M RRon

Moran'IB a4

&)
©
Q
.
&
I
iH
W..
B
&




MeARISSTI AL P619

2655380 (2529940 )
202143816H

rRES R HAT
FREEFRIAARFZFERET
FRERH % O HATY
Rz AT

RIS EA
RE ( PEERERFR ) 1258, 15930
HAEZEARTIMEER CNKIZF £
ErhhR, FRTUSEGIEXERISE(FRAR
B ATIFFEE R ERE
H, FREAS, REITE, FEHEHE
VARt 750 e -

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.

PIDBEBAF B

Fl BT RiE

BRI (1996567 )

EEBRM PEMFR

FnEfu PERFEREXES TR
TEEREEER
JERN YIRS B AR

F &®m 2

wIELIR (FTEESREFRZIR) HiE5
BEtht Jt=miBEX IR 195
HB #® 100190

BFEFME jig@radiac.cn

B i& 010-58887035

P HE www.gjig.cn

IERHBICS mH 1A EF201702185

B2 R 7 t=RTATE

T 18 =ESHEE

BMRT PEEFEPRZERERAT
(BBEL(EHE: JLR399(EHE  HR4w: 100048)

ENRIZET JLRRHEEIRIBIRAS

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 Office 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.

CN11-3758/TB
ISSN 1006-8961
CODEN ZTTXFZ

E9METS M1406
E &S 82-831
EREMN 60.007T



_ Zebras Horses

B zebra — horse

horse —* zebra

REF I PREGREIEE
73 H5(580487)

ZEEBRREMSBIIER
BoIFER(5$0605])

HEGF-2EREARAIU-Net
4R 5325(550700)

2021435 25265 238 (25529981 )

DEERER R B )50

Zhongguo Tuxiang Tuxing Xuebao

FEMWS
REZISEYEZEIEHT2020E548
(53037, SEIPR, XML, STLIRR, SREL, FRERHE oo 0475

2%@
REZ I PHEGEIRIES T5ARRE
E_'J,tf—\a-F, FEUE, AXTEEE, BKIE «ererererersrssrsrimnniii s 0487

BN IEFN 4R
BIEMN B F/NK R EIERIEE N E
D OO 0503

BG5S HhFIRA

1858 — B RO R B9 B AR IR ER

FRRYG, TREFEE, BKFFHG, ST cweveereereeresressessessessessesstsstsstisei sttt 0516
BR577 BRI XRIE R IR

ZETTE, R, MUTGIE cwereereereereeressessetitt sttt 0527
SSDSRIZHE R & IR B A

BHIEES, BBER, HHEE, EOIHT oo e 0542
BRI FERERGIREDLPD-Net

S (FIBAE, BRUEEE, SUHGIE orerrerrerrerrerrermenmemeee e e 0556
M BAHRER N E GRS

S, ZRER, FHE, EE, ZJE e s 0568

ESREEFIT BARRE

EHEZIERI S R ERE RN

BILTTE, AR, JEIR, BEZE weoeveeeeereeeremerms s 0581
Re—-GAN: B ZEE R FXITIMEEZEE

SHEE, SRRE, FUBEEE oottt sttt sssssassass 0594
ZiEERIREMSHEGE O HEE

*E{$§$7 ?BEFI' B?Z:ﬂ thlﬁﬁﬁ iEﬂ: ’_J«\_n LT T P P T P 0605

ITEHNERZ
B 7K RS ZS RERRFHE AT R0 T
FEIESE, BIBEES, ERMUL, FRIEII] weeereereereereeresresressessstsstsstse s s 0619

EZEGLE
mmﬁﬁﬁﬁ&aﬁ RSB IES B

ERRERLE

12/ BRFEROf I R B ARG

UGS, FLFIE, FEEIR, BURLD oo 0644
BREF I EIRERT7 NRAG REE T

BERAEAR, 2R, ZRE rovvvrressm o 0654
CGANEZAAE B AR R E R KHLIR B

TFHELT, TEZRIG, YT coeeeereerereeresreresoe s 0663
B ERERE BN SIRKIE R Y 5 E

BREE, ShE, SBHR, SE vroreerrererermrerienienrs sttt rse s asnsesssnersesaseas 0674
BZRBE TN ENCCANERERGEFNN S E

ZRUMT, STETEFEL ereeevereeeeseesemese et 0686
EEGF-2IZRERRIU—-Netifih4r it 2

?ﬁ;[j%‘;’ @2‘-7 Eﬁ%ﬁ, Em%—;, TR svvveeerenreeessntes it 0700
FHERNTUEREGRN=/ME

ZESE, SREEE KT, KBEEE, WUBLL e 0714



Volume 26, Number 3
Published March 16, 2021

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

_ Zebras = Horses _
S %/2‘ B

zebra — horse

horse —* zebra

Review of data augmentation for

image in deep learning(P0487)

Image super-resolution recon-
struction from multi-channel
recursive residual network
(P0OB05)

U-Net for urban green space
classification in Gaofen-2 remote

sensing images(P0700)

Scholar View
Review of the research progress in deep learning and biomedical image analysis till 2020
Chen Hongyang, Gao Jingyang, Zhao Di, Wang Hongzhi, Song Hong, Su Qinghua -« 0475

Review
Review of data augmentation for image in deep learning
Ma DongaO, Tang Ping, Zhao Lijun, Zhang Zheng ................................................................. 0487

Image Processing and Coding
Adaptive distance measurement method with blur of B-spline wavelet function
Liang RUi, Wel Yangjie ............................................................................................................ 0503

Image Analysis and Recognition
Object tracking using enhanced second-order network modulation

Wang Xianhai, Song Huihui, Zhang Kaihua, Liu QIngshan ««:« e, 0516
Background and direction-aware correlation filter tracking

Jiang Wentao, TU Chao, LlU Waniun ....................................................................................... 0527
Video object detection using fusion of SSD and spatiotemporal features

Yu Wangjing, Yu Jing, Bai Manyan, Xiao Chuangbai =+« 0542
DLPD-Net: distorted license plate detection model in natural scenarios

YU Ye’ FU YUanZi, Chen WeiXiaO, L|U Haitao ............................................................................ 0556
Image defogging algorithm using a two-phase feature extraction strategy

Yuan Feiniu, Li Zhigiang, Shi Jinting, Xia Xue, Li Ya -« 0568

Image Understanding and Computer Vision
Coarse-to-fine multiscale defocus blur detection

Heng Hongjun, Ye Hebin, ZhOU MO, HUang RUl ..................................................................... 0581
Re-GAN: residual generative adversarial network algorithm

Shi Caijuan, Tu Dongjing, Lt JIngyi «+--sssesesesssesssiiiie 0594
Image super-resolution reconstruction from multi-channel recursive residual network

Cheng Degiang, Guo Xin, Chen Liangliang, Kou Qiqi, Zhao Kai, Gao Rui «-::-«eseeesersseeeeseens 0605

Computer Graphics
Visual analytics of spatial and temporal correlation features of rainfall
Zhou Zhiguang, Xie Wanying, Zheng Weihua, Chen Yuanyuan ............................................. 0619

Medical Image Processing
Tumor segmentation in breast ultrasound combined with Res paths and a dense connection
Chen Yanghuai, Chen Sheng’ Yao L|p|ng ............................................................................... 0633

Remote Sensing Image Processing
Target detection algorithm of aerial remote sensing based on feature enhancement technology

Zhao Wengjing, Kong Zixu, Zhou Zhendong, Zhao Zhenbing <« 0644
Fast detection algorithm for ship in arbitrary direction with dense subregion cutting

Chen Huajie, WU Dong, GU YU ............................................................................................... 0654
Aircraft recognition of remote sensing image based on sample generated by CGAN

Wang Yaoling, Wang Hongqi, Xu T ««+e«sesesesssssmiiiiiie 0663

Segmentation of high-resolution remote sensing image by collaborating with edge loss enhance-
ment

Chen Qin, Zhu Lei, Lyu SUidong, WU Jin s 0674
Remote sensing building segmentation by CGAN with multilevel channel attention mechanism

Yu Shuai, Wang X||| ................................................................................................................ 0686
U-Net for urban green space classification in Gaofen-2 remote sensing images

Xu Zhiyu, Zhou Yi, Wang Shixin, Wang Litao, Wang Zhengjing ««+«+««-«sssesesesuseesesmsnsusucnccanns 0700
Spatiotemporal fusion of satellite images via conditional generative adversarial learning

Li Changjie, Song Huihui, Zhang Kaihua, Zhang Xiaolu, Liu Qingshan «::«:««sseseessesseesneeeneenee 0714



E-mail: jig@radi.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERER RS

thE X5 E S TPT53 XHkFRIREE: A XERS: 1006-8961(2021)03-0663-11

35| A : Wang Y L, Wang H Q and Xu T.2021. Aircraft recognition of remote sensing image based on sample generated by CGAN. Journal of
Image and Graphics,26 (03 ) :0663-0673 ( T HE40 , F 22 ¥, VFIF. 2021. CGAN REAS A= il i 18 R 15 R LR, R KL KR 3:4R ,26 (03) :0663-
0673) [ DOI;10. 11834/jig. 200001 ]

CGAN 78 &4 By B2 B B % T« AR 3l

e A= 1,2.3,4 ; 1,4 > opl1234
F AR Bt S
1. P ERER S RAE BAGEIFTE b, AT 100190; 2. HEPBLFAE R FEE TS EE TR0, LT 100049,
3. hEREBER, JbaD 100049; 4. EPBHEREAS KAG EAEIFL BE M 4 (5 SR R AR T S 5053, Jbat 100190

 OE: BR R TIRES N WL B ARR I e R G P IS T AR R A (H Iz A R A8 TR
FUAEIESE . A A2 AT M 4% ( conditional generative adversarial network , CGAN ) A] F 7 4= 1@ B 1 A4 iUAE AR LA™
FEIRLSEARAR (O 52 J 0l S A B AR AT B, A BURE A SR AIR B X S S8 R8T, $2 T — Rl 45 & CGAN A
A CHLRIRESE . ik RO SR 2k X T R 45, R DB R 40 2 2 155 A i X e SR PR A AR e 07 L 4
T T R0 25 A A APE (structural similarity , SSIM ) B 35 45 2% PR 2L ( masked-SSIM loss ) LA 55 242 BUAE AR B 6
HLDC IR0 ST, 28 2% B A S CHL I HEREAR 25 5 LA ORIE VR T T G 8 CHL XS AN 52 e 5 5t X B,
B3 5% 22 I 46 A RO AR 5 e I 1) A IR R 45 ) 1l ML B RE S, 9 2o v R A R AR AR
FLLH TLR MG RRAR T X S br TR B MR AT oK o 86 5R SRR sUREAS 5 LA A I 25 ) 10 0 A58 0 A L S
FEAS B RTEAT S0 T A TR 38 LU S MR 0. 33% 5 X0 T A= BB AL  ZE AN AN 2R 5 | 2B JURE A A W {115 148 L
(peak signal to noise ratio, PSNR) 215 T 0. 79 dB,SSIM 25 T 0. 094 ; 7E A FE T HE M5 119 45 Fa A0 L1 14 J3 B 453 2 o
BUG A BUREAS 1) PSNR 215 7 0.09 dB,SSIM 42/ T 0.252, #5i8 A SCHE i 56 T REA A 1 LU HE SR
AT R T R A X SR AT DU A B SR AT PR AR B BE AT Sk, R S o T RBLIR M 55 TR AR
AR,

SRR IR ) BN A 5 A U R 45 5 D2 i R IER 5 HAR U

Aircraft recognition of remote sensing image based on
sample generated by CGAN
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Abstract . Objective Aircraft type recognition is a fundamental problem in remote sensing image interpretation, which aims
to identify the type of aircraft in an image. Aircraft type recognition algorithms have been widely studied and improved
ceaselessly. The traditional recognition algorithms are efficient, but their accuracy is limited by the small capacity and poor

robustness. The deep-learning-based methods have been widely implemented because of good robustness and generalization,
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especially in the object recognition task. In remote sensing scenes, the objects are sparsely distributed; hence, the availa-
ble samples are few. In addition, labeling is time consuming, resulting in a modest number of labeled samples. Generally,
the deep-learning-based models rely on a large amount of labeled data due to thousands of weights needed to learn. Conse-
quently, these models suffer from scarce data that are insufficient to meet the demand of large-scale datasets, especially in
the remote sensing scene. Generative adversarial network (GAN) can produce realistic synthetic data and enlarge the scale
of the real dataset. However, these algorithms usually take random noises as input; therefore, they are unable to control the
position, angle, size, and category of objects in synthetic images. Conditional GAN ( CGAN) have been proposed by previ-
ous researchers to generate synthetic images with designated content in a controlled scheme. CGANs take the pixel-wise
labeled images as the input data and output the generated images that meet constraints from its corresponding input images.
However, these generative adversarial models have been widely studied for natural sceneries, which are not suitable for
remote sensing imageries due to the complex scenes and low resolutions. Hence, the GANs perform poorly when adopted to
generate remote sensing images. An aircraft recognition framework of remote sensing images based on sample generation is
proposed, which consists of an improved CGAN and a recognition model, to alleviate the lack of real samples and deal with
the problems mentioned above. Method In this framework, the masks of real aircraft images are labeled pixel by pixel. The
masks of images serve as the conditions of the CGAN that are trained by the pairs of real aircraft images and corresponding
masks. In this manner, the location, scale, and type of aircraft in the synthetic images can be controlled. Perceptual loss
is introduced to promote the ability of the CGANs to model the scenes of remote sensing. The 1.2 distance between the fea-
tures of real images and synthetic images extracted by the VGG-16 (visual geometry group 16-layer net) network measures
the perceptual loss between the real images and synthetic images. Masked structural similarity ( SSIM) loss is proposed,
which forces the CGAN to focus on the masked region and improve the quality of the aircraft region in the synthetic images.
SSIM is a measurement of image quantity according to the structure and texture. Masked SSIM loss is the sum of the product
between masks and SSIM pixel by pixel. Afterward, the loss function of the CGAN consists of perceptual loss, masked
SSIM loss, and origin CGAN loss. The recognition model in this framework is ResNet-50, which outputs the type and rec-
ognition score of an aircraft. In this paper, the recognition model trained on synthetic images is compared with the model
trained on real images. The remote sensing images from QuickBird are cropped to build the real dataset, in which 800 ima-
ges for each type are used for training and 1 000 images are used for testing. After data augmentation, the training dataset
consists of 40 000 images, and the synthetic dataset consists of synthetic images generated by the generation module with
flipped, rotated, and scaled masks. The generators are selected from different training stages to generate 2 000 synthetic
images per type and determine the best end time in the training procedure. The chosen generator is used to produce differ-
ent numbers of images for 10 aircraft types and find an acceptable number of synthetic images. These synthetic images serve
as the training set for the recognition model, whose performances are compared. All our experiments are carried out on a
single NVIDIA K80 GPU device with the framework of Pytorch, and the Adam optimizer is implemented to train the CGAN
and ResNet-50 for 100 epochs. Result The quantities of the synthetic images from the generator with and without our pro-
posed loss functions on the training dataset are compared. The quantitative evaluation metrics contain peak signal to noise
ratio (PSNR) and SSIM. Results show that PSNR and SSIM increase by 0. 88 and 0. 346 using our method, respectively.
In addition, recognition accuracy increases with the training epoch of the generator and the number of synthetic images.
Finally, the accuracy of the recognition model trained on the synthetic dataset is 0. 33% less than that of the real dataset.
Conclusion An aircraft recognition framework of remote sensing images based on sample generation is proposed. The exper-
iment results show that our method effectively improves the ability of CGAN to model the remote sensing scenes and allevi-
ates the absence of data.

Key words: deep learning; convolutional neural network ; generative adversarial network ( GAN) ; optical remote sensing

images; object recognition
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Fig.5 The masks of aircrafts of ten types
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Table 1 The quality of the generated images against

the generator with/without loss function

Jrik PSNR/dB SSIM
CGAN 17.23 0.352
CGAN + Ly 18. 02 0. 446
CGAN + Ly + Lyssiy 18. 11 0. 698

T L A o RS R A 2R

Bl 6 Ry S5 3R BU R o FEAR MR, Hod, 26 2
P14 G PR DR G £ A BRI 45 7= A | S
HURHLI G 8 HUR AR BE | B 5 X ke
PR — HESIEARZ R, IMABAEIR G, A
FEAGNEL 6 56 3 7, HF5 5t XS ae B s &2
B BT IR IR T BAREA AR A A DL, 26 B A8 H]
R TR 2K PR )T B e S R0 PRI 5 IX A
HBIRE ST, (R EEREA R RAILE | B i 2 JL AL B S0 HT
SRS A 221, A masked-SSIM 512K R %L
J&  FEA LM (6 55 4 47) R Y I b ] A 45 2 BH
R I R R T A R R X TR AL Y
a0 B (1 TR A

SE R E R S 2 2R AR A X R 4 K e
oo e i 1 R Y R K S0 HE A H A
A S5 AL R SO B FE RS RE 0, DT A2 A 1 B B
AREA

AC-130H B-1B  B-52H C-17 C-5

KC- 135

K6 CGAN BAFR K R AR5 A2 A
Fig.6 The images generated by the CGAN

with and without proposed loss
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Fig. 8 Recognition accuracy against training epochs of CGAN
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Table 2 The accuracy against the number of images

TR/ A VU /%
2 000 85. 14
4 000 86. 39
8 000 88.42
12 000 89. 17
20 000 91.33
40 000 92.21
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Table 3 The recognition accuracy of samples

from different data sources
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Fig.9 The confusion matrix of recognition

model trained by the generated samples
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