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Video-based Person Re-identification Method Based on GAN and Pose Estimation

LIU Yi-Min? JIANG Jian-Guo':?2 QI Mei-Bin' 2 LIU Hao® ZHOU Hua-Jie!

Abstract As the government keeps attaching importance to public security, non-overlapping viewsheds surveillance
systems have been deployed widely. It has become especially important to recognize pedestrian target through matching
cameras with different viewsheds in nowadays. Deep learning relies on big data to solve overfitting. However, the current
video-based person re-identification only has small data volume and homogeneous learning features. To solve this, we
put forward a method to improve person re-identification based on the video. This method can increase the sample
quantity by generating video frame sequence through generative adversarial network. It also adds the feature information
of the pedestrian joints, which can improve the model efficiency. The experiment result shows that the modified method
discussed in this paper can improve the recognition rate of public datasets effectively. In the experiments on PRID2011

and iLIDS-VID, Rank 1 attained 80.2 % and 66.3 %, respectively.
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UL IS B, AEARAEAT A TR 51 ek
IBFSE R H at 3G 00, SR 2 25 (Convolutional
neural network, CNN) {E A4 AEFE RS H ok B 32
SHEAE, SCER [1] $245 T FIH Siamese M 25 #6474
BH2E ], RVCELAID /AT A SCHR [2] R
1842 M 2% (Long short-term memory, LSTM) 5] A
Siamese M %%, X147 N EUR#EAT50%], H LSTM 4K
YA 45 DS 2 ] 1) 2 () 9% 2R, 345 55 I 245 1) 41 ) g
J7. Liu 260 31— N33 i 0 21 R

P2, i ] LSTM A 5 A 1 e #0E J J) BYRRAE,
FEECEN 2 /3RS S, AR ST AR
EEVERE. T SEBR IR AR K, BT
A7 TR B ARk #5256 3. Wang 261 211
1 —A XA B B 7 v (Discriminative video
fragments selection and ranking, DVR) HEZL T
AT NFFHI, A M B i 2SR AR e PRk H 3 &
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BN A B T SRR AL By, SCHk [5] A B3 B
(1) Fisher 31514 B 2 fif e AT 53R 0 7] @ ST
wk [6] ) A AR AT = T A AE YIS0 2% > 085 PN R
LR AL [R) FE S R, AT v T 1 v R
SCHR (7] AL T B ARSI EREAY, A DAL Y
M B AR b (25 %78, McLaughlin 256 $71
T B2 W e B R AL, TEIR M2 M 2% (Re-
current neural networks, RNN) i Hi i 5 i i) i 23
X R EHE SR A Siamese W45, BUE TR 19 5256
gh AL Sk 9] i LSTM M 2% ATE IR Iy Kok 2
A AREWUIAT NFFAE. SCHER [10] R FH o 31 it B UL 94
2%, PRI T AT NE R RRE Iz 8l B SUE Bk S
P, SCHR [11] 7 SCHR [8] By BL Al b2 B 1
CNN FI RNN by ipLl, AR =S A E
FU RYE RSO E BURAE, 48T T RMRCE.

2014 4, Goodfellow Z&12 $7 1t 7 Ak B o 471
#% (Generative adversarial networks, GAN). 4 A,
KT 28 ST — N SBAIEZE BARR 5 &, g544 5
MRy, AR M 4% (Generator network, G) Fil
5] M 2% (Discriminator network, D), A= il % 2% 2
BB BN E g, SR AR, T
S0 19X 2% D) 0 DT AR A 1 e A ) % A B ) i 2
KB RN, PRI A B34, fa H R
To¥E R N 25 s 4311 A AR B o A, AR L
Jih 2 R SRR A, I se sl 2k, S e
TEPhE R A, GAN W2 HA R H. Sk
[12] 3 H A 15 ok 8 22 1) 35 T AR JORTHE I 245 (4 4T
FEREPE S, SCHER [13] KF GAN §7 /g %| 7 CNN g2
i, 115 GAN By ZRsailfe e fnm] 5. SOk [14] 78
Jidf GAN [ERE EANA T IE WG R, (154
[V Tm) o AR 28 T AR . SCHR [15] SR A3 214k
SR, 256 B G PEhr i 4 5 38 SC T P AR A A
/b GAN BR8] B N A FIME B, BI85 15 2
Tt AT RED GAN BIAU AR ISR ME . A AL
A I E P R pR BTG YA TR A N SR BERR L 2B WU
A Z Z RS ), SCHR [16] SR Earth-Mover
PR T JS (Jensen-Shannon) % kAl 7 F B9,
TE T Bh AR A 5 2% 0L A i A% 4 /)y Wasserstein
PEES, BT A s 5 B .
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AR A2 AH S AEAE R, H XN [FFRALE I T 2y
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, HFEUS T AR ST SRR [21] B &M
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H w7247 N R AR 5, KR e N K
B AR A AT NI R . s
FIAT N B FIUR & () BR 2 R A BT M 25 PR g 1Y
PEE. SUHR [23] 4 T Fh AR AR AR ) ) 5 i
2#:>) (Semi-coupled low-rank discriminant dictio-
nary learning, SLD2L) 773k, f#40 BER E AT A
TN AIBESE. Zheng 4524 44 BT 2% I
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SR 28 AN RE B AR 53 Ab— B A IE) s, SCHR
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T NICECRAS3] T Wt

AL HARFETHRLHWNT. 5 1 g
SCHE A A 2B U ) 45 RN S AR T AR AT AT A
FRRBIE; 5 2 WA EA SRR AT N R
SR AR E e, 58 3 RS A S A M SRR

1 FE S BRI MR E S T RIS T A
BIRRA G E
L1 @53 x40 o 48 T o A SE AR A%
SCHR [27]) R T —FhE B2 ROES (WL 1)
SEE L UL 28 X U ZR 053k, TR T IR Bk

JETE A5 K bR BIOR ARAEAE T 5 I L. S T s A R
FEFIH AL BTty SR (8 73 B B AR Ok, R T i i



578 H 3l 1k

% 46 4

~=
5
— Network

S atsize b - -
Xz L
~ N ' J G A -
Xm h_ N\,m-/Olk Unsample — *
- | atsize - |
v, —b—b
G, :

K1 ZRIELH
Fig.1 Multi-scale architecture

W B, i 4 IR B8 I H 5
BEA. LT 4 7 A2 A A 4% A Y T
B AT AR N

Vi = Gu(X) = we(Yi1) + Go( X, up(Yi1)) (1)

Hrp, k RhRRARR R A B RS, B BEM 1
2N 4, R EM AR ST 4x4, 88, 16 x 16 #1132
X 32, up FONEIBIRFER] B RS R/NYEE, G,
TR ABEIRNF A b RO AR, Ve 3R
A SR AT A b RO ) I AR A A
D g A\ —F 5N EHE W, T RINGR 5P 900 B G
—i R EHE RGN E G ARG, [FECN T %
JEA AL HOR R RSP 22 4k, D g B A e
B EZ RESEFMZ. G, D 24, 6 HBEL
16 N B (Stochastic gradient descent, SGD)
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H

Nscales
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L(X,Y) = Xaav Lo (X, Y) + A, L(X,Y) +

Agdngdl(Xa Y) (5)
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Ly(X,Y) =1,(G(X),Y) = |G(X) = Y|, (6)
Lgar FRHh
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N a
IYij = Yio | = Yi; = Yio,l| +
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YRR AL IABBIE 227k s B o AT 00, |
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Fig.2 A sequence of video frames generated by
GAN (last five frames)
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AT NIETRE RS 732K
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H BIEARAT AT TR AR AIE T 2 o 28 0 2% 3
I D PRI DG 3T PR A BURRAE, 1 mT DABR BRI AT A
23 6] E R AR, JEiie EIE P 5 R R AR TE]
I 28 A DA B RH @Mtz ] FARH 2 4 SR £ 21— it
55 Y HIWT (A AE A0 B 26 R B B TRLRRAE. FRATTIA
IAAT N K5 w0 — 4G RORFIE 235 Bl ) £ TE 7
432, PR AU AT AT A AR IE B, W DA
FEHE] AT iz shry i G B B R 2% 70 25, ey
Th W 28 53 51 U AR R, SR T ST Ok
b2
SCHR (28] HESCHR [29] MUESRE BT T BB
#l (Convolutional pose machines, CPM) H¥:, &
R T A AR R P 282 2] R G A AT [ 5 TR Y 25
B 45 B R R P B AT AT 55 AT 55 il K1 8
HA p, KRR Y, KKK, Z FRITA X

P Pooling

C Convolution

TR SR G, 742 VY, € Z, SR H 2T
p RS Y.

B 3 (a) H O T B A B A 455 0 BEAT JRy R 93
W, G T EAERERZMIA 1«1 fERZH
JICH) I 245 5 R, AL ) 285 4 o I I ) 0 1 1] 0 31—
A p+ 1 RN R, FoR T IR IXI AR Y
AR EE. B 3(b) PR T Ja 2ER 45 1) £ s
W 28 AL A5 3 B 1A IR AR B S I — B B
AR AE SR R EMR R SCZ AR I Had
RRBERGA (11« 11) e Il 15 Uiz B i R
JE, A5 Y R BRI BE REB RS E, SR T A
RKAT IR BB B R AR AR — Bl 2 9 BEA W 45 45
ta, R 7 7 1k I 5 A B A il A v A A A A R
KBS, M SAERAH BEA T E (2, A3
HTaER S [ LR RE T, ESR A AR ETH Ok RSB B
AL S5 R A

P+1
=3 > b)) =), (®)
p=1zeZ
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IPn | gvg 2% 9*9 2% 99 | 2* 5'5 99 1*1 11
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(b) Stage=>2
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Fig.3 Structure of CPM algorithm
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Ho, b7 F7n CPM MK E5 RN BE ¢ it i) 5%
TRl p WEAFIE, b8 R I ot B AR I E
SERAT AL p M A A T K R B
Bt LA s O BEAME R B P JT iR 22

A~ CPM itk e Berm =X (9), RIGEA
BrBe t MCAL ek B B . 26 A AR e BEHLBE T
Wk I A 0 2% P RE

F=Y ft) (9)

t=1

SCHR [30] BT CPM Bkt T —ME 245
SR 2 NS F ¥k, Rk T s BRI
Z N5y EONHERY )8, e HE MPIT A1 MSCOCO
Keypoint %&TE%J:%B%%T?E%E‘J?&%- ) £ 25 44
FEHHNLE S K (Part confidence maps, PCM)
AL ZE AN, (Part affinity fields, PAF) 44i%, #
I PCM (a5 575 A PAF 815 A~ K45 5
Z B, i e Ee VTR Oy =,
A RATRL, IR N

H A T AR BB AR TR I T M bR

Classification

T I_. Siamese cost

Attentive temporal pooling

[ .

25, R SCHk [30] 95k AE MSCOCO Keypoint %%
P LI gk, W LASRIFZ 18 18 AN AT Ak
TORURRAE. QA 4 B, EARAT NIESHa sl
W31, T F R AR _E B A ] 1ok W] AR A
KA —HE R A, W LAE ARG A - m]
MALHAT N 18 ASKATRUF B, Tk AT AShER &
SHPFFAL.

FERIIRLAAL

K4 CPM SRR INE A4T A KA s AE
Fig.4 Pedestrian keypoint features detected by

CPM algorithm
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Fig.5 The structure of integration of GAN and pose estimation algorithm
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FRURE AR OO 40 9 % 25 ) — it i) 4%, 88 1.1
T (5) VERIRALAESS, TEHERIAA R, N WiE4,
A U G RHAT E 7 9 AT N B bR s,

F! 2. FIME 1.2 R 3 5 g BB A
X (8) A1 (9) BIRARAE X0 7 A A T N F5-3R
SRR L AT NARZESAN T, SRAFEIREE AR AT
N RAT R — 45 BRE.

F8 3. FHZE 1 ¥ i AR HE 5
EFLER 2 AN BHRET AMEXTTENERE, 5
YUV ite = @8 AL a4 ey 6 A K1G,
JH I - 23 & T 4% (Attentive spatial-temporal
pooling networks, ASTPN) #7432, FRELSLI 45
5.

2 SSWMKSER

AATE A T A NFERNE T T EE YRR
T D0) T S b BT 05 A BB 4, IR T A
AEAEAN R A LS B 4 S g R, F S
A AT N FR AR eI v pe b AT 1 LA, 404
TN BIHTER S 43 IR SR R R R AR R S ). e
AATAHT T AR BT T R 25 338 U 7 AR ) TR R
PERE RS2, 15t S5 e M BE IR B e . 3¢
o ) B2 56 38 33 Torch i1 TensorFlow HEZE sZFj, fif
PSR HIHE 2 15-4590 (3.30 GHz) 1 NVIDIA GTX-
980TI (4 GB) fiy/ A HLI.

2.1 MR BIRFIEE M BE AT AN

A CHE PRID2011 #1 iLIDS-VID #4547 A\ F-
THRIECHE 4 B AT SR 0 Sk, BT ocik [11]
TR, REAAT N FRR A5 R4 AT AT REAIL 43
AT E T, — A RINGRE. 75— R
WA, BT FEAAT N TR B s 4 A 4E
(Probe) A7 A8 5 (Gallery) F#31 £ K 7
FEI, BT ATEN SR AR rh B ) SRR R LI e 45 K
= 16 MEZWIR T 75, FENEE R, AT
1 S AL, K56 2 ST IT AR
. R —MT Ik BEEIL 1 1175 HE A
BB 2 09770 FT _LIERAT AT RIARZS, 1 T
NRIHRZE R B AR ATERAG L 1 FEEAL 2 7%
FI). IEARZE R N AR 25X 28 3 PRl A5 1 i 2 0 1 S
KN ASTPN [ 2%, {584 58 4 DX 43 1 6ff VT FC AN
BRVLEE. S5 R A S AL DT ELRRE i 26 (Cumulative
match characteristics, CMC) 3k ¥4 53 il 14 BE.
CMC 555 H F R FEA R AL T 17 A VS LAY AR
LS R o E — AN P B S AT N R B
£ (FRBHL 1 ARGl 2), BRARCRCRRE h LAt n)
TEAT NE BB AL P I R R R4 T agiT A,
Al NIRRT P BRI A SR 1 .

TE H AW, FRATA M & VUL i HE B SR A 2
%—PULftE (Rank 1), FCFRATHE SL5 R FERFEE
— VCE R e Al ByAE PR R AR E R o A .
SEISRF SRR AR S AR EE A 10 R, B 10 WRAY
SEYIEAE M % SR ) 45 5.

2.2 HEARBUEE LRSLRER

2.2.1 PRID2011 ¥iiE&E

PRID2011 a4 385 M1 AT 51 %
BB A, 7 749 M7T ANSUT 5k A #REAL B.
H2 A 200 A A B e 5 5L, B4
T N BEAE 5 B 675 ANEURWUREE, 51T
NAATIE A 100 i, A EPR4E DIt 24 541 3K
B, B RSN 128 1823 x 64 18R K.

1 W T ASCREE ) R PRID2011 504
SN T HoAth FYA B2 BURRAE DT C i Ze g % B, AT DA
B A SO AR ERST ASTPN FH At BT 4045
FIAT NFRR B vE Rk Uk, Bl AR Rt F CMC
Rank 1 iR 512, %} Rank 5 iR B G HF. %
It ASTPN 3%, IAE ZHEARFMEHEN (S B2k
Rank 1 #2747 3.2%.

1 REEELE PRID2011 B4 FRiRs=R (%)

Table 1  Matching rates of different methods on
the PRID2011 dataset (%)

¥k Rank 1 Rank 5 Rank 10 Rank 20
AFDAI] 43.0 72.7 84.6 91.9
VR 41.8 64.5 77.5 89.4
STA!"] 64.1 87.3 89.9 92.0
RFAPI 64.1 85.8 93.7 98.4
RNN-CNN] 70.0 90.0 95.0 97.0
ASTPNI1] 77.0 95.0 99.0 99.0
ATk 80.2 96.0 99.1 99.2

M 2 BIPAE H, 75 PRID2011 ##ia4E i
Az ORTTE I 45 2B 7B 22 1 R 28 I RE AR RIS I T AT A
KT RRHESE B, #OAT ARSI Rank 1 A
PEES, AT 2.2% A1 1.6 %.
2.2.2 iLIDS-VID ¥iE&E

iLIDS-VID % 4E 2 MAILIA I 194 TC B S A0,
PR BAL P B 04T N 8. B4 by
T 300 SARFEIAT AEY 600 A B AT 51, A IRAT
NBFAI 751 50 BIR SE THRARAL 1 AR 2.
TE B S T BT AT 51 I K B AE 23 %) 192
A BRI, BT 51 - il 73 i,
B rp B IEE 42495 KR, BdEEREE T A
5N Z A IR ZBEA R, AN A $AR LE Z Fn AR £ 1Y)
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%2 RFEYAE PRID2011 $ifi4E EXHRBRA M (%)
Table 2 The influence of different methods on matching

rates based on PRID2011 dataset (%)

T Rank1l Rank5 Rank10 Rank20
ASTPN 77.0 95.0 99.0 99.0
ASTPN+GAN 79.2 95.3 99.2 99.2
ASTPN+KeyPoint 78.6 95.1 99.1 99.1
ARSI 80.2 96.0 99.1 99.2

A, BRI S DA AE I RS 55 00, 5B A
Bk TR KPR

M 3 AL, ASCHEE T iILIDS-VID %
SERAEMEBE LA T, #F Rank 1 #2753 66.3%.
FI#T ASTPN A3 4.3%, Rankb {27} T
2.4%.

%3 RRISIETE iILIDS-VID #dlide LRy (%)
Table 3  Matching rates of different methods on

the iLIDS-VID dataset (%)

Tk Rank 1 Rank 5 Rank 10 Rank 20
AFDA] 37.5 62.7 73.0 81.8
VR 34.5 56.7 67.5 77.5
STAIM 44.3 71.7 83.7 91.7
RFA®] 49.3 76.8 85.3 90.1
RNN-CNN 8] 58.0 84.0 91.0 96.0
ASTPNI[1 62.0 86.0 94.0 98.0
AR 66.3 88.4 96.2 98.1

M4 ATAE h, 72 iLIDS-VID #fiade b, Bk
(T b 5 FE AR SR PR REA PP TT, 205K Rank 1
12T 2.4 % F12.5 %, Rank 5 427 1.5 % F1 1.5 %.

4 ORFEISELE iLIDS-VID #nde EXHRRBIZE i (%)
Table 4 The influence of different methods on matching
rates based on iLIDS-VID dataset (%)

WiRis Rank1l Rank5 Rank10 Rank?20
ASTPN 62.0 86.0 94.0 98.0
ASTPN+GAN 64.4 87.5 95.1 98.0
ASTPN+KeyPoint 64.5 87.5 96.1 98.1
ARIHHE 66.3 88.4 96.2 98.1

2.3 HERRMIMKIBITER N K E R X5 E MR
AL B
S BR, A A A BT T I 26 R A AT N PR
SR AE B, BT A8 AR R FE AR RO AT
THIH B A B AR AE VE B Bl 264 . PRID2011 %%

P, A 200 XA AT ARSI, N 2
BEAN P 51 AR SR I 28 00 P 0 U 7 A P A B R,
B4 N x 400 5kK f. [F#, iLIDS-VID
o 4R AT 300 XA BCILBAT N BRI 51,
HIRE L4 N x 600 5K fr. £ 5 MK 6 40
S5 T A SO AN N IR/ PRID2011 Al
iLIDS-VID i B5ATERE M, HH A TAT A
KA R — A5 B

5 AT NPULIE IR B R K% N % PRID2011
Hnde BN (%)
Table 5  The influence of the number N of pictures
generated recursively by each pedestrian trace on

matching rate based on PRID2011 dataset (%)

N Rank 1 Rank 5 Rank 10 Rank 20
1 77.4 95.2 99.0 99.0
3 78.6 95.6 99.1 99.1
5 80.2 96.0 99.2 99.3
7 80.1 96.0 99.2 99.2
9 77.6 95.5 98.7 99.1
11 76.7 95.4 98.2 99.0

6 AT NPULIE I A B B 5K N X ILIDS-VID
Hdude BN (%)
Table 6  The influence of the number N of pictures
generated recursively by each pedestrian trace on

matching rate based on iLIDS-VID dataset (%)

N Rank 1 Rank 5 Rank 10 Rank 20
1 61.9 86.7 94.2 97.8
3 63.1 87.5 95.6 98.0
5 66.3 88.4 96.2 98.1
7 66.0 88.4 96.0 98.1
9 64.8 87.9 94.3 97.9
11 64.6 86.6 94.1 97.6

MFED FIE 6 WA, Y4 N =15 N =52,
FREMERESIZW LI, FEN =5 FI N = 7 Z )5
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N AR AT, T O R 2838 )T v R 22
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T T PSR S BRI Affy 732K
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