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Abstract: The purpose of person re-identification (re—id) is to identify images of the same person on
different cameras. Although unsupervised models have better generalization than supervised models,
unsupervised clustering will be more susceptible to noise interference. To address this problem, this paper
proposes a model reverse backbone net (RBNet) that can reduce noise interference, using RBNet to learn
the keypoints of the human body output from the pose detection model, adjusting the local spatial
information and generating masks, and augmenting the specified location attention with the generated
masks. The experimental results show that comparing baseline’s cross—domain experimental results from
Market-1501 to DukeMTMC-reIlD, mAP is enhanced by 7.0% and Rank-1 by 6.4%. Strengthening the
attention to different local information can effectively improve the model accuracy.
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Fig. 1 Model structure
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Table 1 Model parameters

block orderedDict 1/0 B C H w B C H w 1/0 orderedDict block
input 64 3 256 128 64 17 256 128 output
convl . convl
1 output 64 64 128 64 64 64 128 64  input 1
v - v
con | input 64 64 128 64 64 64 128 64 output | reeon
max sam
AXPOOT T utput 64 64 64 32 64 64 64 32 input upsampie
0 input 64 64 64 32 64 64 64 32 output 2
layer 1 . re-layer 1
0 output 64 256 64 32 64 256 64 32 input 2
0 input 64 256 64 32 64 256 64 32 output 3
layer 2 . . . R ) . . i re—layer 2
0 output 64 512 32 16 64 512 32 16  input 3
Lver 3 0 mput 64 512 32 16 64 512 32 16  output 5 Cver s
aer 0 output 64 1024 16 8 64 1024 16 8 input 5 reayer
ver 4 0 mput 64 1024 16 8§ 64 1024 16 8  output 2 e laver 4
Y 0 output 64 2048 16 8 64 2048 16 8 input 2 Y
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Fig. 2 A cross—domain model based on MMT
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Table 2 Performance comparison on Market—1501, DukeMTMC-reID and MSMT17 datasets.
Method Market-1501 DukeMTMC-relD MSMT17
mAP R-1 mAP R-1 mAP R-1
Gep Y 88.9 95.2 78.6 89.7 — —
MMGA "7 87.2 95.0 78.1 89.5 — —
RGA-SC ¥ 88.4 96.1 — — 57.5 0.3
AANet-50 ' 82.45 93.89 72.56 86.42 — —
pPCB ¥ 81.6 93.8 69.2 83.3 — —
OSNet 1/ 84.9 94.8 73.5 88.6 52.9 78.7
FastRelID !# 88.2 95.4 79.8 89.6 59.9 83.3
CBDB-Net %/ 85.0 94.4 74.3 87.7 — —
PAT %/ 88.0 95.4 78.2 88.8 — —
CDNet %/ 86.0 95.1 76.8 88.6 54.7 78.9
RBNet(conv 1) 88.5 95.6 80.0 89.7 60.8 84.9
RBNet(relayer 1) 89.1 96.1 81.1 90.0 62.7 85.1
RBNet(relayer 2) 84.3 94.0 73.9 83.3 49.4 77.1
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22 B FL A AR Y (g 7K -, BIF 5 A TR ) e R 1 R 3
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Fig. 4 Attention of the model when different domains
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Table 3 Results of RBNet’s cross—domain experiments using clustering in the DukeMTM C-relID to Market—1501 and
Market—1501 to DukeMTM C-relD tasks (M: Market—1501, D: DukeMTMC-relID)

M->D

F P A model mAP Rank-1 Rank-5 Rank-10
ResNet-50 MMCL %7/ 51.4 72.4 — —
E,, (ResNet 50) DG-Net++ 63.8 78.9 — —
ResNet-50 GDS %) 55.1 73.1 — —
ResNet 50 Gpp ¥ 54.4 74.0 — —
ResNet 50 MMT-500 63.1 76.8 88.0 92.2
MMT (ResNet 50) MetaCam "%/ 65.0 79.5
fast-reid GLT '# 69.2 82.0 90.2 92.8
MMT (ResNet 50) MMT + RBNet 70.1 83.2 90.8 92.9

D-> M

BT AR model mAP Rank-1 Rank-5 Rank-10
ResNet-50 MMCL 60.4 84.4 — —
E,,(ResNet-50) DG-Net++ 61.7 82.1 — —
ResNet-50 GDS 61.2 81.1 — —
ResNet 50 GPP+ 63.8 84.1 — —
ResNet 50 MMT-500 71.2 87.7 94.9 96.9
MMT (ResNet 50) MetaCam 76.5 90.1 — —
fast-reid GLT 79.5 92.2 96.5 97.8
MMT (ResNet 50) MMT -+ RBNet 79.8 92.4 96.7 97.9

B R, AR SCOR BTG W 40 ) T S IR
R R w1 TSR ) ResNet 50, 76 £ 4 48
Market-1501 Fl Duke | X} L ¥ #f UDA J5 % , 4
BV N T B S5 1 ResNet 50 J7 1 (41 fast—
net) fl MMT J7 i o3& F fastnet B UDA J5 £ 1R
%, 4 GLT "/ (Group-aware label transfer for do-
main adaptive person re-identification )%,

Xf HR A B UDA(MMT) 413 3 iR .
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relD I Duke . H AR 480 Market-1501 f 4
D UDA B SEIe 25 /AT LLAE 1, 5T R & T3k
%) base-line %} It , Market 1501 %] Duke f) mAP,
g N 63.1% A 71.2% # hn F 70.1%
(+7.0%)F179.8% (+8.6%) ; Duke | Market-
1501 B9 Rank 1, 4> 51 ) 76. 8% 1 87. 7% 34 Jin 5]
83.2% (+6.4 %)M 92.4% (+4.7%) , FL JLAE
D8 75 B T W 45U ) A N AT 55 A U AR SR A 2 T,
XU 4345 5L A R R T RRAE 1% 2071 g
2.3 HRLEL

HY T JC W B o o] B B RRAE B — 5 1 8z 1k
BOE L, TPk T A ik RBNet SRR He (UL 1) 52
M) 3502 A RO, 7 3 — 58 43 04 1 il S 3 o G
BB 43 P A W B 2 ST N 0F . AR SR 26
Il S 6 235 R (L 3% 4) 43 93 7E Market-1501 #l Duke-
MTMC-relD b 2 I %k Ho JH: A A feff FH 2R 25 52
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Table 4 Results of RBNet’s non—clustering cross—do

main experiments in the DukeMTM C-relD
to Market—1501 and Market-1501 to
DukeMTMC-relD tasks

M->D
Method mAP Rank-1 Rank-5 Rank-10
APNet—c3 ! 22.8 37.7 52.4 59.0
OSNet "/ 26.7 48.5 62.3 67.4
resnet 50 17.3 32.7 47.1 53.4
resnet 50+RBNet  27.4 49.4 62.9 67.7
D->M
Method mAP Rank-1 Rank-5 Rank-10
APNet-c3 23.7 50.9 66.6 72.6
OSNet 26.1 57.7 73.7 80.0
resnet 50 17.7 43.9 50.9 67.5
resnet 50+ RBNet ~ 27.5 60.6 75.7 80.8

27.4% M 27.5%,

XF ke rebeakbone fift FH AN 7] )22 4 5 AiF A $7E 5 Ao
X mAP W K 4, re—conv 111 A Loss,
conv 1 B HFEAL 45 conv 11}, Market-1501 i 45 £
F 4271 0.3, DukeMTMC-relD %% ¥ 4 | 42 JF
0.2 ;re-conv 1 i1 5 # & Loss, re-layer 1 i ¢ 1iE
% 45 conv 1B, Market-1501 £ 8% £ - #2 F 0. 9,
DukeMTMC-relD 48 5 F#ETF 1. 3. X HoA 6
S B T Her g O, & B RBNet A LK 5 58 1
AT B[R] AN A ] 2R SIS B vk Y LA S AR

Ji FastRelD [ 525 B4 B5 B A 4528 1500,
I O B TR ) SR A2 B IX B %, WIS A
R TCR 1 T4 1 5 TS Y M1 6
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P& v AL TR A B v A 1, O L X A R A B R
T Wa B A B AE N AT N R R RCR A T,
2Tk A A R RRE Rl A ORI B T IR R A
WA B B, Bk, BT MMT
R 1) E T HO id FAT N B id 64T T B AT
e T [l — 47 NTEA R A BT A R AT 1 58—
JRCAG AR ] B R ) S X T A A SRR AE A7
AR TR 1Y) 3 T8 K A 2] 4 E R SRR AL 3G T
TS By AT i R, O H L L B A AR A ) 35847 174 38
T A B AR R . R SRR ] 7 A SOy
B A R L % 07 45 AT LAAE 34 B0dis 4 S B A o
RS AT T MBI re—id A1 B
i W re-ide XJ b baseline £ Market-1501 |
Duke MTMC-relD 19 5 1 52 46 25 5, mAP 42 7+
T 7.0%,Rank-14#2F+ T 6.4% . £ DukeMTMC-
relD B Market—1501 A9 %5 3 52 6 45 5, mAP & 7
T 8.6 % ,rank-1427+ T 4.7 %,
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