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Abstract ; Aiming at the problem that it is difficult to effectively extract the key information of pedestrians
in the chaotic scene and the global feature method is invalid in the case of partial occlusion,a multi-gran-
ularity person re-identification (ReID) method guided by a double pyramid structure is proposed. First,
the attention pyramid in is embedded ResNet50 to guide the network to dig out features of different
granularities from coarse to fine,making the network more inclined to focus on the significant areas of
pedestrians in complex environments; secondly, the branch of the double attention feature pyramid (DFP)
with asymmetric structure is adopted. Multi-scale pedestrian features are extracted to enrich the diversity
of features. At the same time,the dual attention mechanism allows branches to capture finer-grained lo-
cal features from shallow information;finally, the coarser-grained global features are merged with multi-
level and fine-grained local features, The two kinds of pyramids interact to retain more discriminative
multi-granularity features to improve the pedestrian occlusion problem. Experiments on multiple data
sets have shown that the evaluation indicators are higher than most current mainstream models. Among

them, on the DukeMTMC-relD data set, Rank-1,mAP and mean inverse negative penalty (mINP)
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reached 91. 6% ,81. 9% and 48. 1%, respectively.
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Fig. 1 Multi-granularity RelD network framework guided by the double pyramid structure
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Fig.2 The structure diagram of the attention pyramid
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Tab.2 Experimental results of different pyramid levels
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Tab.3 SA-DAM double attention verification experiment

Market1501 DukeMTMC-RelD
Methods
Rank-1 mAP mINP  Rank-1 mAP mINP
Self-Attention 96. 1 89.1 66. 6 91.3 81.1 47.2
APNet2 95.3 88.4 66. 3 91.0 81.0 47.1
SA-DAM 96.1 89.5 66.9 91.6 81.9 48.1
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Tab.4 Ablation experiment of the network

Baseline APNet2 FPB SA-DAM Rank-1 mAP mINP

1 N — — 88.1 78.8 44.5
2 N N/ - - 89.3 79.7 45.8
3 N4 N Ni - 90.6 81.0 47.0
4 N/ N/ N/ N/ 91.6 81.9 48.1
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Fig. 5 Example image of Rank-10 search results
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Fig. 6 Visualized heat map of DFP branch output characteristics
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Tab.5 Performance comparison between Market1501 and DukeMTMC-RelD data sets and mainstream models

o Market1501 DukeMTMC-RelD
Methods Publication
Rank-1 mAP mINP Rank-1 mAP mINP

Bag-of-TricksH'? CVPRW’19 94.5 85.9 59. 4 86. 4 76. 4 40.7

Pyramid""*’ CVPR’19 95.7 88.2 — 89.0 79.0 —
ABD-Net!'t ICCV’19 95. 6 88.3 66. 2 89.0 78.6 42.1
FastReIDM Arxiv’20 95. 4 88.2 64.8 90. 3 80. 3 46.5
AGWHY TPAMI’ 20 95.1 87.8 65.0 89.0 79.6 45.7

RGA-SCH CVPR’20 96. 1 88.4 — — — —

APNet-S TIP’21 96. 1 89.0 — 89.3 78.8 —

CBDB-Net-'* TCSVT’21 94. 4 85.0 — 87.7 74.3 —
Ours 96. 1 89.5 66.9 91.6 81.9 48.1
Ours(RK) 96. 0 94. 4 86.8 92.6 90.7 73.5

% 6 CUHKO3 71 MSMT17 #iE& 5 FiiE B poiEaExt bt

Tab. 6 Performance comparison between CUHK03 and MSMT17 datasets and mainstream models

o CUHKO03 MSMT17
Methods Publication
Rank-1 mAP mINP Rank-1 mAP mINP
Bag-of-Tricks"' CVPRW’19 58.0 56.6 43.8 63. 4 45.1 12.4
FastRelDM? Arxiv’ 20 88.2 74.9 64.8 81.8 58. 4 13.9
AGWHH TPAMI’ 20 63.6 62.0 50. 3 68.3 49.3 14.7
RGA-SCH CVPR’20 79.6 74.5 — 80.3 57.5 —
APNet-S'7’ TIP’21 80.9 78.1 - 80. 8 59.0 —
CBDB-Net"'* TCSVT’21 75. 4 72.8 — — — —
Ours 80.5 77.9 66.5 81.9 59.3 14.5
Ours(RK) 84.9 87.0 85.3 — — —
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Tab.7 Comparison of cross-domain experiment results

Methods D—>M M—D C—D C—M

Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP

Bag-of-Tricks"'* 54.3 25.5 41. 4 25.7 — — — —

ATNet7] 55.7 25.6 45.1 24.9 — — — —
PULM 45.5 20.5 30.0 16. 4 23.0 12.0 41.9 18.0
HHLM 62.2 31. 4 46.9 27.2 42.7 23.4 56. 8 29. 8

UCDAM 60. 4 30. 9 47.7 31.0 — — — —
Ours 64.79  33.4 56.5 35.3 43.2 23.3 63.4 36.6




Eody Xl

A WG T IS A 5] S Y £ ok AT N R i « 967 -

4 & B

ARSCHE M T — RO A FIE ST S 2Ok
RelD J5¥ %07 i@ it AP-ResNet50 4 585 1M
2Ok 47 M8 AN [R) R BE (0 W 3 FR AR, JF ] T DFP
branch $& BUAS [A] ROBE 9 22 A6 4 R 11 AT L A A5 A B
2 M O Ja W AT R TR B e R 4% 5 a1 eV R R AR
Z B ) R M R P i AL R I Z AL RE ) . WU IS4
FATE REE D DT 515 0 28 B i 5 1 2% 6L 75 = A A
A7 N3 DA 2 A ) il M 1 AT N JR) B 4 Y AR AE
PR A FL S g b R DR B . R R Y S B 4R
PR BT A 7 B A P At 3200 7 ¥ & VR 45 AR 2
AR I Y B T AH I AR RE AT A BT R BRI R
R BT B SR S 1 T B 8 R R PR RE .

S E 3

[1] GONG X,YAO Z,LI X, et al. LAG-Net: multi-granularity
network for person re-identification via local attention
system[ J]. IEEE Transactions on Multimedia, 2021, 24 ;
217-229.

[2] ZHANG X.LUO H.FAN X, et al. AlignedRelD: surpassing
human-level performance in person re-identification EB/
OL]. (2018-01-31) (2021-12-28). https://arxiv. org/
abs/1711.08184.

[3] ZHAO H,TIAN M, SUN S, et al. Spindle Net: person re-i-
dentification with human body region guided feature de-
composition and fusion[ C]//IEEE Conference on Com-
puter Vision and Pattern Recognition. July 21-26, 2017,
Honolulu,HI,USA.New York:IEEE,2017.:907-915.

[4] WEIL,ZHANG S,YAO H,et al. GLAD: global-local-align-
ment descriptor for scalable person reidentification[ J].
IEEE Transactions on Multimedia,2019,21(4) :986-999.

[5] CHEN G,LIN C,REN L,et al. Self-critical attention learn-
ing for person re-identification[ C]//IEEE/CVF Interna-
tional Conference on Computer Vision, October 27-No-
vember 02,2019, Seoul ,Korea (South) . New York: IEEE,
2019:9636-9645.

[6] ZHANG Z.LAN C,ZENG W, et al. Relation-aware global
attention for person re-identification[C]// IEEE/CVF
Conference on Computer Vision and Pattern Recognition.,
June 13-19, 2020, Seattle, WA, USA. New York: IEEE,
2020:3183-3192.

[7] CHEN G,GU T,LU J,et al. Person re-identification via at-
tention pyramid[ J]. IEEE Transactions on Image Process-
ing,2021,30:7663-7676.

[8] HE K,ZHANG X,REN S, et al. Deep residual learning for
image recognition [ C]//IEEE Conference on Computer
Vision and Pattern Recognition, June 27-30,2016,Las Ve-
gas,NV,USA.New York:IEEE.2016.770-778.

[9] ZHANG S, YIN Z, WU X, et al. FPB: feature pyramid

branch for person re-identification[ EB/OL]. (2021-08-
04)[2021-12-28]. https://arxiv. org/abs/2108.01901.

[10] HERMANS A.BEYER L.LEIBE B.In defense of the triplet
loss for person re-identification [ EB/OL]. (2017-03-22)
[2021-12-28]. https://arxiv. org/abs/1703.07737.

[11] YE M,SHEN J.LIN G,et al. Deep learning for person re-i-
dentification: a survey and outlook[ J]. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2021, 44
(6):2872-2893.

[12] LUO H.GU Y.LIAO X.et al. Bag of tricks and a strong
baseline for deep person re-identification [ C]//IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition Workshops. June 15-20, 2019, Long Beach, CA.
USA.New York:IEEE,2019.1487-1495.

[13] ZHENG F.DENG C.,SUN X.et al. Pyramidal person re-i-
dentification via multi-loss dynamic training[ C]//IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition, June 15-20, 2019, Long Beach, CA, USA. New
York:IEEE.2019:8514-8522.

[14] CHEN T,DING S, XIE J, et al. Abd-net: attentive but di-
verse person re-identification [ C]//IEEE/CVF Interna-
tional Conference on Computer Vision, October 27-No-
vember 02, 2019, Seoul, Korea (South). New York:
IEEE,2019:8351-8361.

[15] HE L,LIAO X,LIU W, et al. FastRelD: a pytorch toolbox
for real-world person re-identification [EB/OL]. (2020-
06-04) [ 2021-12-28 ]. https://arxiv. ogr/abs/2006.
02631.

[16] TAN H.LIU X.BIAN Y,et al. Incomplete descriptor mining
with elastic loss for person re-identification [ J]. IEEE
Transactions on Circuits and Systems for Video Technolo-
9y,2021,32(1):160-171.

[17] LIU J,ZHA Z J.CHEN D.et al. Adaptive transfer network
for cross-domain person re-identification C |/ /IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
June 15-20, 2019, Long Beach, CA, USA. New York:
IEEE.,2019.7202-7211.

[18] FAN H,ZHENG L.YAN C.et al. Unsupervised person re-i-
dentification:: clustering and fine-tuning[ J]. ACM Transac-
tions on Multimedia Computing. Communications,and Ap-
plications (TOMM) ,2018,14(4) :1-18.

[19] ZHONG Z.ZHENG L.LI S.et al. Generalizing a person re-
trieval model hetero-and homogeneously[ C//European
Conference on Computer Vision. September 8-14,2018,
Munich, German. Berlin: Springer,2018.172-188.

[20] QIL,WANG L.,HUO J.et al. A novel unsupervised camer-
a-aware domain adaptation framework for person reiden-
tification [ C |//IEEE/CVF International Conference on
Computer Vision.October 27-November 02,2019, Seoul,
Korea (South).New York:IEEE,2019:8080-8089.

EEE AN :
B8 JE (1976 T WL BB L A O, ST R R
Ak PR BB BE 7 T RS



