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Adaptive receptive network for person re-identification
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Abstract: Person re-identification typically removes the last spatial down-sampling operation in the backbone to increase
the resolution of the final output feature map and preserve more fine-grained features. However, this operation substantially
reduces the size of a receptive field, and a larger receptive field can provide more contextual information for person re-
identification. At the same time, in the actual visual cortex, the receptive field of neurons in the same region are different,
but this is largely ignored by the current design of pedestrian recognition networks. To solve the above problems, this
article proposes a novel adaptive receptive field network. The design of the network is inspired by the visual system of
living organisms. By setting a different sized receptive field on the multi-branch network, combined with the attention
mechanism to allow the network to select the appropriate receptive field characteristics, the network receptive fields
adaptive is realized, and the use of packet convolution makes the adaptive receptive field module more lightweight. The
receptive field is also increased in each branch using empty convolution to compensate for the reduction of the network
receptive field by deleting the last downsampling operation. Experiments are performed on publicly available large-scale
datasets, and results show that the algorithm has a significant improvement over the baseline approach, with Rank-1
and mAP on the DukeMTMC-reID, Market-1501 datasets reaching 89.2 % and 76.0 %, 95.2 % and 87.2 %, respectively,
when using ResNet-50 as backbone. Compared with the existing methods, the proposed algorithm also has a significant
improvement in accuracy.
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Vol i A NS BTy B ag s NI E SRV T
JE P, AR SR AN ] 1 28 OB TR A DRI 1 B 8%
HEAT % b S25, 7F DukeMTMC-relD #E 4 F11 Market-
1501 #ade FAR B M4 Rk 3 ik 4 frw.

# 3 DukeMTMC-relD$iE&E FEZS+E
AN ERAARRFHERBMEREE R %

ik Rank-1 mAP

F45 (Mobilenetv2) 83.8 69.8
ZX 3 (Mobilenetv2) 85.3 71.9
2L (ResNet-18) 85.2 72.0
A3 (ResNet-18) 87.3 74.3
FEZE (ResNet-34) 86.4 75.1
AT (ResNet-34) 88.6 71.8
5528 (SENet-50) 85.5 75.4
A3 (SENet-50) 87.4 77.2

3 SEG 45 AR W], ARSI E I R 32 B
2% & AR S FI R FH R AR ST H R 7 9 AE A
ResNet- 18 1E AHRFIE S0 45 I 114 e C 288 i 2
18 ] ResNet-34 /1 J9 e AL 52 HUM 45 (1 45 2R, & W P2

* R %37%

F* 4 Market-1501 BUIEE F R & A5 A%
RAREHFERRB ML L5 %o

ik Rank-1 mAP

FE2E (Mobilenetv2) 92.2 79.0

5 (Mobilenetv2) 93.5 81.4

$:4; (ResNet-18) 92.0 79.8

AL (ResNet-18) 94.3 85.2

FE 4 (ResNet-34) 93.2 84.2

A (ResNet-34) 94.5 86.9

F 2% (SENet-50) 94.7 85.6

753 (SENet-50) 87.4 87.1

H ) [ 3 RS2 B I 2 A B /D R S E B I O T SR
TR PE R, PTLLRE B R 2 AT N R S SEBR R
(75 K. 24 2R 1 R4 55 1 % 5 2% X 4% Mobilenetv2
HI ResNet-18 I, 7£ 1 ™ H 48 48 - mAP B 42 5 0 4 2
R AR SCRENT T W 8RR SR EL AR 77 B a2 JE
WA R
35 ANFESEZFENSHELR

ASCHE I [ 3E RS2 B AR R SRR R BT,
AT L A 1 7 FH 28 3 AT P AR AAE i PR 2. R 2k 7 V2%
5 A IR AE SR BN 28 () SR 5 15 0E BRSBTS
P H Btk 5 s,

®5 BABASANTGENSHENR

Jiik #P(M)
FE2E (ResNet-50) 25.05
A (ResNet-50) 25.45

M 5 U T JN, AR SCREHAE ResNet-50 71 i 5
HiZHE R A 04MBERIEF R ER. BT ¥ H
T8 N ST Y AR () PN S I 2% S 40 B T B o T TE 2R
H 28401 A2 Ak, 5 REAE 52 B 28 5L 2 AH 8, an SRAFFAE
FEHL I 2% /& ResNet-50, W] A SO HL i) i N\ 388 3 20k
F& 2048, BLI BLAMERBLK S 808 0.2 M.

3.6 AXFFESHEHMAFHFMITAZIRAMNEALR

AKX EEE 4 M PR R R AR J7 %
(AlignedReID"!!(aligned re-identification). SCPNet!2%!
PCB(part-
based conveolutional baseline). BFE!?’!(batch feature
erasing)),2 Ff | H 4 & %F 1E ) 77 % (SVDNet!?®!
(singular vector decomposition network). AWTL?"!
(adaptive weighted triplet loss)) UA Jz Se it 28 5 VL AE
DukeMTMC-relD %4 4 il Market-1501 % 4f 4 bt
AT 7SIt . AR5 Je i i i B an 2 6 Jir
7N

(spatial-channel parallelism network).
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®6 SREFELLE

DukeMTMC-relD

Market-1501

By WaRiA
Rank-1 mAP Rank-1 mAP
AlignedReID 81.2 67.4 90.6 77.7
. SCPNet 80.3 62.6 91.2 75.2
R HRHAE PCB 83.3 69.2 93.8 81.6
BFE 88.7 75.8 94.5 85.0
SVDNet 76.7 56.8 82.3 62.1
, AWTL 79.8 63.4 89.5 75.7
ZRAFE HLR Tk 87.2 74.2 93.8 85.3
ARICH B 89.2 76.0 95.2 87.2

M 6 Bt T LA B, 24 /i R B I SR
2R TR AR, (E AR R AR 15 5 2% O HLS2 AT P
. ASSCANSE F PS5 RE, SR T 3R 20 ) 4 JR R AE AR 2
VRN Z T REAT 20, R 6 7T DL HY, AR SR H 1
[ 38 NI T N 2% T A BB, BRIE 1AL
T3 A 5. BFE SR 5 A SR A AR A
RERIL EEL A T A7 SCIRFIE, B4 42 R RF Ak

AR} AR AL, X 2 3 B 48 2245 580 2 2%, T A ST AR
A A R R AE SIS T AR % et PR RE. 2 RUE(E
SAEVF 2 HANML B AR 55 EHRIUS T ARF 1 RCR, A
SO AR TG R G, Bt T N R B
Bk B A ROt AEAT NE RIS L85 & AR R
i, ASCERAE L PR S B B AT Ry € AT N
RIMER U 5 R,

El5 SPRARERTHEITARRIER

H &L 5 7T LA 3, 76— Begs 47 10 L R A7 AR B
AT LT IR R B A 52 HAT N BE T
AR SCEAE SERR I S0 Rt
4 & #

BUA AT N BRI 7 9 T 45 B 58 22 B 200063 S
A0, 3883 ) L AR DO 45 e ) 5 55 — A3 1) SRR
AR, US55 5 A LA AE PR 20 M. BRI, X i i
1 2 /I 28 0 4% £ SRS B, T 8 K A R 2 )
DL AT N EE AR SR AL S £ 10 bR SCAE B R AE
SRR 2% 5 — AN 25 ) T SRR A 2 1 iR 8T
Y /IN, AR SCA X I [ AR T — A R R £ 3 R
2RO TR AN SZ B I, I E S AR R/
) 52 87 45 31 2 R LR A M B0k (AR AE. A EL R
SR, 4 R R AIE B A S B I8, AR SO 1 3 UK
2 BPAGLHL R FAE 3 T 4R R AE (B 34T N TR

2k I, 7F DukeMTMC-reID F1 Market-1501 4} 45 [ it
AT 7SS, S0 28 B3 B, AR SOV B IS B R a7 BT AR
AT DL 2 O AT N E IR IR R, T B AR AR R IE
A BRI,
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