2020




F25EF7H) (2EB291H7)
20207H16H

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

EHEfM PERFRERSH IR
TEEREREER
IERM ARSI BN

* & miTk

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 Institute of Remote Sensing and Digital Earth, CAS
China Society of Image and Graphics
Institute of Applied Physics and Computational Mathematics

Editor-in-Chief Gu Xingfa
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



JEESCRUA EIRARTRST IR
5R2(%1283R)

EERME T FEfhFaE
ENIEEN(5E1481R)

ERFI TEoRUEEE
BRRIRIZEN (5 15011X)

202057H 25256 %78 (22829185)

DEERER R H )T

Zhongguo Tuxiang Tuxing Xuebao

FEWR
FELREHIRAARIRSRE
ERITHE, EEHHE, 18FF, S2E e 1283

2SS

RERFTEGRRTTIEFE

NEh, BE, F=T, =44, ;7”1%7 TETUE wreveeeerereeessemenesemnentietstntsiss sttt 1296
e R f BT R AR

SZ &%; y "*" tb*@;ﬁ yuy“‘t?, sz:“ 22 N 1318
BRI PrIT BN ARSI

TR, MR, EETF, FKEE, TUDYI| oo 1330

BRI RED

HECNNRZS AR L b THERE

B, MIZE, T3, R, XERED o 1344
ﬁ-n%EEA*QIEI{QLME*J&%EEI{QEJ?

E?Eﬂi_t YU 37K, 21— L P PP PP T PPPOLIIPPPPOIIPOD 1356
gyratorZRFEN S EESEGMEE XL

Tk, B, T K, BEEET, XUTARR oo 1366
ETFEHFEERRMMEE S TEEretinexfZK T EIGIZE

SHEE, 0, BRT, FOEL, KRR e 1380

Elf& s trFniRz!

R IR F911T AFBIRE!

ETH’-'EE S‘(U%_._, “.ﬁ, BRHHGE covveeeerere e 1393
%@;Eélm{ﬁﬁ’ﬂﬂmwﬂﬁ,ﬁ%ﬁmIW%

/EIHﬁ“ P 7 SR/ VB rrre e 1408
SR AR EHE =S (B SCIRAT AR S A

S(UEE&S, E?‘Eﬁ, ?}%7 }’J\ﬁﬁ% ............................................................................................. 1421
EFKPNE . DR K StegerEiENZIN BRi2E

|},tj-.\_|ﬂ__|ﬂ_7 FPRE, 775,\33%, gﬁ;’%i:ﬁ, FREEJT, woevevreeerennneremnnteeniitiiniiti s 1436
BHERIER AR Fan e

%‘gﬂzg’ ?B, ] = IITTTPOTITTPPTPPIPPIPPIIPRRPRIRIO 1447

ERIEEFIITENRE
MR ZHFAERE S AR ESIRER
E'_mvk, )\EJJL _b%%, ;ﬁﬂu lﬁlgﬂﬂg .............................................................................. 1459

HEHERZ
iR (B EHIRE REITUX PHEIZA2)E
FIAREE, PEBERE, BBSTEER, NUTE oreerererermmmrininii 1473

EFEGE

EERME T F M FmBEIEE

ZS B, IS, ZEHEZR, NWBBEE oovevevrrrrrii 1481
IR REG T D REREEE SN D XKTTE

FE, 2R, BB, TEE BPIE 1490

ERKE G IR
EREITE D RUEIEE R RIERE
EKEE, E}J—J‘E, gj&/#\_gi, éu_”ll’ }E‘_;j@j$ ........................................................................... 1501



Volume 25, Number 7
Published July 16, 2020

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Scholar View
Research status and progress of non-photorealistic rendering technology
Qian Wenhua, Cao Jinde, XU Dan, WU Hao ........................................................................... 1283

Review

Deep Hashing image retrieval methods

Liu Ying, Cheng Mei, Wang Fuping, Li Daxiang, Liu Wei, Fan Jiulun «-«-eseeeeeeeeensenieenneneneenee 1296
Research status and progress Virtual character behavior modeling in serious games: a review

of non-photorealistic rendering Liu Cuijuan, Liu Zhen, Chai Yanjie, Liu Tingting, Chen Xiaoyi -+ -+--swwrssrssscisssrsnsissinsinns, 1318
technology(P1283) Bottleneck issues of computer vision in intelligent manufacturing

Lei Linjian, Sun Shengli, Xiang Yukai, Zhang Yue, Liu HUiKai «+++sseseesessemsemssmssmssmssissisinnns 1330

Image Processing and Coding
A shallow CNN-based noise ratio estimation model

Xu Shaoping, Lin Zhenyu, Li Chongxi, Cui Yan, Lit RUIFUI «++ssesesesesesme 1344
Degradation model and restoration of flame image of sintering section

Wang FUbin, LlU Hefei, WU Chen ............................................................................................ 1356
Multiple image encryption of high robustness in gyrator transform domain

Wang Feng, ShaO Zhuhong, Wang Yunfei, YaO Qijun, LIU X|||n ............................................... 1366

Underwater image enhancement based on turbulence model corrected by transmittance and dyna-
mically adjusted retinex
Tang Xinyu, Li Min, Xu Llngll, Hao Zhen, Zhang Xuewu .......................................................... 1380

Image Analysis and Recognition
Person re-identification based on top-view depth head and shoulder sequence

Wang Xinnian, Liu Chunhua, Qi Guoging, Zhang Shigiang ««++«+«++-ssesesesesesessscssceeenennns 1393
Two-stream face spoofing detection network combined with hybrid pooling
Automatic selection of tooth seed Wang Yahang, Song Xiaoning, Wu Xi0jun -+s-+s-+-ssseesserssesssssssssisssssississ s 1408
point by graph convolutional Enhanced gray-level image space for iris liveness detection
network(P1481) Liu Mingkang, Wang Hongmin, Li Qi, SUN ZRenan «««seeeseseseemes 1421
Linear object extraction based on hydrodynamics, fractional differential and Steger algorithm
Chen Weiwei, Wang Weixing, Li Runqing, Cai Xiaoyan, Zheng Sifan «:«-«-esesererererenenenne 1436
Temporal proposal optimization for temporal action detection
Xiong Chengxin, GUO Dan, L|U Xueliang ................................................................................ 1447

Image Understanding and Computer Vision
Human pose tracking based on multi-feature fusion in videos
Ma Miao, Li Yibin, Wu Xianging, Gao Jinfeng, Pan Haipeng s sseeesesmeisenmisssnisinininss 1459

Computer Graphics
Construction of quartic PH curves via interpolating given points
Fang Lincong, Yang Chengzhuan, Di Wenyu, Litt Fang <, 1473

Medical Image Processing
Automatic selection of tooth seed point by graph convolutional network

L| Zhan", Sun Zhihao, L| Hongan, L|U TOngXin ....................................................................... 1481
Classification method for samples that are easy to be confused in breast ultrasound images
Du Zhangjin, Gong Xun, Luo Jun, Zhang Zhemin, Yang Fei -« 1490
Rapid road extraction from quick
view imagery of high-resolution Remote Sensing Image Processing
satellites combined with transfer Rapid road extraction from quick view imagery of high-resolution satellites with transfer learning

learning(P1501) Zhang Junjun, Wan Guangtong, Zhang Hongqun, Li Shanshan, Feng Xuxiang -«-«-«-«-sseee 1501



E-mail: jig@radi.ac.cn EP%EHZ?;E 1393

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

HEESES . TPl XEHRIARE: A XEHES . 1006-8961(2020)07-1393-15

35 AR : Wang X N, Liu C H, Qi G Q and Zhang S Q. 2020. Person re-identification based on top-view depth head and shoulder sequence. Jour-
nal of Image and Graphics,25(07) : 1393- 1407 ( £ 4F, XIF&4E, 57 B 5, sk i, 2020. MFHLTR BE 36 08 132 91047 AR, v [ B R DB 2 4R
25(07) :1393-1407) [ DOI:10. 11834/jig. 190608 ]

LR E KB 54T A B iR A

EHE R FEE KR

L REmFRE, KiE 1160265 2. LFFARHEARAFR, KiE 116023

% E: BRI AR A8 2 AP0 0 BHR SO0 b S AT KRR BRIz T G A
R VB BELIRAF U, Fi FEOABLRP S FIFASRAL A AU AN R] , A7 N AR 3372 AT 32 %8 43 g 6 T A7 7 G AL IR AT A
PO SR FIRE TR OL A DR EE AR LA AT AR o TEMIALMm R GARDL St A7 AN SR AR 43 R A% B T
UL s AL AR TR BE AR S AT AR AR FR B 25 A8 05 B AT WL o IR A 22 5050k S 04 X AR A 2 (8 A L
Yyse, RA DBCRE AT DU E SN TR A R BE AL 55 b, JE AR PR3 55, A 58 4 B A2 8 RAT IR 1) ( time
of flight, TOF) AHHLFAR LA . FRHCET X R A SR BEAHBILIZ 35, AR SCHR Y T — b TR AR 2 2k 8 7 31 AT AT
PR E:, DU SR BRI 5N AT AR IS . 773k APORPRRTR B S A I3 91 HE A T Sk 78 DX Il D) - 7R
ISP AR IR ARBUT AL TR ENGUT 91, 1 3 Sk FR R i fig = K1 2H (head depth energy map group, HeDEMaG ) , 145 tt
PRI BERFAE I FRRFAE B RRAE 9 5L 434 705 190 48 B2 17 1] (histogram of oriented gradient, HOG) ##4E . 1
SEAT N ZIB) Sk R L R ek P 2L 1) 25 RFAE 2 T) PR ARMRUEE , FH ) P 22 e A2 il SRA%: 14 A 28 IOKT 4% i faE A {8132
AT INACER S, M TITAS BUAHBLBE S0, R e AR L X W AT AR AR N RN S5 5, S AT AR . &R A
HEAEA TP ZE N 28 A 355 TVPR (top view person re-identification ) (45 £ . B #: 19 = N £ A 3% 5 TDPI-L( top-view
depth based person identification for laboratory scenarios ) (4 5 #1338 4= 52 BR3¢ TDPI-B(top-view depth based person
identification for bus scenarios) ¥t#i & b #EAT T I3, 8 JH ¥ 2 VT AL 3 (rank-1) (R 5 37 PC A€ (rank-5) (2 F1 {H
(macro-F1) | 23t VAL £k ( cumulative match characteristic, CMC) 13 #6014 5 Mg Rk i 2 2 ke, H
H1, rank-1  rank-5 I macro-F1 /35355 61% 68% F1 67% LA [ A FHABEILEDRE T 11% . &g AL
F T AT NG 5T A RRAE Y Sk TR B RE 5 IR A, S T IS A AR A BERAT AR SRR E R A 4R TR T
RO 2 2] BRI BE il G, B T RUBIORT B FE S RN VS N 2 AR 32 22 S B 37 580N 4R T IR TR U
AIRCR

SRR IR BRI s IR B SRR 7 91 5 Sk R VR B g 12 TR 20 5 AR DL BE A 2 ) s A7 A TR A

Person re-identification based on top-view depth head
and shoulder sequence

Wang Xinnian', Liu Chunhua', Qi Guoqing', Zhang Shiqiang'~*
1. Dalian Maritime University, Dalian 116026, China; 2. Hualuzhida Technology Co. , Lid. , Dalian 116023, China

Abstract: Objective Person reidentification is an important task in video surveillance systems with a goal to establish the
correspondence among images or videos of a person taken from different cameras at different times. In accordance with cam-

era types, person re-identification algorithms can be divided into RGB camera-based and depth camera-based ones. RGB
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camera-based algorithms are generally based on the appearance characteristics of clothes, such as color and texture. Their
performances are greatly affected by external conditions, such as illumination variations. On the contrary, depth camera-
based algorithms are minimally affected by lighting conditions. Person re-identification algorithms can also be divided into
side view-oriented and vertical view-oriented algorithms according to camera-shooting angle. Most body parts can be seen in
side-view scenarios, whereas only the plan view of head and shoulders can be seen in vertical-view scenarios. Most existing
algorithms are for side-view RGB scenarios, and only a few of them can be directly applied to top-view depth scenarios. For
example, they have poor performance in the case of bus-mounted low-resolution depth cameras. Our focus is on person
re-identification on depth head and shoulder sequences. Method The proposed person re-identification algorithm consists of
four modules, namely, head region detection, head depth energy map group (HeDEMaG) construction, HeDEMaG-based
multifeature representation and similarity computation, and learning-based score-level fusion and person re-identification.
First, the head region detection module is to detect each head region in every frame. The pixel value in a depth image
represents the distance between an object and the camera plane. The range that the height of a person distributes is used to
roughly segment the candidate head regions. A frame-averaging model is proposed to compute the distance between floor and
the camera plane for determining the height of each person with respect to floor. The person’s height can be computed by
subtracting floor values from the raw frame. The circularity ratio of a head region is used to remove nonhead regions from the
candidate regions because the shape of a real head region is similar to a circle. Second, the HeDEMaG construction module
is to describe the structural and behavioral characteristics of a walking person’ s head. Kalman filter and Hungarian matc-
hing method are used to track multiple persons’ heads in each frame. In the walking process, the head direction may
change with time. A principal component analysis (PCA) based method is used to normalize the direction of a person’s
head regions. Each person’s normalized head image sequence is uniformly divided into R, groups in time order to capture
the structural and behavioral characteristics of a person’s head in local and overall time periods. The average map of each
group is called the head depth energy map, and the set of the head depth energy maps is named as HeDEMaG. Third, the
HeDEMaG-based multifeature representation and similarity computation module is to extract features and compute the simi-
larity between the probe and gallery set. The depth, area, projection maps in two directions, Fourier descriptor, and histo-
gram of oriented gradient (HOG) feature of each head depth energy map in HeDEMaG are proposed to represent a person.
The similarity on depth is defined as the ratio of the depth difference to the maximum difference between the probe and gal-
lery set. The similarity on area is defined as the ratio of the area difference to the maximum difference between the probe
and gallery set. The similarities on projections, Fourier descriptor, and HOG are computed by their correlation coefficients.
Fourth, the learning-based similarity score-level fusion and person re-identification module is to identify persons according
to the similarity score that is defined as a weighted version of the above-mentioned five similarity values. The fusing weights
are learned from the training set by minimizing the cost function that measures the error rate of recognition. In the experi-
ments, we use the label of the top one image in the ranked list as the predicted label of the probe. Result Experiments are
conducted on a public top view person re-identification (TVPR) dataset and two self-built datasets to verify the effective-
ness of the proposed algorithm. TVPR consists of videos recorded indoors using a vertical RGB-D camera, and only one
person’ s walking behavior is recorded. We establish two datasets, namely, top-view depth based person identification for
laboratory scenarios ( TDPI-L) and top-view depth based person identification for bus scenarios ( TDPI-B), to verify the
performance on multiple persons and real-world scenarios. TDPI-L is composed of videos captured indoors by depth cameras,
and more than two persons’ walking is recorded in each frame. TDPI-B consists of sequences recorded by bus-mounted low-
resolution time of flight (TOF) cameras. Five measures, namely, rank-1, rank-5, macro-F1, cumulative match character-
istic (CMC) and average time are used to evaluate the proposed algorithm. The rank-1, rank-5, and macro-F1 of the pro-
posed algorithm are above 61% , 68% , and 67% , respectively, which are at least 11% higher than those of the state-of-
the-art algorithms. The ablation studies and the effects of tracking algorithms and parameters on the performance are also
discussed. Conclusion The proposed algorithm is to identify persons in head and shoulder sequences captured by depth
cameras from top views. HeDEMaG is proposed to represent the structural and behavioral characteristics of persons. A
learning-based fusing weight-computing method is proposed to avoid parameter fine tuning and improve the recognition accu-

racy. Experimental results show that proposed algorithm outperforms the state-of-the-art algorithms on public available
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BF AT AR EB 5 U BE AR ML Z (] F) B B0/ )N , Sk 38 DXk
HOTR B (AR 2 Bl i o A P St B R A TR AR 32
U, 5y 32 B RS 2, HAT (AR . SR TSk
PR F 5 BT UG A TREAE P2 BT, 208 1 SR AR IX
WA, PR Sk B8 X I A2 1k L 3 G248, BT LAAE
B IS ] A AT A Sk AR XU BEA AR 1Y o SR
BRI ARSI TSR TR IR RE R A, DL AR
IS 3 DX 35l 1 45 # R AOE AN AT R R AR, B A O 7R
&l 3 s

TR IR B 3K A e 8 AT Sk 1 DI
1 2 UG AT NSk 350 DX ) A, SR I A 2 Sk AR TR
JERER A . SRR B R i AL A i i Ry -
TR 7R 2 I A AR U AL AT A S AR U, T
SKAR DA T AL, d5 K I T S Y TR B BRI [
MO T 17 91, LA 532 da Sk B R B g it el
3.1 SEREBGFSIHIREL

LA NGRS AR B 5 AR AL A R
IR PR A AR | 24 iy AT A R DT AT N
STk B 15 41 R0 SE R R R = R g, LR
TN

1) A FH R 7 2 0 ik 8 % R B R o 1 B 52 A 7
NIRRT, A A R

RETTRE: X, = AX,, + W, (4)
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Fig.3 Constructing process of the head depth energy map group( HeDEMaG )

WM 5. Z, = HX, +V, (5) H=[1 0 0 0] (8)
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16 B y il E AR s v, 5 0, ABIFOR kibZIf FOLE, BRER

NTE x Bl y b P B X, =A%, (11)
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B A SR H 53530
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L_|0 1 0 A 7 kB 204 A B A AR
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) 24 DT i 35 HEAT K008 SC TE ( Bewley 45,2016) , ff
NEFREAT AAE S BT L Z,

FOMRTIEE R T BT AL RH (b = 1,2,
B) A7 NTE b B2 B AR5 2, = [0 ]
BB FEA KX IR V(f = 1,2, F) B0
HERRH Coopyyy) B AT 2 0] 4 R B 5

dy = /(x, =2)7 + (v, - 7)°  (13)

T I S 0 XS 0 5 5 F A bt A A
55 B ASEAT NAE 24 W6 T A 2 ] TG G B
il Do FINALE ST b BT AL E = ]
DR R B /N TRE B8 B o, , WA WL 37 8 f A5 ]
B AT b 18 MR LS, B my, = 1, IR
TTRE, BT m, = 0, H5RKICEE BIAERE D b i i A (i
5 d, TR T RE AR M, BT M
(I EEA 5 my, 4

1 d, <d
mﬂ — { 'fb m (14)
0 HiAth
DT fi P B Ay
My e my, et My
M, =|m, - m, - my (15)
Myt My, 0 Mg =

XHRE M, SR8 RS ECERE F AL
5 B AT AL B X8 L AT A AH SCHK , DA T ) 2
BEALAT ANAE S FTWA LA E Z, .

4) RO E Z, Ab Sk AR XI5, AR 5 4
LR TRy CHR 21 3k B G 7 51 o, S A A T
NP EHEE IS 2718

5) BB R IR S AR P As, PAESEAT T — WAy B
Bio TN

X =% +K(2,-2) (16)
X, K, F0R b I ZIRRIR 30t R
3.2 LEEGFIIRFIE

TEATE R R, Sk ) Al e kAR A, X
AT E— 7 8 LN S B AL A, PRI i 0 K A &
BIF A EFIR R AT T 18R IE . (&1 4 R 1
FAT AR SR TR X7 1) 0 Bl TR ¢ ARG B

AR I 4343 BT (principal component anal-
ysis, PCA) S35 04T S A8 DAY 5 1) 5 1, 2 R0 -

1) B 33 DX R AT — A AL 5

0

1 A A A
f 1

| sgegP8%s

0 ‘
ta ta 1 tal ta,'\ [h
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Fig.4 Head sequence before normalizing directions
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F 2R RIRF I RS SE P, , P, e RPMY

3) i PCA S5 5U4R P, IARHIE ) £ 4
[0 7]
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o = arccos(e, ) X 180 (17)
™
5) R B TE e 0 B o Xof Sk 30 X PR 45

AT IT IR IE -
3.3 MEAMBREEREEA

ez Bl I R, A AR Skl DX Sk 2 52 3] 3 i
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AR R/INFIT T Bl 2 A8 PRI AR SCHE T 4
SRR 51 ) TR 32 RE B [T 40, LASRAEAS [R) f R]
Bk B X I 25 R R A AN T O A

HAE 1, ~ t, WAL BN BRER B A AT AR Sk B IX
S, RSB R, AR EE A ks o, ~ 1, P A A
R, AN A1, PR B 1] B o, ~ 1, AR5 R, 41 TR],
e 4 froRe 5 R O LWRA 1 A2, B e, ~
b, o Bt W ZIAT NI SR ER G 0 D, WAT AR5
r(r = 1,2, ,R) Wik uB R RERE Ay
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1
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1 3
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b, ~ by, Y3238 o (A s ] e B
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SR DI A5 A FEAE NSRRI o Herpy, 4 0 55T
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SFR U RS 517 N FRRBI 7 58 3l X UREE A
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[USUR PSP
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w,we,wy ] o WAF NFRGNZE R S (w) R
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EN P SUET
Sy T W5 22 BR800 40 10015 A 45 7 5K, 18T
VI 2588 A BT 2 >0 5 AR 0086 TR 1
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N
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b, L (w) R 5 g LR HRBIAT AR 52K eR 40
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=
(27)
NSRS 45 21N
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Zuzwmmmo—;wmeg>mx

(X8 (q.m) = ¥ 8,(q.5,))

A, 10) B8R sRAL, 5 AR IR A I, 2%

Rl 1, BN 0, B ARE & w A
w=w-nY VL,

n e R 0. 001,

(28)

(29)

6 LWS5HMH

6.1 HiR&

NT B AR A &M, R T ARITH
TVPR (top view person re-identification ) §{ 45 £E ( Paol-
anti 55,2018 ) Il F LAY 2 DEHEEE ST

TVPR J2& i Fl 3 B X RGB-D AHALTE = P 5% 1l
AOBE AR , £255 100 247 ARy 23 S 51, I 2k
A P AT Nz gl J5 A e 23 0) 23 BER Ty
640 x 480 153 , Wiy 30 Moi/s , LA BERZ2h 2 000 s,
[ii) —Mf ] A ACA — A NFETE . RHPIL A 22 2 e BE Oy
4 m, FFATLIEE W 4. 43 m x3. 31 m B XI5 )R
/T TVPR Bda g g o i B

KIS  TVPR i g pil1&l
Fig.5 Samples from TVPR dataset

TVPR Bl SR 2 AL 00 B 1= N I3 %
fao T REZ N\ 5 05 b b 5 v Ak 1k
fE, AL TR, - D EENZ AR HRE
(top-view depth based person identification for labora-

tory scenarios, TDPI-L) , 73— ™A br i 5 8
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15 4E (top-view depth based person identification for
bus scenarios, TDPI-B) , UN& 6 fi7~, SCHG R FHERE
FABL, 2 BE 40 2.5 m,

(a) TDPI-L

(b) TDPI-B

K6 A EEERERD A BURfE
Fig. 6 Samples from self-built dataset

((a) TDPI-L; (b) TDPI-B)

TDPI-L 2 F Kinect v2 FHHLAE 5L 55 % S 1l
FRRF R B 4 , F0 25 31 24T A 20 AR ¥ 51
YRR AR AT NaZ sh 7 AR o 45 1] 53 3%
B 512 x 424 (R R, WiF Ry 30 Wi/s, A AU K
JEAE20 ~ 60 s Z (0], o] —Hf [ N E=ADA 2 A~ A
FELE S

TDPI-B 2 B~ TOF FHAL 7 3 7E A 58 41
HEH PR TR B SR RR S B T AT A
50 A HUA 7 5o I 2 4 R 4 4 ) B AS TR A
TOF #H #L 5% i, iz 2h Jy [l M o 25 18] 43 B R N
160 x 120 122, W2 Ky 30 Wi/s, B A WA K B 7
30 ~90 s Z[a], [f]—Hf A N F0H 2 A AFFEE

TDPI-B % 4% 4 3 ¢ &2 4%, Wi 43 Pk R G AR F
TVPR FI TDPI-L %48 4 b i) i 23 B 5, Bk iRt o
iy N8
6.2 iLMIEtR

VAL (rank-1) J2H8 FFAT 91T A5 2%
T2 J25 H AR DR R e R SR DR L ] 6947 8 T[] —
MWNISL E  )

ro= A (30)

K, NAREEIRIT AR BEL, P, FRORE WML ¢
AT N2 A VT Be s 2, iy P,o= 1, R MU
P, =0, b, AT LA SEHT & A7 VERCH, | & fL
VEFC A6 R A T R AT A BETE Mo i 22 vh AR R B Y iy
kAT NP HRB R BE AR . W RO RT & AZVE R A
rank-1,rank-3 ,rank-5 4 f% rank-10 %,

24 UL BL il 2% ( cumulative match characteristic ,
CMC) to & —Fhi HIBPEM Fa b , B AR AR A Bk &, 90
AERRONHS b VERCAR rank-k , f1 2k B READ SRRA
kAR R R PR BNE S RS, CMC
LR A A5 SR A RE NS R BB L O 45, s
SRR CMC |l 0T BE T, 2 o 1 iy ) 530 12 1
AEBT .

7 F1{H (macro-F1 ) & FI R i it 2 73 L Y
G0 B2 1) — b Aig b, e A 28R FL (AT
SRR UM ks SR R I AR
o Hrb F1E RS 28 MRS i 5 A 1] 32 1 34
FAF- X%, macro-F1 Ay {8, B 125 1) 1A g
g T8

P HIREI AR ] 2R 2R T S R
Pt 1], AN, 5 I SRR R AE S IR S 800 > I T
6.3 Hiklkse

N T B UEA SCRE A R B A Sk S
ARE 556 5 J7 ’4E (top view depth and color
histogram , TVDH ) ( Paolanti %§,2018) . &g &= E
( gait energy image , GEI) ( Han £ Bhanu,2006) %%
HEE 1A FH ( gait energy volume, GEV) ( Sivapalan %,
2011) PR FE AR B B 7 8 & K ( depth gradient histo-
gram energy image, DGHEI) ( Hofmann %, 2012) .
Gabor J5) # — {H #% 2, ( Gabor local binary pattern,
GLBP) .Gabor &5 5085 2 ( Gabor local derivative
pattern, GLDP ) ( Imani #l Soltanizadeh, 2019 ) £
TVPR %45 £ \TDPI-L ¥4l 5 1 TDPI-B %454 it
Froesy ., Arf SE e 7E MATLAB R2016a f- 5 |58
A PLES B & o~ 3.10 GHz Intel (R) Pentium (R)
CPU G3240,8 GB RAM, 55 unk 1 M® 7 s, H
T TVDH 2 80A S AR AN 45 A 0 Fahr i) B
PREUEL, BT ATERR 1 iR . SR 1 FIR 7 W] LU
Bl A SCTEAER R RE B A A AR AR
SR PLH ABTE P IFERT B st 1) GET 5311y

18 37 ms,
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1 FEFTABRANEEREER
Table 1 Performance of different person re-identification algorithms
e e TVDH GEI GEV DGHEI GLBP GLDP A
rank-1 - 0.21 0.35 0.51 0. 42 0.53 0.75
rank-5 - 0.38 0.59 0. 69 0. 64 0. 68 0. 86
TVPR
macro-F1 .83 0. 36 0.55 0. 68 0.58 0. 65 0.84
S HHET/ms - 120 126 138 142 168 157
rank-1 - 0.21 0.31 0. 46 0.43 0. 49 0. 69
rank-5 - 0.28 0. 64 0. 67 0.58 0. 69 0.79
TDPI-L
macro-F1 - 0.24 0.59 0. 65 0.54 0. 67 0.76
SEHEERT/ ms - 127 132 146 157 172 165
rank-1 - 0.19 0.27 0.44 0.35 0. 46 0. 61
rank-5 - 0.25 0.43 0.57 0.46 0. 62 0. 68
TDPI-B
macro-F1 - 0.23 0.41 0.52 0. 42 0. 60 0. 67
FHIFERT/ ms - 131 139 147 159 178 167
IR AT B s -7 RSSOk T A 45 AR AR
1.0 — 1.0 — 1.0 ——
< 08) zEFTET I <08 S
- 77 - A g : =< .~"'./'/
g 17 g S g & 2
- /o — S — r
5 0.6 i 5 0.6 7 5t 0.6 .
: GEI & 5 & A GEI
Ej o4 DG 2 4 Gy = ~ BohE
&, ~— GLBP N Ot | B, . GLBP
: GLDP : ~— GLDP 1 GLDP
AL A AR
0 20 40 60 80 100 0015 20 25 30 35 40 10 20 30 40 30 60 70 80
Tk Tk Tk
(a) TVPR (b) TDPI-L (c) TDPI-B
B 7 ARIEAE 3 NMEERAE i CMC ik

Fig.7 CMC curves of the proposed algorithm and other algorithms on three datasets( (a) TVPR;(b) TDPI-L; (c¢) TDPI-B)

5 TVDH ,GEI ,GEV .DGHEI ,GLBP fl GLDP &
A EL A SCRIE A A T DARAE 25 F R AE A 75
REAE 1) Sk B R FE i et I A, IR AR BL SE Atk 4RI AR
FERFAETT A ABUEE , 5 He A0 5% o6 B dme /N 1Y H btk
FrahA , NI A R0 A F Rl 1) 22 R0 A DL S 30
FFNFRRA . L, A EEBLUA 103 T IR B AL AT
NTFFRGE S A SRR AR R B K P 91 B
A — B FEAR HER N S 58 ZE 5L b sz 5t TDPI-B
B £ vt B U R g (A 1R 2
6.4 REIEXMEEEHNZIT

TDPI-L 3245 F1 TDPI-B %4 4 v 7] — b i)

A2 D NFAE, BT RN T 3 A BB X SRk 1 fE
Rz Ay FIAZ A SEE I 25 ( kernelized correlation
filters, KCF) ( Henriques 45,2015) & [a] 5 % 2% 1) 3
FH B 5 IR & ( generic object tracking using regression
networks , GOTURN) ( Held %§,2016) . &R A it
2 (Markov decision process, MDP) ( Xiang Z%,2015) Fll
ORI AT IR, O 2 R AR B BE A i
FEATIUN, SER AR 2 i o
N SE5G 25 2R pR] LU AS SCHE R TR R 2K
B AR B 4, MDP ¥k 2, KCF 1 GOTURN f
RORE 22 RSB AT N 5T AZE T NS H
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®2 REMEZMERERRME
Table 2 Tracking effects on the proposed

algorithm performance

GOTURN

A ETTE S 17N KCF MDP  RIRE

rank-1 0.23 0.36 0.49 0. 69

TDPI-L.  rank-5 0.33 0.41 0. 62 0.79
macro-F1 0.32 0.38 0.57 0.76

rank-1 0.20 0.28 0.46 0. 61

TDPI-B  rank-5 0.24 0.37 0.53 0. 68

macro-F1 0.23 0.34 0.51 0. 67

T LT A B T I L (L

S Z A Y X 23 BN, fdi 43 KCF GOTURN FI MDP
SEIRER L RIE RS . AR, ROR BRI EA
P EAR B TR G I RAF . DR A SCE 4%
ROR LR IRER , IR ROAT LR )51, A
TR S8 TR 4 A R A R 7 A A 19 K 30 4% T2 g
HEGS
6.5 KEHXEIEMERENR I

T oy Hr R R RO AR SCAE I B R R, AR
TVPR %didk \TDPL-L Zdls 5 Al TDPL-B Xdfade o
BT T 0-1 45 5% bR Kl A8 U5 2% pR BORIAS ST
TR sRBUPERE U, 25 R ANER 3 o IR 2%
SRl LA AR SO 48k eR B R i, 52
SURR R BREOR Z,0-1 45 K I PERER 25

R3 EWMERFEXEEFE
Table 3 Effect of loss functions on the

performance of the proposed algorithm

LG S EEEL 0-1 #842K SR A SR E

rank-1 0. 69 0.73 0.75

TVPR rank-5 0.78 0. 82 0. 86
macro-F1 0.76 0. 81 0. 84

rank-1 0. 60 0.67 0. 69

TDPI-L rank-5 0.74 0.78 0.79
macro-F1 0.71 0.75 0.76

rank-1 0.53 0.59 0.61

TDPI-B rank-5 0. 61 0.67 0. 68
macro-F1 0.59 0. 65 0. 67

TE LT A B T e L

6.6 BSEITHEEMERZIN

6.6.1 SKEBIREERERE I MLIEL R, X MERER 20
R T B UE SR BE e [ ) 4L AR R, XA U

Pys2 76 TVPR $4di4E \TDPI-L %45 45 F1 TDPI-

B34 4R b3 AT R, BOAS [R] A T 3K, 1 ¢

rank-1 P2 ALIEAL, 45 R WK 8 FrR .

0.9 T T
—&— TVPR
—S— TDPI-L
0.8 TDPI-B -

0.7

0.6

45 1PCH Frank-1

0.5 F

HHER,

K8 R, fEXTEENERER
Fig. 8 The effect of the parameter R, on the

performance of the proposed algorithm

LB ZE R AT DA Y SR B e I Y 4
R, A 1B R R, UL B 2085 BT AT A
SR EMG AT B, A AT A Sk BRI 3 1 REAE
KM DD R 2ERK . (R, SRR R 2 [ i 4
R, AL KBS, rank-1 W25 — & TR R, Hid K
B, 20847 NS G T 50 4y R 2 41, 15 s
£ B G2 BN TR SE . 2SSk TR B g = A
HILHEL R, Jy 5 W, R R
6.6.2 FRHEARDL XS SR RE A 5

TG A A FRERE AR EE B9 AE T, 7E TVPR 4%
P4 TDPI-L %% 4E F1 TDPL-B %t 45 1 45 Wil {d
UREEFFAEARLEE S, (I FURRAEARLRE S, (BRI
FARLEE S, ELI-HEA T AHRURE S, Fl HOG FEAEAH
U S, ST AFHRS, 5 5R N 4 PR, MR
5Pl LUE L HOG FRAEAHLE S, AR I,
FHL R AU S, IRZ, TREERRIEA LR S, .
T FRAFAE A DL BE S, A2 AR AE AL BE S, bRk
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Table 4 Effect of features on the

performance of the proposed algorithm

Baske  HEtx Sa So S, S S ML

rank-1 ~ 0.28 0.39 0.31 0.46 0.55 0.75

TVPR rank-5  0.46 0.45 0.51 0.62 0.69  0.86
macro-F1 0.44 0.42 0.50 0.61 0.68  0.84

rank-1 ~ 0.26 0.38 0.28 0.41 0.54 0.69

TDPI-L.  rank-5 0.31 0.44 0.36 0.49 0.64 0.79
macro-F1  0.30 0.42 0.34 0.48 0.61 0.76

rank-1 ~ 0.22 0.25 0.32 0.39 0.47 0.61

TDPI-B rank-5 0.27 0.34 0.38 0.43 0.54 0.68

macro-F1 0.26 0.32 0.36 0.40 0.53  0.67
T IR R B AT SR LA

1£ TVPR %4/ 4 .\ TDPI-L %45 45 F1 TDPI-B %545 45
0 A AN ) AR ) AT, 25 AR gk 5
FTR o

x5 ARMNERENE LM
Table 5 Effect of fusion weights on the performance

of the proposed algorithm
b46/ 1 SR LY
rank-1 0.56 0.60 0.75 0.64 0.68

HAE1 AG2 A3 Af4 455

TVPR rank-5 0.63 0.71 0.8 0.75 0.74
macro-F1  0.60 0.68 0.84 0.72 0.73

rank-1 0.54 0.59 0.64 0.69 0.51

TDPI-L rank-5 0.56 0.67 0.72 0.79 0.62
macro-F1 ~ 0.55 0.64 0.70 0.76 0.60

rank-1 0.51 0.54 0.58 0.53 0.61

TDPI-B rank-5 0.56 0.59 0.66 0.63 0.68

macro-F1 ~ 0.53  0.58 0.64 0.60 0.67
G LR B4 T IR LA

HRAE AR SCR VA AE TVPR [ TDPI-L 1 TDPI-B [l
£ EIATHISER, A w™ = [wy,w, w, ,w,w,]" =
[0.14,0.11,0.20,0.32,0.23]" B}, TVPR ¥4 I
4 AE B ;o wh o=
[0.18,0.22,0.11,0.17,0.32]" i}, TDPI-L %4 4E
RN wo o= [w,w,,0,,0,0,]" =
[0.12,0.13,0.20,0.22,0.33]" i}, TDPI-B %i#z 4

[w(hwa’wp’wf’wh:IT =

BRI AE N

P w = [0.20,0.20,0.20,0.20,0.20]" KL
1,w = [0.30,0.20,0.10,0.20,0.20]" K44 2,
w =[0.14,0.11,0.20,0.32,0.23]" KL 3, w =
[0.18,0.22,0.11,0.17,0.32]" K4 & 4, w =
[0.12,0.13,0.20,0.22,0.33]" 44 5, Hip, 4
G 1 RS FREAR LB AT A, A 2 2T
TBEE RITE TVPR 84 \TPI-L £4fi 42 Fl TDI-B 4%
P PR R B B A — A A ) L A 3 R
TVPR ¥4 i, 415 4 & TDPI-L $#iE 4%
WL, 46 5 & TDPI-B 5864 L (W LA
PRI A ] 5 7 TVPR $#is 45 \ TDPI-L %4k 4
A1 TDPI-B % #4fs 45 L b AT 5050, S a5 Rk 5
FiR

ASCH P AE TVPR %4 48 L TDPI-L %415 48 il
TDPI-B %4 48 119 1551 R0 35 40 il A i 30 A
fiby 4 Fp 4587, PT D0 282 A5 AR 2 37 1) (1% F 4B EE A
] i B AR T 5 2K eR B /N 1) B AR K DR B RREAE
AEARLEE TR AR AH L EE 4% 52 RRAEAH RS L Bt
TR AR A HOG FAE AR A TRl SE 1
AR A R

7T & B

BERMIF LR BE S H 90, A SO Y T — Rl T
S BRI RE R B4 1 2 RHIE s S AU = AT 94T A
BEYUNFE, BEOPIRAHE MR RT A CKTRE
FFIE 517 9 FRPIE A Sk 0 R S5 BE i B 4, 4R IDUE & 11K
IPHEARAT NSRRI TR BE TR B0 8 T A
A5 10486 B .05 B SRR AL, 2 > R AR ARBLE il
WERE . AP EN AR ARENEANZ
NG USRS 2 br 5t 3 A Bdie 4R B
SEYEE SRR A SCRE L T I R A
TR R85 (WAL RN 5 MPEREL
HH A

HI AL B T AT Ak BB S5 A F0AT A R AE , A
SCRAETERE D) 3 3k MR M W) 2 AL RS2 R, LG T
— BT, WG LA AR L K R Fr 9 A A AR Sk 0
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