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Person Re-identification based on multiple deep learning methods

JIWEI ZHANG ! HAIYUAN WU 2

Abstract: In this paper, we propose a Person re-identification method fused the two types of deep learning algorithm. First,
by using the instance segmentation algorithm, we remove the background and extract Person global features of a Person in
a video taken by a surveillance camera. Then, based on the obtained feature map, Person re-identification is realized by a

convolution network (bag of tricks and strong baseline).
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Figure 2  global features
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Figure 3  Examples of local features
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Figure 4  SSD Network Structure
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Table 1  ConvNet configurations
A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 conv3-128
conv3-128 | conv3-128 | conv3-128 conv3-128
maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 conv3-256
conv1-256 | conv3-256 conv3-256
conv3-256
maxpool
2
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conv3-512 conv3-512 conv3-512 conv3-512 | conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 | conv3-512 conv3-512
conv1-512 | conv3-512 conv3-512
conv3-512
maxpool
conv3-512 conv3-512 conv3-512 conv3-512 | conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 | conv3-512 conv3-512
conv1-512 | conv3-512 conv3-512
conv3-512
maxpool
FC-4096
FC-4s096
FC-1000
soft-max
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Figure 5  RelD Network Structure
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Figure 6  YOLACT++ Architecture
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Figure 7  Random erasing
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4.1 HITERMHDEE (Detection experiment)
HATHE OB O EE TIEMS COCO T — Z N— 2R
(Microsoft Common Objects in Context) D TAZEZEH D
Hifg (K 6 THOER) % H, 120 GPU DA ZEFHEH L
350,000 [EliZ b L—= 7 BT o7
* 2 HirEomtoNL—=7

Table 2 Person detection training.

Training datasets MS COCO
Weights yolact_coco_person_43_ 350
000
Number of pictures 64115
Training tools CPU, GPU
Lable Person
Training times 350,000
Test datasets Market1501
BILART X IR, L—=2 7T NVIZTH DL

Market1501 7 — 4 F CHGEOE R EZRET ST A MEIT
ST, EGOERERET B0, BHTHEOSm— L
B~ v 7HRAER L. BMTE ORBIILORREE 2 M =92
ZEBTES.
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Figure Background remove

42 HITEOFEBNZALELT—4R—X
7 A RAA 2 INT F — < 2 A (cross-domain
performance) % #3571, BITH OB O FEER T
1%, Market1501, CUHKO03, MSMT17 ® 3 SO —H & v |
ZEIFFHZHWK 17 TROBEBRT ML —=2 7 %1757z,
%72, DukeMTMC-reID %7 A h 7 —Z~X—2A L LCTHIH
L.
# 3 THR=R
Table 3 Database

Dataset MSMT17 Duke Market | CUHKO3
BBoxes 126441 36411 32668 | 28192
Identities 4101 1812 1501 1467
Cameras 15 8 6 2
Detector | Faster RCNN hand DPM DPM,
Scene | outdoor,indoor | outdoor | outdoor | indoor

4.3 HITE O BRI O %
MEETNEFETDLLE, BER—XT A VIENT
Z A RAA L IBN-Net ZiBML, FL—=2 7 DREL
ZEE L.
FRfiHE4R
FEINERRBETNVEHMES 272012, 7 7 1 O
B (Rank-1Accuracy) & F¥J¥5% (Mean Average Precision,
mAP ) &S ORI A AV, S OIS REFER
R A L DRFHERR AN TE TS L ERTED
12, 78 A KAA (cross-domain)DFEEk H 17> 7.
44 HITEOBEANDITL— a3 VEER
FRoOTF—2ty bEREBICHAVE N —=0 T 52T
W, == 73TV Duke 7—# Y T/
ARAA T AN EAT> T2 WIZ, %Y v 7 (Trick) T
7 7 L—3 3 - (Ablation) ZEBRZ b U 72 ARZEERIE, Duke
F—=E¥y MWFHET =4y FELTT A M &{To 72,
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# 4 TL— a3 ER

Table4  Ablation experiment.
Model DukeMTMC | DukeMTMC
mAP Rank-1
ResNet50 IBN-a 40.7% 58.2%
256x128
ResNet50 49.2% 66.0%
256x128
+Weight Decay 50.1% 68.0%
+Label Smooth 47.5% 66.0%
+No Bias 53.7% 70.3%
Weight Decay
+Tuning 55.6% 71.6%
45 RBRER

DukeMTMC 7—#t v hOT A by N&T A LT
FEHLIE, Rank-1 2% 71.9%, mAP 78 56.2% T > 7=. MR Tk
EVENTEZ B A RAAL VR EFERTETNDZ & 20k
MTET.

77 L—3 3 v (ablation) WFIEDOFERIZ, £ NV v
(trick) 12 &% /37 +—~ A (performance) DA k%R
LTCW5. EBRENEAIC L2588 <Tedls, 7r AR
A A 2 (cross-domain) EER DOFER 7”7,

EREE:

ARFEBRTIL, XY a3 ZFH L, python3.6 Windows10 @ 7
Ty b7 x—AThL—=0 7 LICET VT DV THT
FHOFHB DT A N EIT -T2,

5 EBRBEREEOMER

Table 5 Experimental environment configuration

Training datasets Market1501, CUHK03, MSMT17

Weights yr50_ibn_a.pth
Number of 175000
pictures
CPU intel (R ) corel7-4790@3.6GHZ
GPU RTX 2080T!I

python packages | ohency-python, tb-nightly , torch >= 1.0

Test datasets DukeMTMC-relD

FEROERBE TR+ —< L ADT A M EM L, %
BLESBTEFERIOT7 LT ZMTESWTHITE LR
HUBTED T 0 — SV~ v 72 ER LT, F2BRL
PHEE (3K 33FPS D U TV X A L (30FPS UL |) IZEE L 7=,
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5. HEMRE

KL T2 DDOFEATHIE A S U C R LI TE i
WANEEREL, 3Oo0HEBE T —F Y FEMAWTEE T
L2 8K o THMTERBINEET VERE L. RPYE
T—ZFy FERAWET A MER LY, IBN-Ne # VT2
TR RAAL VPR ER OGN, Lo, BMTERM & BT
FEEBNE, AR RERE-S TS, LIEnoT,
AT TR BT OFH 2 RIBIZIER T 5729012, 4
BOMIETIZE BIZLLTF D X 5 2o cxt LT %17 9
MERHDHEEZD.

e mMH7mtk=A

FEOBH 7 1 AT, SNBERENEHTH Y (R,
FIN—=Tasinl) | BATBRENDLRE, RO
RHEAEL, BT L— AIRLERTRERDH D, Zh
T, B & B EHAA DY DR ETT O .

o HHTumt=R

HEE & @l b3 27201, SITEFRNE T VTS E

(Pruning) [12]°&1Fk D788 (Knowledge Distillation) [13]
REN) I EITD.
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