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Person Re-identification Method Based on Googl.eNet-GMP Based on Vector Attention Mechanism

MENG Yue-bo'?,MU Si-rong' , LIU Guang-hui' , XU Sheng-jun'"?* and HAN Jiu-giang'**

1 School of Information and Control Engineering, Xi’an University of Architecture and Technology,Xi’an,710055,China

2 Artificial Intelligence and Digital Economy Guangdong Provincial Laboratory,South China University of Technology,Guangzhou 510000, China
Abstract In order to improve the accuracy and applicability of person re-identification(Re-1ID) ,a Re-ID method based on vector
attention mechanism Googl.eNet is proposed. Firstly. three groups of images (anchor, positive and negative) are input into the
GoogleNet-GMP network to obtain segmented feature vectors. Then,spatial pyramid pooling(SPP) is used to aggregate the fea-
tures from different pyramid levels,and attention mechanism is introduced. By integrating the multi-scale pooling regions which
represent the visual information of the target,the distinguishable features on multiple semantic levels are obtained. At the same
time, the mixed form of two different loss functions is taken as the final loss function. Experiments on Market-15012 and Duke-

MTMC3 data set show that the proposed method performs better in Rank-1 and mAP indicators than other excellent methods.

Keywords Person re-identification, Attention mechanism,Googl.eNet, Spatial pyramid pooling,lLoss function
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Fig. 1 Inception construction in Googl.eNet
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Table 1  Structure parameters of Googl.eNet-GMP in this paper

%3 KA F K R
Conv-1 3X3/2 299 X299 X3
Conv-2 3X3/2 149 X149 X 32

Pool 3X3/2 147 X147 X 64
Conv-3 3X3/1 73X T73X64
Conv-4 3X3/2 73X T73X80

Pool 3X3/2 T1X71X192
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Fig. 2 GoogleNet-GMP and segmented feature extraction
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Fig. 3  Overall framework diagram of the proposed method
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Fig. 4 Pedestrian segmentation diagram in proportion

3.2 MFAERITEEHNE

3 H A BT AL B — RS 47 43 B AT BE 23 3 il HE Al R
SRR &G B AR [/ REE X P AT A3 A Al R
FUR G 7T RS 0L T RGN 2 0 R4, TS24 [
T B ROMBRAE . R A SCRRM FE 0 R T 22 RO R AT
Jm k.

it GoogLeNet-GMP, 1 A [6] R B2 48 9 AE 1 114 Hi ) [n]
LR T 2 A R SCRMERE R T A A R T
AU 3 S AN REAE AT TR R ML . A by T2 B R
Ak 7 P 380 A A0 55 45 2, BRI T W Ay R S 5k 6 R AIE Y L ER
BEAR B R LAY B IR SRAE . RAR & 9UIR AR B T BEXT Re-ID £
55 A P (EH Al 19 2 )= A T REHE A A B T Re-TD AE: 55 9 A
KAFE . TR B RRAEAR B IR AT [] 45 2 19 1 SRy
i A SCHLAT BAMAY T 38 00 25 B 36 A [l 40 9 45 2 A A i )
RAESATIE S A BT HUIMAL, AP 5 Fros, R T XA 6] 48 45 4%
G b He R 5 5 AL AR HEAT AL, 38 3 5k 2 9 2% B A
WM AE R, ARE Gl R 1S

JIT A 4 55 b AR R AR Y ES AR R RN . IR B AL
FR1E{L (Batch Normalization, BN) 1 Sigmoid R 50K ) 1 %4
EIE—B Lo, 1T CE A ) %R Ry w=[w, .- ,w, ]", 3
HEAS w T LUE R 4 I S GO D) Bk R SRR AT 0
TFs.

i=xt Qwp (3)
Hd, ©°4 hadamark BL, ZER G HXITAE p€ {1, .m, }
PE {1, e, p AT AL A5

=[xl Ow [ pE{Tyem ) Ni€E {1,y p) " (4)

A 4
VER A AL
| B i |j
SPP SPP SPP SPP
S s s s
) S N
==g===  ==pm== smgmme  sesess '
® ® ® ®
w=[m W, "5 Wy Je——=
X = [1\;| X /\;3 ’\}4 ]

5 ARSCHYEERE I HLE

Fig. 5 The proposed attention mechanism

H I A B 2 8 2 R R AE I R AR 75 T B AT R
B 4 08 A GURRAE LA KOS [R) i TR i o i ] A TR

FEH S, =[heon T,
3.3 EFRAARMEIENR

AR 2207 W R T 5 103 450 42 6 244 R 4 33 4T B0 L 2 ) ) o
AR FAE (5 2. L Ah A T LA it Siamese 42 5K 43
T PR 5 B = T8 2 DA 2 (B B0, A SOl 3ok 7
FEAI TG BEA R,

LR b 388 3 IS [ e 2 ) B S VB S 1
BRI . H I L IR0 46 B S MRS [ PR 1R B B o 45 )
E L2 20 % g AR 10 4328 . TR 38 3ot 7 A e A A B
HARAE IR B AT &, LLEAT M ARl 2 3 . BT 4 A X
SHEI MR T

(DB BB, BE /T blocks, FIH p € (1,
P E (e p) FUAERIOREA &, 2 R E FC 2L 310453 5 b
2T S AR A v R B g DU B A U IR S
Lo (3P oy) . WA BT blocks. 4 ¥ % % My th— & %
5B U] P 45 Ak 0 5398 2 5 SR

7m1}7

Lu(D =112'1 é é[ Ay 5)

(OFIEIR . #IE U EHR = o4l i ] g8 2 KIg 3R
iF 22 18] 14 35 L HE P 3t 2% (Boundary Sorting Loss, BSL) 4 :

Law (I 17, 1) =max( || 2 =22 | — | & — % || +

@0) (6)

R AP AR RO T S AR A L IE A Y
RIEHHHEANERERLIZ L MR o,

OIREWE . BIF LRPIABR RELHENE AR N .



TP A T I R B AL GoogLeNet-GMP (947 AR 31| 7 145

L=ALgn (I, I’ , )+ 1—2/3 > Ly D
7€ {a.p.nt

Howp o 2R RV IEROoT R .2 € Lo 1 18 H T B h
51 2 5 A B PE 45E  2 1 B A A

4 ZWHERSHH

4.1 XWIEESHIES

AR EAERLE N intel XU i5 BN & XL E ST, R
FH pytorch 32 8, GPU i GTX 1080, £ #.4 GPU L #l
SGD Ak 28 #0047 100 {CHIUI 2R, W1 R > RN 0. 1,4 40
R E R e 1/10, XFFiA M4 2 M A 0.9 1 37 &
0.0005 PYALE AR . AE P AN AT A HE R 1) 3 o Hh 4 AR |
Market-150120 Fl Duke- MTMC32! | 3E4T T 52 86 3 44 . 36
SPREGI R AR B 6 BT R, A Rank-1 #0107 39085 5 2 14
(mAP) $5 b5 K VRS VEBE L H P Rank-5 1 Rank-10 i 5 % 1Y
i sRank-1 F1 mAP Fl F 14k,

(1) Market-15012 4 45 £ & 6 3 A [7 A48 HL 3 42 20 59
1501 47 A 32668 ik E% ., A 5 k44 0 #5453 3 W) — A4
AN Lk EG . Hoa il gr e M4 7 9 5 750 #1751 4~
AP AAR . W B AT A ERAE S — A S A5 A7 4B 48
L PR 12936 R R MR AE 4 A0 & 19732 sk 1#
&4 3368 sk KM .

(2)Duke-MTMC3 %4/ 5 8 1 8 6 A0 ALK 4l 42 & 1%, -
NTTARVE T 6 BIAE, 2B 42 289 & 1812 A 47 A, Horp
1404 A7 N TE—F LA - AHTHLAR BE 00 S b B B, % o &t
NEAT N B BB AE g — A 5 BUIAAF T 8508l 4 o, IR 4
LAY 702 MT AN INGEME 16522 FkEE, L4 4
S 17661 5K & KR R 2228 sk AR

(b)Duke-MTMC3 %4 4 I 1) 358 43 K ] 114
[l 6 B AR 1] IR 15

Fig. 6 Sample images in datasets
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Table 2 Comparison of test results on Market-15012 dataset
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Table 3 Comparison of test results on Duke-MTMC3 dataset
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Fig. 7 Results of partial pedestrian re-identification
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