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A Person Re-identification Method Based on Improved Triple Loss and Feature Fusion

ZHANG Xin-feng and SONG Bo

Faculty of Information Technology,Beijing University of Technology,Beijing 100124, China
Abstract Person re-identification aims to retrieve specific pedestrian targets from the target database under the condition of cross
camera. It has important application value in the field of video surveillance. At present, the difficulty of the research is that the
sample images have large intra class differences and small inter class differences. Therefore,how to design and train the deep neu-
ral network to extract a more discriminative feature from pedestrian images is the key. In this paper,we propose a network struc-
ture combining global features and local features learning, which can extract global features and local features simultaneously. In
view of the different importance of each part of the local features to the description of pedestrian features, this paper proposes a
fusion method of local features,which can adaptively generate the weight of each local feature. Finally, the local features and glo-
bal features are combined to make the pedestrian features get more comprehensive representation. In addition.in view of the fuzzy
optimization objective of the previous triple loss based on hard sample mining, this paper proposes an improved triple loss function
based on hard sample mining. The effectiveness of the proposed method is verified on the mainstream person re-identification data
sets Market-1501 and DukeMTMC-relD, respectively,and the mAP values are 82. 16% and 74. 02% ,and the Rank-1 values are
92.75% and 86. 8% ,respectively.
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AFZAE Y Triplet Loss 1 28 b6 4. 1B X F 1 55 o6 B0A H R KR
PE . BEXELL B 7R A AR Y IR, AR SC T ¥R 7E Market-1501 B
Rank-1 Fl mAP /353K %] T 92. 75% Ml 82. 16 % , & 2 T Ak
PR 1) )5 s PSET 43 IR FF T 5. 05 % Al 13. 16 %,
Bt T8 P 5 ¥ APRMY 5. 75 9% FI 15, 26 %, M Tri-
Net® 3 BIR T+ T 7.83% 1 13.02% , 5 PCB-RPPAH L, A
CFE mAP _EE i 0. 56% . 7E Rank-1 _F JLF—#, 5 B A 3¢
7% mAP (95 5 AL {25 PCB-RPP™™ A L, 4% 3C 38 i
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Table 1  Comparison with related methods

CHLfT 2 %)
S Market-1501 DukeMTMC-relD
mAP Rank-1 mAP Rank-1
LOMO+XQDA? 22.22 13.79 - —
LOMO-+ Null Space ) 29. 87 55.43 - —
PIE'?] 53.87 78.65 — —
pSEL?) 69.0 87.7 62.0 79.8
Spindle 2% - 76.9 — -
APRIM 66.9 87.0 55.6 73.9
TriNet! ) 69.14 84.92 - —
PCB-RPP-! 81.6 93.8 69.2 83.3
KX I % 82.16 92.75 74,02 86. 80
4.3.2 M%AHEE

(DAE o« F1 8

o FI B AR SCHT Ay Triplet Loss "By P4~ 2 %0, H
T HIEARXT R X ERE . R 2504 T AN o416 T
Market-1501 | #4795 i 15 1 19 mAP #1 Rank-1 {H. 355
SRR AT o F1p MAHEG X R4 —E R, K
SCHE Market-1501 30864 |, 2 o B 0. 3,8 HL 0. 7 B REAH 9 4%
BB 1y 4

#2 AH e, fAE THMREE

Table 2 Comparison using different combinations of ¢ and

CHAAL 20

a B mAP Rank-1
0.1 0.3 79. 44 92.31
0.1 0.5 79.02 92. 34
0.1 0.7 79.90 91.81
0.1 1 79.05 91.72
0.3 0.5 80. 00 92.73
0.3 0.7 81.01 92.61
0.3 1 79.15 91.83
0.5 0.7 82.16 92.75
0.5 1 79.36 92.34
0.7 1 79. 81 92.22

(AR FFAELERE f

R T U B RRAE A () 1 A B AR A 1 1) R L AR S 43
PRI GE ) o 512.1 024 F1 2048, 7E Market-1501 % % 45 F
BEATIEEG . MR 3 ARy SEI 45 IR AT LB B R AR 4 B O K s
b /N F TR R AR AR . Y ARAELEEEHL 1024 B, A
SCHEEED Y M BE A A K B BCEF Y 2

F# 3 ARFAEgEEHS § TR LR

Table 3 Comparison of different feature dimension

CHLA 2 %6)
B AE 4 mAP Rank-1
512 80.58 92.19
1024 82.16 92.75
2048 80.51 92,87

4.3.3 M%K%tk

(1) o 25 25 44) 119 31

F 4 BT A SCHE Market-1501 Al DukeMTMC-relD %%
PadE b B WK U CrossEntropy Loss Fll Triplet Loss,
FRAEZEIE N 1024 BERFE M S H & T rEfess R, 4
Jr AR B OB He i o 4 Rl TRl 2 B T R A3, B
L B AR B AT KT S0 1 230 . R SRR AE BSR4 18 2 MY 1,
B S5 L5 1 =8 I Ry JR) 3 R0 A B2 OB e 1) 42 JR) S » =% B
JRI T AR IR 4 U B Y R T AR B ST . AR 4 T LLFE #
1E Market-1501 4l 4 b4 3 4 Jn) Rp AR 32 BRUASE B 0 =) 33 R AR
2 ORI iy 0 2% 45 1 L B R 4 Jm) R AIE 4 HRUBE B 1 18 4%
£ Rank-1 Fl mAP _E43 55 ih 1 6. 39 % F1 7. 65 % , B 7E X
T I 2% 11 ] B 42 AT N T 0 4 Ry R A AR 8RR AR 2 A 2 L
HALER, AL R AR RlA ST Y 4 R R AE 3 OB R R
IS AR 1T i IR e 1 T 6% 45 A0 L O A0 5 R 308 R A1 Al A SO 1 4
Jr R A i OB e 1 Jeg 30 AR AE 4 BBOASE e 1) ) 4% 45 # AF mAP |
w T 0.93% HTE Rank-1 (Y4845 1 & 45 B B 09 42 7, i A
JRFBRHAE Al S AT mAP (AR FRSE B K, mAP fif it T iR
Wi 1 R 5 R I B R S TRl — 1D 9 B 5 SRR A B 7R —
FEFRBE U] T R AR AR Rl SR Y e SR SRR AR 1 A T AT
TilA 1 75 BE BE A 1h ) 4% o J B MU e R T B A B A L T
RGP SR A AT N S Al — 1D (9 18 Jr 3R [l i S AT
ABAETIT
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Table 4 Performance comparison of different network structure

combinations
CAiz %)
Market-1501 DukeMTMC-relD
9] % 45 g
mAP  Rank-1 mAP  Rank-1

4 Ry AT $R IOHE B 71.30  86.28  60.56  78.37
4 R HEAE $R B B+ B B AR
B I CF & R 3 B AE B 6 300D
A Ry $FAE 4R BUBE B+ B 3 45 AE R
B R4 4 B X i)
ARBERBMES+ BB ERBAHS 79.88  92.28 72.84 85.41

78.95  92.67 72.21  85.86

77.35  91.81 69.65  84.34

(2) 458 2% pR A T il

530 T AR SCHE Market-1501 Hl DukeMTMC-relD %%
P4 b, B 4 Jm R AT it HRORSE BRI Jmy 50 A5 AT 2 HRUASE B 1)
X 2 45 K R AR AE 28 BE R 1024 B, 46 S [) 90 4% 45t 2 2R e
EHRRE R, INFE 5 LA T, i | CrossEntropy
Loss Fll Triplet Loss 3£ &39I 25’ 4% e 80 ffi FF] CrossEntropy
Loss fE Market-1501 F 9 Rank-1 #1 mAP > & H T
1. 01%F 3. 56 % ,7E DukeMTMC-relD [ Rank-1 fl mAP |
AT 2. 16 0 F 4. 54 %, BLBHER B WA loss Y ZhJ& A 2L
), i ] CrossEntropy Loss FIAS SCEt #E 1Y Triplet Loss Fbfi
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H] CrossEntropy Loss fTLLfE ) Triplet Loss 7 Market-1501
i Rank-1 Fl mAP 405 &t 17 0. 472680 2. 286 £ Duke-
MTMC-reID |- # Rank-1 1 mAP 4+ 3 @& H T 1. 39% M
1.18% , A WA SCFf et () Triplet Loss A %42 T+ T 8 & 1Y
TERE .

5 REBKREHE T PR L

Table 5 Performance comparison of different loss function

CHRA 20
M -1501 D MTMC-relD
R % 5 Hy arket-15 uke C-re
mAP  Rank-1 mAP  Rank-1

CrossEntropy Loss 76.32  91.27  68.30  83.25
CrossEntropy Loss—+ Triplet Loss 79.88 92.28 72.84  85.41

CrossEntropy Loss+ & X % # 19

. 82.16  92.75 74.02  86.80
Triplet Loss

4.3.4 TR HT

Pl 3 Sy X ] — i 5 22 380 P 1, 20 i A A T ) 67 AT A R
FIRIAT 10 MR R, B3, b — 20 S R4 R AR AE Y 7
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Fig.3 Top 10 returned images using different features
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