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Video-based person re-identification based on pyramid

segmentation and spatial-temporal attention
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Abstract: Aiming at the problems of similar appearance and occlusion of people in the video person re-
identification, a video-based person re-identification model based on pyramid segmentation and atten-
tion mechanism was studied and designed. First, in order to enhance the recognition ability of the
graph model for the local features of pedestrians, a multi-scale horizontal pyramid segmentation meth-
od was proposed. In addition, given that the simple spatiotemporal attention module was prone to
damage person features due to occlusion, the spatiotemporal attention module was improved using the
spatiotemporal correlation attention method, which gradually learns and aggregates spatially local in-
formation while interacting in time sequence to suppress person interference features and enhance dis-
criminative features. This paper evaluates the model on Mars and DukeMTMC-VideoRelD datasets,

and the experimental results confirm the effectiveness of the proposed method.
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Fig.1 Application example of person re-identification task



+ 68 - FHRFEM A RAEHO % 35 %

1 AXIME

1.1 EHHZEME

AT BRI R 7 vk SR BN T AU R s A S R . XIS ZR . REEWHSER Y
WAL SIASCR I A Rl S HESLRAAE . XIS IR 2, BUA YTk D el BIHM g m s, 3D BHeE
ARSI BOR B FISE R . feilt, SCHk (12 S RGeS A I I 1] G R

FUAT. Bz g AR T 158 RAEERE 7. ©RI T ARSI s 2 A
2 RGP LA 55 P . ZEAT AU S AT R SRR SC ) 7 1%, it — 23T}
TATNEPUNRITERE. E3CHk [13]) b, MEZORETERE T M4 (Graph Attention Network, GAT)
LR 5 25 G e —EL . ARS8 S AU 91 b SR IBCEAT A B R I R0 28 L 3 Tk 2648 75
ORFIE DX S, PRI e i 2 P 2 BT 5 DX Il ) A OC R 28 Ak, = ) Ak [ TP RO AR B[R] AR, WU
SFUA R T AR R, S ) A X SRR AE SRR T OE R 2 53 ST U OC X U AIE 2 ]
MSCHE, R A B AN S e M A IR AE 2R . YANG S50 4 T — o a0 (9 ef 2 RIS R I 45
ey 2s AR IR] 2 0332, 28 A1 SCER IO AT R 4544, I 1] 23 SO AR GBI P SRR L Bk
2 Ay 3PS AL B EANR I 23 05 5, A 580 AR5 R AL 14 7 A A Gy JEE 24 ] R AR R A8 [ A
LIU S5 P B URH 22 100 28 R R OGS R Al 11 I 22 RUBE SR T T SUR TR . JF B0t TR i =
YR PN ] PR, fifp DRt N 2 R0 RURE A5 R AR TR, SRIBCOLIAA T A B9 45 F 15 R R 22
FHIE

1.2 FEANE

TE R IIHLHN 0 5125 I 43 B S g I TR) 3 B AN s A E o T3 ) 2L T B Z I C &R . XTI,
CHEN 2P T — PP A T B 7 i 25 RRAE A 4% (Joint Attentive spatial-temporal Feature ag-
gregation Network, JAFN), i@ it B AR 2 SRR R, i 5 RGOy o e LR (145
WITER P R . ZHU S0 A X FRER a8, 48 T — A @ N S R S NG, H S
P T Aot 225 8] 5 SCOG 28 DA R 2 T () g TR AR G 2% o PR P 220 1 7 P 25 il 15 S R A 22 4%
FRAE I AR RS A I 250 8 o BR T BTN R A () 4 AT s R, AR L Rl
MTEAT NEPUIMES h . ZHANG %0830 T —A A UMEE R S M4, R — DURRAE 5 AR E
R OGHE, BESR TRy AT, AREUE AP B P RAE R 7R . WANG 25020 I HIB 45 275 1 A2 8 i [R]
2SRRI 4 P 2 RAMELRE S R AR BIRANIN LR . HOU B2 $ T —ASBiim
BiCnet (25, it 2447 9T B H L BT BANA R G947 A28 [ RRAE . 5 AN RT3 )0
FHPE M () 5 R I TR A Bh AR OC ZR A I [ T4 £ B 22 AN ] 45 JE A A DA a4 TR, R[] i 3 B
11 N3 R Ak R R R Bl )

2 F &

SFXPSERTER O B AR IR, AT T RS SRR TG R, e, T R
ST AR R BIBE ST . (0T 3 AR K T4 TS AN BT 6 H I AR AE S B 1 B, 2
HOH 4 e, fASE 7 HXIR. O PR A 0 D G — R I R N AR % 1 o 2
Y. HU. M T IESAIGIE B B S I R A 2 RS B IR FE AR EAE . 34
A . AT AT PR TR 3T ) AR . SR TR OB AT st . S5t 2



% 2 IRAF A TEFES I 2 2E NOARTAEZ IR . 69 -

e 350 T IKBIHAFRRRIPERE . SR TUIGRIHE IR S e 2. [RIE. O T S SR TARR TS
VEHEAT LRSS, 1 e Se i AR 0 5k R TSR ) S 8GR R AT TR BSR4 o Baseline, JF4E—fliH]
B SR I AN = JCA BRATE N HARR R R . SCHROREAE N 1 A B8 A AT SRR

=seaik SR
KA AR
e -—»L%? ——\\<;;:S/P | L e L
= =/ e
ResNet-50 o
= |
NS IS AR ERE ) i\% IENIfR)Z — | st

A JRFE

B2 AXFTEHBEIER

Fig.2 Overall architecture of our proposed method
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Fig.3 Horizontal pyramid segmentation structure
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Fig.4 Space-time related attention overall and local architecture diagram
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Table 1 Ablation experiments on Mars and DukeMTMC-VID datasets %
Mars DukeMTMC-VID
BT
mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10
Baseline 84.7 89.6 96. 5 97.5 96. 6 96. 4
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99. 6 99.9
Baseline+STA 85.6 90. 2 96. 4 97.4 97. 1 97.2
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Table 2  Analysis of results of pyramid segmentation experiment

M X 5/ e mAP/ % Rank-1/% Rank-5/% Rank-10/% Rank-20/%
1 1 86. 3 90. 7 96.5 97.5 98.3
2 1, 2 86. 1 90. 6 96. 5 97.6 98. 2
3 1, 2, 4 85.9 91.0 96. 7 97.5 98.3
4 1, 2, 4, 8 85.3 90. 6 96. 2 97.0 97.7
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Table 3 Comparison with the latest methods on the Mars and DukeMTMC-VID datasets %
Mars DukeMTMC-VID
Tk
mAP Rank-1 mAP Rank-1
AMEM (AAAI20) 79.3 86. 7 — —
COSAM (ICCV19) 79.9 84.9 94. 1 95.4
RTF (AAAI20) 85.2 87.1
FGRA (AAAI20) 81.2 87.3 — —
STE-NVAN (BMVC19) 81.2 88.9 — —
TCLNet (ECCV20) 85.1 89. 8 96. 2 96.9
STGCN (CVPR20) 83.7 89.9 95.7 97.2
AFA (ECCV20) 82.9 90. 2 95.4 97.2
MGH (CVPR20) 85.8 90.0
MG-RAFA (CVPR20) 85.9 88. 8 — —
AP3D (ECCV20) 85.6 90. 7 95. 6 96. 3
STMN (ICCV21) 84.5 90. 5 95.9 97.0
Ours 85.9 91.0 97.1 97.4
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