {5 SR R

Urban built-up area extraction using high-resolution remote sensing

images with an improved convolutional neural network

Hou Bowen'*, Yan Dongmei*?, Hao Wei', Huang Qingging”, Su Xiugin', Li Qingwen”"*
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3. Key Laboratory of Earth Observation, Institute of Remote Sensing of Sanya, Sanya 572029, China;
4. University of Chinese Academy of Sciences, Beijing 100049, China

Abstract: Objective The urban built-up area is an important source of basic information for urban research and serves as a
prerequisite for the regional planning and implementation of the spatial layout of urban functions. Given the recent develop-
ments in Earth observational technologies and improvements in the resolution of remote sensing images, accurately and effi-
ciently extracting information on urban built-up areas has become possible. However, due to the complex environment of
urban built-up areas in high-resolution remote sensing images and the variations in their locations and development scales,
various forms of remote sensing image representations increase the difficulty of using traditional information extraction meth-

ods for urban built-up areas. Recent studies show that deep learning algorithms have significant advantages in processing of
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large-scale images. This paper then examines these deep learning algorithms and reviews previous research that apply deep
convolutional neural network methods, which have been widely used in computer vision to exiract information on urban
built-up areas from high-resolution satellite images. This article also improves the application of computer image processing
technology in the field of remote sensing. Method Semantic image segmentation is crucial in image processing and computer
vision. This process recognizes an image at the pixel level and then labels the object category to which each pixel in the
image belongs. Based on the deep convolutional neural network oriented to semantic image segmentation, this paper uses the
refinement module for the feature map and the attention module of the channel domain to improve the original DeepLab v3
network. The feature refinement module accurately obtains relevant information between pixels and reduces the grid effect.
Afterward, the network model processes the feature map through atrous spatial pyramid pooling. The decoding part of the
network extracts the attention information of the channel domain and then weighs the low-level features to achieve a better
representation and to restore the detailed information. Afterward, the urban built-up area is extracted via the sliding window
prediction and full connection conditional random fields methods, both of which can be applied to extract urban built-up
areas with better accuracy. However, the use of deep learning algorithms is prone to overfitting and poor robustness.
Accordingly, data augmentation and extension are used to enhance the capabilities of the model. Specifically, we use rota-
tion and filter operations while cutting the original training and verification data into 256 x 256 samples. Result Extracting
information from remote sensing images involves an effective mining and category judgment of such information. The experi-
mental data are taken from Gaofen-2 remote sensing images of Sanya and Haikou cities in Hainan Province, China. These
images are specifically taken at the Qiongshan District of Haikou City and at the Tianya District, Jiyang District, and the
sea surrounding the Jiaotouding Island of Sanya City. Given their weak sample processing ability, traditional classification
algorithms have achieved an accuracy rate of no higher than 85% in the experiments. Meanwhile, deep learning methods,
such as SegNet and Deeplab v3, have relatively high accuracy and better performance in extracting urban built-up area
information from remote sensing satellite images. By using the refinement module for the feature map and the attention mod-
ule of the channel domain, this paper improves the accuracy rate of the original DeepLab v3 network by 1.95% . Mean-
while, the proposed method has an accuracy rate of above 93% , a Kappa coefficient of greater than 0. 837, a missed detec-
tion rate of less than 4. 9% , and a false alarm rate of below 2. 1% . This method can effectively extract urban built-up areas
from large-scale high spatial resolution remote sensing images, and its extraction results are the closest to the actual situa-
tion. Conclusion The comparative experiment shows that the proposed method outperforms others in extracting urban built-
up area information from high-resolution remote sensing satellite imagers with diverse spectral information and complex tex-
ture structure. Two processing methods are also proposed to significantly improve the accuracy of the model. Both the slid-
ing window method and conditional random fields processing demonstrate an excellent performance in extracting information
from high-resolution remote sensing images and show high application value for large-scale remote sensing images.

Key words: convolutional neural network ( CNN); attention mechanism; remote sensing image; urban built-up area;

information extraction
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Table 1 Compared results of DeepLab v3 with

and without refinement module

B Keppa EHIR/% WKR/% HEER/%
DeepLab v3 0.769 1 89.94 7.40 2. 66
A RM g
Deeplab v3 0.792 3 90. 95 6.52 2.53
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Fig.4  Attention module of channel domain
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Table 2 Compared results of DeepLab v3

with and without attention module
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Fig. 11

Results of urban built-up area information extraction ( (a) original image; (b) label of ground truth;

(¢) maximum likelihood; (d) random forest; (e) SegNet; (f) Deeplab v3; (g) proposed DeeplLab; (h) ours)
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Table 4 Evaluation of urban built-up area

extraction results

(=R7S Kappa IE#i%R/% TRkz%/% B/ %
ML 0.592 8 80.2 4.24 15. 56
RF 0.663 8 84.35 5.48 10. 16
SegNet 0.741 3 88.21 7.96 3.84
Deeplab v3 0.769 1 89. 94 7.4 2. 66
gk Deeplab 0. 816 2 91. 89 5.74 2.37
VN 0.8375 93. 06 4.85 2.09
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