e PE

X
A —
\EEY § \ERY A7
g }l:ﬁ E VOL26




F265%487 (2530087 )
2021545 16H

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 (19965F6IH))

EEBU PEREFER

Fhefu PEREFEREXESCFHRE
TEEREREER
IERM ARSI BN

*F &K 2

RIBHAR ( TEESREFRZR) HmiE50
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 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.

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

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



YOLOVIBRARBINZ A%
At (550837M)

B FREESNBE
RrEEHT BARIRER(550883W)

AJZ12Alpha Shapesig
B ELIDARS=ZFWI
ER(509107R)

2021545 28265 HF4H8 (25530087 )

PEBRERFR 5 )%

Zhongguo Tuxiang Tuxing Xuebao

gk

MNEGENES: BEIRRERSHEE

B SHMBAS, SKAT, TETELR crrererrererreresere s 0727
CTGMET D ERRHRE

BEIE, BEE, EBAEZR coeoeevescsersmiii s 0751
BG4 IEFN SRS

RFERNIIEERECIINENEGESTE

TS, TREEER, IKTFHE, SUTELL cweeeverereserssmrssisinssisiss i b s 0766
ZRRRBARESTEMENRIEEGESEZE

(A5, TRAEES, AR, BT, XUTHIR oo 0776
RANREEG DB TR EEGIEER

ZfE, MBS, TG, RFER o 0787
Elfg o thFNiR5!

BRI S 2B R TRANE IR

FIE, BAFHT, KL, EJRERR oot 0796
ERESTHFHIR!

TR, BRTAD, FINBTSE oervereerrereeremreters e 0815
EETEERSEGIEENAKRESHIE

SR, ¥PEELE, RS, XUBEREL, FRERER, BEE e 0828
YOLOV3ERAE BRI Z AL

IR, TIR, ZBELE, R, A ceereeerereerereerene e 0837
YOLOV3FIW M IF LR & B EE B 9 38

EFE, BER, 885, XUBEW, EEY, LAZER - 0847
RESESHERENEIER

FRES, KIENE, TEEEHG, JEIl, woeeeererrerrersereerermeenensie et 0857
BEEREMAENIE TRIRGB-DIRE M

?m, T‘ﬁfﬂﬂ, 7UI¢ .................................................................................................................. 0872
RN AR E S BB IE N B B ARIRER

FEE, ZSHPF), BEYL, ZSF cwrereereererrerrermete et 0883
AEERERYSKARERMENEN RO

FRZE K, BRAE DS «oeereeeseteee e 0898

EREREFITENMRRE

AJE#{2Apha ShapesiZEMHELIDARR =N ER

(BPA, FATWE, BHZEES, FEES coerererrrrerrer ot 0910
SDEHRES | SHYCHEIBIREIREL

258, IKIBZR, KIS, SBZ[E, FINGL woveererrerereresese 0924

ITEERZ
=S e =R S S RN S S
HEATURL, BKEEES, JTYL, ToERTE vrerverrerrerrsreermssesstisti sttt sttt 0939

ERKE RIS
L BPHHES SRR SARE B HIA I EE T
BEE, FIMEE, SUTFIE, BEEDES oottt 0952



Volume 26, Number 4
Published April 16, 2021

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Research on multiperson pose
estimation combined with YOLOV3
pruning model(P0837)

Adaptive update object tracking
algorithm incorporating timing
and speed information(P0883)

Extraction of building contours
from airborne LiDAR point cloud
using variable radius Alpha

Shapes method(P0910)

Review

From image to language: image captioning and description

Tan Yunlan, Tang Pengjie, Zhang Li, LUO YUPAN «::seeeeseressmnmnisiies 0727
Research progress of lung nodule segmentation based on CT images

Dong Ting, Wei Long, Nie Shengaong «« s« 0751

Image Processing and Coding

Learning global attention-gated multi-scale memory residual networks for single-image super-reso-
lution

Wang Jing, Song Huihui, Zhang Kaihua, Liu Qingshan =« 0766
Single image super-resolution reconstruction based on multi-level perceptual residual convolutional
network

He Lei, Cheng Jiahao, Zhan Zhiyu, Yang Wenbo, Liu Peiran «: e, 0776
Underwater color image enhancement based on two-scale image decomposition
Li Jian, Zhang Xiandou, Li Shangfei, WU Zizhao -+« 0787

Image Analysis and Recognition
Gait recognition using pose features and 2D Fourier transform

Wang Xinnian, Hu Dandan, Zhang Ta0, Bai GUIXIN «++eeeeeesesssssmsnmmnminiiiiiiiiisns 0796
Hand gesture recognition in complex background

Wang Yin, Chen Yunlong, SUn QUanlai ««::::seeeeeesmsmsmsiiii 0815
Face pose correction based on morphable model and image inpainting

Wu Congzhong, Zheng Rongsheng, Zang Huaijuan, Liu Mingwei, Xu Jiajia, Zhan Shu -« 0828
Research on multiperson pose estimation combined with YOLOv3 pruning model

Cai Zhedong, Ying Na, Guo Chunsheng, GUO Rui, Yang Peng - 0837
Fine-grained classification based on bilinear feature fusion and YOLOv3

Yan Zixu, Hou Zhigiang, Xiong Lei, Liu Xiaoyi, Yu Wangsheng, Ma Sugang «««+«+s+ssesseeseeseees 0847
Fashion style retrieval based on deep multimodal fusion

Su Zhuo, Ke Sibo, Wang RUOMEI, ZNOU Fan ««eseeeesesrestsesmmmiitimiiniiii e 0857
RGB-D video saliency detection via superpixel-level conditional random field

Li Bei, Yang YOu, Litl QUONQ «+:+tsseseesestersssnesttntntiuittttiiit ittt 0872
Adaptive update object tracking algorithm incorporating timing and speed information

Yin Kuan, Li Jun", Hu Kai, | TR T T TR TRYS 0883
Point cloud analysis model combining inverse density function and relation-shape convolution neu-
ral network

Qiu Yunfei, ZNU MENQYING ««weeesereerrsesmmsi 0898

Image Understanding and Computer Vision
Extraction of building contours from airborne LIDAR point cloud using variable radius Alpha Shapes
method

WU Yang, Wang Liyan’ HU ChUnXia, Cheng Liang .................................................................. 0910
Light field depth estimation guided by 3D occlusion model
Wu Di, Zhang Xudong, Zhang Jun, Fan Zhiguo, SUN RU « s+« +seeesessesessesisissisissinsissinnne. 0924

Computer Graphics
Non uniform weighted cubic B-spline based on all positive basis
Ji Peipei, Zhang Guicang, Wang Kai, Meng Jianjun ««««ssseeesesessmme 0939

Remote Sensing Image Processing
Airport runway detection based on LBP feature classification in PoISAR images
Han Ping, Wan Yishuang, Liu Yafang, Han Binbin «--..eoeee, 0952



828

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

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

Tel: 010-58887035 O HEERERZIRRINETFE

hE RS> E S TP3I1 XHktRiRES: A XEHES: 1006-8961(2021)04-0828-09

X5 AERK: WuCZ, Zheng RS, Zang H ], Liu M W, Xu J J and Zhan S.2021. Face pose correction based on morphable model and image inpaint-
ing. Journal of Image and Graphics,26 (04 ) ;0828-0836 ( 5e M\ H KR AE UM EE , XU B B, 1 A AR, 8. 2021, 45 & T8 AR R 18 5 UG8 52 1 NG %
BEFIE. R EE S EIE ¥ ,26(04) :0828-0836 ) [ DOL: 10. 11834/jig. 200011 ]

FEREEASEHBEENARESHLE

R R BRI AR R R

L. AR T K2 BN S(E B 2R, A0 230009; 2. BRI WRGA RN, A0E 230009

B E. BH AKEZESRE LW ARSI RN — A EEREE RS 3 4 AR TR N 3 4848
R DL KR BE B R e W 2% 3t —Fl T 2 B8 AR B A S IR B, fF— R E LIRS T REST
NEAUNAETIR, ik SMESEN 3 4B ARRLA 7 ikt r it FUH AR TS RS E R G SH00 3 4epAs
A EATHRAGE | ef T AN 7] X380 14 O it S0 AS W] RO AL, AR 3 A AR AR (i A5 AT R TR) 2 28 A T 3 2%
T G BUG I G RO S0, ARG 6T 3 i ARG A7 23805 1E IR R B 5 ) X A BUG EATE &  IB B A
FRINN A ARG 22 1 D8R, 08 FH i 0 R s AR R [ B 6 8 B B R 4 B ZR G TR 2 N 45, (115 M 45 24065
P, &R FE LFW (labeled faces in the wild) AJS %4 % A StirlingESRC ( Economic Social Research Council )
3 YE B b A AR SCOE S I R A T LA, SEUR A5 R R I AR UL M N IR R IS B — e R B 4R &
FE LFW B8 1 i i 5 AT BB SN BUR I T BB IE B R G, AR SO 83 T 96. 57% 1 A B
KRR 7E StirlingESRC 205 b, A SO A AR50 + 220 B B0 T, A R 3 HE A 2R 4 B4R & 5. 195% A1l
2.265% ;AE NI AN £ 4518 B0, AR TR A 243 4R 55 5. 875% Al 1. 095% 5 ~F- 35 A 1R 31 28 43 Tl 42 w5
5.53% 7. 13% ., Xt LS R B  ASCER Y 1 AR BT IE SR U & T ARSI i R, &8 A
PEH AR ESHF R 555 T 3 YRR RAVRIR B S RS FE N GBS A E T, S RE AR5
HEWRIE—E R LA e m .

ST I NN ;3 BT ARBAL (3DMM) ; B FRAIZE 4K (CNN) ; RGBS IR BE 22 5]

D

Face pose correction based on morphable model and image inpainting

Wu Congzhong' , Zheng Rongsheng' , Zang Huaijuan', Liu Mingwei' , Xu Jiajia®, Zhan Shu'”
1. School of Computer and Information, Hefei University of Technology, Hefei 230009, China;
2. (FLYTEK Co. Lid. , Hefei 230009, China

Abstract. Objective Face recognition has been a widely studied topic in the field of computer vision for a long time. In the
past few decades, great progress in face recognition has been achieved due to the capacity and wide application of convolu-
tional neural networks. However, pose variations still remain a great challenge and warrant further studies. To the best of
our knowledge, the existing methods that address this problem can be generally categorized into two classes: feature-based
methods and deep learning-based methods. Feature-based methods attempt to obtain pose-invariant representations directly
from non-frontal faces or design handcrafted local feature descriptors, which are robust to face poses. However, it is often

too difficult to obtain robust representation of the face pose using these handcrafted local feature descriptors. Thus, these
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methods cannot produce satisfactory results, especially when the face pose is too large. In recent years, convolutional neu-
ral networks have been introduced in face recognition problems due to their outstanding performance in image classification
tasks. Different from traditional methods, convolutional neural networks do not require the manual extraction of local feature
descriptors. They try to directly rotate the face image of arbitrary pose and illuminate into the target pose, which maintains
the face identity feature well. In addition, due to the powerful ability of image generation, generative adversarial network is
also used in frontal face image synthesis and has achieved great progress. Compared with traditional methods, deep learn-
ing-based methods can obtain a higher face recognition rate. However, the disadvantage of deep learning-based methods is
that the face images synthesized from the large face pose have low credibility, which lead to poor face recognition accuracy.
To deal with the limitations of these two kinds of methods, we present a face pose correction algorithm based on 3D mor-
phable model (3DMM) and image inpainting. Method In this study, we propose a face frontalization method by combining
deep learning model and a 3DMM, which can generate a photorealistic frontal view of the face image. In detail, we first
detect facial landmarks by using a well-known facial landmark detector, which is robust to large pose variations. We detect
a total of 68 facial landmarks to fit the face image more accurately. Then, we perform accurate 3DMM fitting for face image
with facial landmark weighting. Next, we estimate the depth information of the face image and rotate the 3D face model into
frontal view using 3D transformation. Finally, we employ image inpainting for the irregular facial invisible region caused by
self-occlusion by utilizing deep learning model. We fine-tune the pre-trained model to train our image inpainting model. In
the training process, all of the convolutional layers are replaced with partial convolutional layers. Our training set consists of
13 223 face images that are selected from the labeled faces in the wild (LFW) dataset. Our image inpainting network is
implemented in Keras. The batch size is set to 4, the learning rate is set to 10 ™*, and the weight decay is 0.000 5. The
network training procedure is accelerated using NVIDIA GTX 1080 Ti GPU devices, which takes approximately 10 days in
total. Result We compare our method with state-of-the-art methods, including the traditional method and deep learning
method, on two public face datasets, namely, LFW dataset and StirlingESRC 3D face dataset. The quantitative evaluation
metric is face recognition rate under different face poses, and we provide several synthesized frontal face images by our
method. The synthesized frontal face images show that our method can produce more photorealistic results than other meth-
ods in the LFW dataset. We achieve 96. 57% face recognition accuracy on the LFW face dataset. In addition, the quantita-
tive experiment results show that our method outperforms all other methods in StirlingESRC 3D face dataset. The experimen-
tal results show that the face recognition accuracy of our method is improved under different face poses. Compared with the
other two methods in the StirlingESRC 3D face dataset, the face recognition accuracy increased by 5. 195% and 2.265%
under the face pose of 22° and by 5. 875% and 11. 095% under the face pose of 45°, respectively. Moreover, the average
face recognition rate increased by 5. 53% and 7. 13% , respectively. The experimental results show that the proposed multi-
pose face recognition algorithm improves the accuracy of face recognition. Conclusion In this study, we propose a face pose
correction algorithm for multi-pose face recognition by combining 3DMM with deep learning model. The qualitative and
quantitative experiment results show that our method can synthesize a more photorealistic frontal face image than other meth-
ods and can improve the accuracy performance of multi-pose face recognition.

Key words: multi-pose face recognition; 3D morphable model (3DMM) ; convolutional neural network ( CNN) ; image

inpainting; deep learning
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Fig.1 The structure of frontal face synthesis system combining 3D morphable model with image inpainting
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2015) (2017a)

B2 RIFEJETE LEW Sl i
NI RS A
Fig.2  Comparisons of face frontalization results
of different algorithms on LFW database
((a) original images; (b) Hassner et al. (2015);
(¢) Tran et al. (2017a); (d) ours)

(a) ilfili‘_]{?ﬁ (b) HassnerZ: A (c) TranZE A (a) AL
(2015) (2017a)

&3 RIEJTEEAE StirlingESRC $E 4 1
NI IE 255 g
Fig. 3 Comparisons of face frontalization results
of different algorithms on StirlingESRC database
database ((a) original images; (b) Hassner et al. (2015);
(c¢) Tran et al. (2017a); (d) ours)

%1 AREFHEE StirlingESRC #3EE -
BINBEIR A R LB
Table 1 Comparison of face recognition rates of
different methods on StirlingESRC database
/%

PNCE A
Jrik P
-22° 422° -45° +45°

Tran % A (2017a) 90.71 88.11 76.67 84.34 84.96
Hassner 2 A (2015)  92.47 92.21 76.31 72.46 83.36
A 94.69 94.52 85.29 87.47 90.49
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ME 2 F1lE 3 mf LLE H ff ] Hassner 55 A
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450 T A SO 1 A I B 25 40 ) 4 e
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5.53% M17.13% o X HLSEHREE RN A S
OS2 TR SR T LA A8 e A IS F g MR %2

K 4 AR ST AR LFW B85 )% 5 HF-PIM
(high fidelity pose invariant model) ( Cao 55,2018 ) L)
M CAPG-GAN ( couple-agent pose-guided generative
adversarial network ) ( Hu %% ,2018) B8P HE A 45 5 .
AU Y Ay 2 075 1 e T A S S 0 T
PR I AR R AR E I, T S AR AR
ARIEA 3, 2 J&7E LFW Bl % I, A SO ik
5 HAWTT 25 0 A RUNRS B2 B e R, AT LR
RV R SCTT O R RS Gk B T
96.57% ,fH1 T HF-PIM 1 CAPG-GAN ff IR i %

833



834

PEERBEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.26 ,No. 4, Apr.2021

T T AT N G ) TE T8 A B, AN 52 N G Bt
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T ASA I B e w FITGR B 2 ST B B P A, 15 B Y I
TAT A P15 %) TR 30 3400 59 R i sy R B 223, T
DI R BI0KS 6 8 5 T 45 48 7732, 40 Hassner %6 A
(2015) f 7 ¥ H1 FF-GAN ( Yin 45,2017 ) BUS A9 A
[isatabilllpi

v.l.

(a) B8RS (b) HF-PIM  (c) CAPG-GAN (d) A3
4 RIFJTEE LEW S0 2 1/
NI IE 255

Fig.4 Comparisons of face frontalization results of
different algorithms on LFW database
((a) original faces; (b) HF-PIM; (c¢) CAPG-GAN; (d) ours)

xR2 AEFFEELFW NEHHEE R ARIRANBEE LR
Table 2 Comparison of face recognition accuracies
of different methods on LFW database

/%
Titk NI B
Hassner 5% A (2015) 91. 65
FF-GAN( Yin %, 2017) 96. 42
HF-PIM ( Cao %, 2018) 99. 41
CAPG-GAN( Hu 4§, 2018) 99. 37

AL 96. 57
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BOyE E BB T 96.57% N B IR B R B, 7E
StirlingESRC 04 2 AR T 90. 49% By V-3 A B
PUNZE IR T A SCRR A Rk

SR, A SCH A AE LA T PR 2, A Rk
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2 (I R R R R 2 B R B A ) I EMR B
Ty ERREEEE | PR TR R 1) AR h, 75 S 4k St
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