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Person Re-identification

* Person re-identification aims to match persons across
non-overlapping surveillance camera views.
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Datasets and Protocols

T onaset | 10| mages

Market1501 1501 32217
DukeMTMC-relD 1812 36441
s CUHKO3 1467 13164 * Cumulated Matching Characteristics (CMC) . Rank-1, Rank-!
MSMT17 4101 126441 * mean Average Precision (mAP)
iLIDS-VID 300 42495
Video PRID2011 934 24541

MARS 1261 1191003
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* Image-Based Person Re-lIdentification



Learning Discriminative Features with Multiple Granularities
for Person Re-ldentification
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Model | Rank-1 Rank-5 Rank-10 mAP
ResNet-50 87.5 94.9 96.7 714
ResNet-101 90.4 95.7 97.2 780
ResNet-50+TP 88.7 96.0 97.2 75.0
Global (Branch) 890.8 95.8 97.5 78.5
Part-2 (Single) 92.6 97.1 98.0  80.2
Part-2 (Branch) 94.4 97.9 988 839
Part-3 (Single) 93.1 97.6 98.7 821
Part-3 (Branch) 94.4 98.2 98.8  84.1
G+P2+P3 (Single) | 94.4 97.6 98.5 85.2
MGN w/o TP 95.3 97.9 98.7 862

MGN 95.7 98.3 99.0 869




Beyond Part Models: Person Retrieval with Refined Part Pooling
(and A Strong Convolutional Baseline)
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Refined Part Pooling
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Models Feature | dim Market-1501 DukeMTMC-relD CUHKO03
R-1 R-5 R-10 mAP | R-1 R-5 R-10 mAP | R-1 R-5 R-10 mAP
IDE pool5 2048 | 853 940 963 685 | 732 840 876 528 |43.8 62.7 71.2 389
IDE FC 256 83.8 93.1 958 67.7 | 724 830 87.1 516 | 433 625 710 383
Variant 1 g 12288 | 86.7 952 965 694 | 739 846 881 532 (436 629 713 388
Variant 1 H 1536 | 85.6 943 963 683 | 728 833 872 525 |441 63.0 71.5 39.1
Variant 2 g 12288 | 91.2 96.6 97.7 75.0 | 80.2 888 913 628 |52.6 724 809 458
Variant 2 H 1536 | 91.0 966 976 753 | 80.0 88.1 904 626 |540 737 814 472
PCB g 12288 | 923 97.2 982 774 | 81.7 89.7 919 66.1 |59.7 77.7 852 532
PCB H 1536 | 924 97.0 979 773 | 819 894 916 653 |61.3 786 856 542
PCB+RPP g 12288 | 93.8 975 985 81.6 | 833 905 925 69.2 | 62.8 79.8 86.8 56.7
PCB+RPP H 1536 | 93.1 974 983 81.0 | 829 90.1 923 685 | 637 806 869 575
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Horizontal Pyramid Matching for Person Re-identification
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Model Feature Dim Market1501 DukeMTMC-RelD CUHKO3
R1 | R5 [R1I0[{mAP| R1 | RS [R10 | mAP| R1 | R5 |R10 |mAP
HPM + #PS 1 + Avg pool 256 88.1194.6196.4| 71.2 [79.3189.7(91.9| 61.0 |39.2(61.1|71.6|37.3
HPM + #PS 2 + Avg pool 256x(1+2) 92.0196.9|979| 78.3 |83.1/91.9|93.4|68.9 |53.2|73.2|79.6| 48.9
HPM + #PS 3 + Avg pool 256x(142+4) [92.3(97.2(97.9|79.3 184.5/92.4|94.1| 70.8 |58.2|76.7|83.1| 52.8
HPM + #PS 4 + Avg pool 256x(14+2+4+8)193.2(97.3|98.1| 79.5 |84.8(92.5(94.1| 72.1 |58.6|76.8|83.8| 53.4
HPM + #PS 4 + Max pool 256x(14+2+4+8)193.6(97.7 198.3| 81.6 [86.2(93.2(94.8| 74.1 162.4|78.9|86.3| 57.4
HPM + #PS 4 + Max+Avg pool | 256x(1+2+4+8) |94.2|97.5 |98.5 | 82.7 [86.6 | 93.0(95.1| 74.3 {63.9|79.7 |86.1 | 57.5




Learning Incremental Triplet Margin for Person Re-identification
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/ TriNet-S Y m | Rank-1 Rank-5 Rank-10 mAP
| el oo CTTTTT oo . | 1 [ 901 94.8 96.5 779
| | | . 4 909  96.6 97.5  79.1
: s gl L = o TONetS | g 1 900 964 970 782
®a 0 i B E R 10| 89 952 962 717
! AR =~ . fo() [ 4] 921 96.9 98.0 809
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' - ___ -( ________________ fo() | 10| 926 975 98.5 823
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BE = | 32| | Measure (%) | Rank-1 Rank-5 Rank-10 | mAP
BEIRGANE 2 = LITM-C5C5C5 | 920 970 982 | 812
| | z < LITM-C3C4C5 | 908  96.3 97.9 | 79.4
—————————————— 3 = LITM-C5C4C3 | 926 975 98.5 | 823
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e Partial Person Re-identification



Perceive Where to Focus: Learning Visibility-aware Part-level
Features for Partial Person Re-identification
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The training of region locator
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baseline PCB VPM
R-1 R-5 R-10 mAP | R-1 R-5 R-10 mAP | R-1 R-5 R-10 mAP
05| 645 822 881 444 | 09 3.2 5.6 1.7 70.9 86.5 92.1 48.8
06 | 790 914 943 579 8.1 16.5 232 6.6 844 943 96.1 625
Market-1501 07 | 839 939 959 637 | 365 589 674 268 | 882 958 972 71.7
08 | 85.7 943 964 66.1 | 719 873 914 568 | 90.1 958 977 747
09 | 87.1 955 974 67.8 | 88.8 958 971 772 | 91.7 96.6 98.0 787
1.0 | 86.8 953 974 677 | 934 978 984 83.0 | 930 978 988 80.8
05 | 650 8I.1 86.7 472 50 10.1 13.6 4.0 69.5 83.1 879 522
06 | 76.2 873 904 554 | 13.1 256 335 10.5 | 78.2 89.0 913 60.9
DukeMTMC-relD | 0.7 | 76.3 87.3 90.6 90.6 | 359 57.0 654 284 | 803 895 920 63.1
08 | 763 883 919 588 | 640 826 877 523 | 803 893 924 635
09 | 770 881 91.7 590 | 81.6 904 930 703 | 8.7 909 93.1 70.7
1.0 | 76,2 87.3 91.2 586 | 84.1 924 945 732 | 83.6 91.7 942 726

Dataset ¥

Partial-REID | Partial-iLIDS

., Methods R-1 R3 |R1 R3
. MTRC [ 5] 237 273 177 26.1
- AMC+SWM [36] | 37.3  46.0 [21.0 32.8
S e DSR [7] 50.7 70.0 |58.8 67.2
73 SFR [£] 569 78.5 [63.9 748
o VPM (Bottom) 532 732 |53.6 623
VPM (Top) 64.3 83.6 [67.2 176.5

s 06 07 o8 os 1 VPM (Bilateral) | 67.7 819 |65.5 74.8
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Method Partial-iLIDS Market-1501

cthods R-1 R3 R5|R1 R5 mAP

VPM. 672 765 824|930 97.8 80.8

VPM (no triplet) | 57.1 73.9 79.0|91.3 97.0 77.8 P

MVPM-1 63.0 74.8 824|930 963 79.7 H

MVPM-2 61.3 73.1 79.0|92.8 97.4 80.1

MVPM-3 58.8 748 824(914 965 75.5 .‘ -\

MVPM-4 59.7 74.8 7821904 96.6 75.7 |
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e Video-Based Person Re-ldentification



Feature maps
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STA: Spatial-Temporal Attention for Large-Scale
Video-based Person Re-ldentification
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Spatial L1-Norm
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Inter-Frame Regularization
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Feature Fusion Strategy
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MARS

DukeMTMC-VideoRelD

Model R1 R5 | RI0 | mAP | RI R5 | RI0 | mAP
Baseline 74.5 88.8 91.8 64.0 79.1 03.9 96.0 76.8
Baseline + TL 80.8 92.1 04.3 74.0 90.6 05.8 96.7 89.7
Baseline + TL + Avg 82.5 | 929 | 949 75.0 91.8 | 974 | 98.0 91.0
Baseline + TL + STA 84.8 94.6 96.2 78.0 93.3 08.1 08.6 92.7
Baseline + TL + STA + Fusion 85.3 95.1 96.4 79.1 95.3 08.1 99.1 03.9
Baseline + TL + STA + Fusion + Reg | 86.3 | 95.7 | 97.1 80.8 96.2 | 993 | 99.6 94.9
Sequence Length MARS DukeMTMC-VideoRelD
R1 R5 R10 mAP R1 R5 R10 mAP
N=2 81.7 03.8 95.7 75.7 90.3 97.6 98.6 89.0
N=4 86.3 95.7 97.1 80.8 06.2 99.3 99.6 94.9
N=6 86.2 95.7 96.9 81.0 96.0 994 99.7 95.0
N=8 86.2 95.7 97.1 81.2 96.0 99.3 99.6 95.0
Number of Spatial Regions RI RS MARSRI 0 —P RI DukeIP‘;/[STMC VETSReID —P
K=2 85.3 95.1 96.6 80.3 94.7 99.0 99.6 93.8
K=4 86.3 95.7 07.1 80.8 96.2 99.3 99.6 04.9
K=8 85.5 95.3 96.9 80.4 95.2 99.1 99.4 03.8




THANK YOU FOR LISTENING



