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Cross-dataset person re-identification method based on multi-pool
fusion and background elimination network
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Abstract: The existing cross-dataset person re-identification methods were generally aimed at reducing the difference of
data distribution between two datasets, which ignored the influence of background information on recognition perfor-
mance. In order to solve this problem, a cross-dataset person re-ID method based on multi-pool fusion and background
elimination network was proposed. To describe both global and local features and implement multiple fine-grained repre-
sentations, a multi-pool fusion network was constructed. To supervise the network to extract useful foreground features, a
feature-level supervised background elimination network was constructed. The final network loss function was defined as
a multi-task loss, which combined both person classification loss and feature activation loss. Three person re-ID bench-
marks were employed to evaluate the proposed method. Using MSMT17 as the training set, the cross-dataset mAP for
Market-1501 was 35.53%, which was 9.24% higher than ResNet50. Using MSMT17 as the training set, the cross-dataset
mAP for DukeMTMC-relD was 41.45%, which was 10.72% higher than ResNet50. Compared with existing methods, the
proposed method shows better cross-dataset person re-ID performance.
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AIMSMT17 A A IZREEIT, MPF+T5 50 R 9 24 1)
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MSMT17  MPF 60.09% 74.01  78.54% 36.97%
MPF+H 5k 64.91% 77.88  82.10% 41.45%
*4  MSMT17 WEHIEEBIRGIER
Wtk P 2% Rank-1 Rank-5 Rank-10 mAP
ResNet50 14.62% 23.82% 28.75% 4.31%
Market-1501 MPF 23.92% 34.09% 3991% 7.87%
MPF+3 5016 32.80% 44.91% 50.45% 10.76%
ResNet50 22.43% 34.30% 39.88% 6.95%
D“ker’:IgMC' MPF 2035% 41.59% 47.48% 9.36%
MPF+3 5016 38.65% 51.20% 56.67% 13.19%

5 J5 % ResNet50 2% . MPF [ 2% il MPF+1¥
ST BRI I R T30 T LU RS, N 5 FT. MPF
LR T ik s, FLYIZRT R ResNet50 ¥

2 W A P34 i . MPF+

db =L
H 5%

MM G T

MPF 2% 5547 i B 15 S BR R 2%, LI R [a) 2t

.



Ejd Ha41 %

.78 . WA
%5 ENEE: € :0p AR
HR4E ResNet50/min ~ MPF/min  MPF+75 5:4F2/min
Market-1501 66 96 200
DukeMTMC-relD 100 150 325
MSMT17 200 240 560

44 S5UBEBEHIREEFZNERELER

T MSMTI17 247 NFRRuEdE4E, Hirfl
H MSMT17 #7858 L S () ki b, ik
ASCAAE ] Market-1501 %04 45 F1 DukeMTMC-
relD 48 5 A S BR80T L. R 6 4
BT I 4E S Market-1501 £ 85 45, MR 4E N
DukeMTMC-relD [ EHEERT LS R & 7 43
T4 K DukeMTMC-relD, WX %E 4 Market-
1501 [PEsE s AR AT L g 35 i 6 FIER 7 nT LR
7t DukeMTMC-relD ##f 4 AR, MPF+75 5t
BRI Z8 ) Rank-1 1 mAP 205k 3] T 55.57%F1
30.73%, LI PERESLF ) HHL JriktEaedest 7
8.67%H1 3.53%. £ Market-1501 s LA,
MPF+75 54 R RI2% ) Rank-1 F1 mAP 3 5ik%] T
62.48%H130.72%, 5L PERES U HHL J7i5HRF

% 6 Market-1501—DukeMTMC-relID HJ

FEHIBELE R
2% Rank-1 Rank-5 Rank-10 mAP
TI-AIDL!" 44.3% 59.6% 65.0% 23.0%
MMFA! 45.3% 59.8% 66.3% 24.7%
HHL!" 46.9% 61.0% 66.7% 27.2%
PT-GAN["®! 27.4% — 50.7% —
SP-GAN!"! 41.1% 56.6% 63.0% 22.3%
ATNet?"! 45.1% 59.5% 64.2% 24.9%
MPF+15 5 ER - 55.57% 68.81% 74.06% 30.73%

#* 7 DukeMTMC-reID—Market-1501 &Y

SHIRELE R

%4 2% Rank-1 Rank-5 Rank-10 mAP
TJ-AIDL! 58.2% 74.8% 81.1% 26.5%
MMFAL!S! 56.7% 75.0% 81.8% 27.4%
HHL!" 62.2% 78.8% 84.0% 31.4%

PT-GAN!'®! 38.6% — 66.1% —
SP-GANL"! 51.5% 70.1% 76.8% 22.8%
ATNet?! 55.7% 73.2% 79.4% 25.6%
MPF+1 5t 62.48% 78.12% 84.27% 30.72%
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