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Global and spatial multi-scale contexts fusion for vehicle re-identification
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Abstract: Objective Vehicle re-identification issue is concerned of identifying the same vehicle images captured from mul-
tiple cameras-based non-overlapping views. Its applications and researches have been developing in computer vision like
intelligent transportation system and public traffic security. Current sensor-based methods are focused on hardware detectors
utilization as a source of information inputs for vehicle re-identification, but these methods are challenged to get effective
information of the vehicle features in related to its color, length, and shape. To obtain feature information about the vehi-
cle, most methods are based on label-manual features in the context of edges, colors and corners. However, such special
decorations are challenged to be identified on the aspects of camera view variation, low resolution, and object occlusion of

the vehicle-captured images. Thanks to the emerging deep learning technique, vehicle re-identification methods have been
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developing dramatically. Recent vehicle re-identification methods can be segmented into two categories: 1) feature learning
and 2) ranges-metric learning. To enhance the re-identification performance, existing methods are restricted by multi-scale
contextual information loss and lacking ability of discriminative feature selection because most feature learning and ranges-
metric learning approaches are based on vehicle visual features from initial views captured or the additional information of
multiple vehicles attributes, spatio-temporal information, vehicle orientation. So, we develop a novel global and spatial
multi-scale contexts fusion method for vehicle re-identification (GSMC). Method Our method is focused on the global
contextual information and the multi-scale spatial information for vehicle re-identification task. Specifically, GSMC is com-
posed of two main modules: 1) a global contextual selection module and 2) a multi-scale spatial contextual selection mod-
ule. To extract global feature as the original feature, we use residual network as the backbone network. The global contex-
tual selection module can be used to divide the original feature map into several parts along the spatial dimension, and the
1 x 1 kernel size convolution layer is employed for the dimension-reducing. The softmax layer is used to obtain the weight
of each part, which represents the contribution of different parts to the vehicle re-identification task. To extract more dis-
criminative information of vehicles, the feature-optimized is melted into original feature. Additionally, to obtain a more dis-
criminative feature representation, the feature outputs are divided into multiple horizontal local features in this module and
these local features are used to replace global feature classification learning. In order to alleviate the feature loss in the
boundary area, local features-adjacent have an intersection with a length of 1. What is more, the multi-scale spatial contex-
tual selection module for GSMC is introduced to obtain multi-scale spatial features via different down-sampling, and, to
generate the foreground feature response map of the vehicle image, this selected module can be used to optimize those multi-
scale features, which can enhance the perception ability of GSMC to the vehicle’ s spatial location. To enhance the effect of
the foreground, an adaptive larger weight can be assigned to the vehicle. To select more robust spatial contextual informa-
tion, a smaller weight is assigned to the background for alleviating the interference of background information. Finally, as
the final feature representation of the vehicle, our approach can fuse the features in the context of the global contextual
selection module and the multi-scale spatial contextual selection module. In order to obtain a fine-grained feature space,
GSMC is used for the label-smoothed cross-entropy loss and the triplet loss to improve its learning-coordinated ability over-
all. In the training process, in order to make the model have a faster convergence rate, our model is implemented in the
first 5 epochs to keep the model stable in terms of the warm-up learning strategy. Result To valid the effectiveness of our
approach proposed on vehicle re-identification task, we evaluate our model with some state-of-the-art methods on two public
benchmarks of those are VehicleID and vehicle re-idendification-776 ( VeRi-776) datasets. The quantitative evaluation
metrics are related to mean average precision (mAP) and cumulative matching curve (CMC), which can represent the
probability that the image of the probe identity appears in the retrieved list. We carry out a series of comparative analysis
with other methods, which are additional non-visual information and the multi-view leaning methods. Our analysis is demon-
strated that it can surpass PNVR (part-regularized near-duplicate vehicle re-identification) by a large margin significantly.
On the VehiclelD dataset, we improve the rank-1 by 5. 1% , 4. 1% , 0. 8% and the rank-5 by 4.4% , 5.7% , and 4. 5%
on three test subsets of different size. Compared to PNVR on the VeRi-776 dataset, GSMC gains 2. 3% and 2. 0% perform-
ance improvements of each in terms of mAP and rank-1. The lower ranks of CMC accuracy illustrates that our method can
promote the ranking of rough multi-view captured vehicle images. Furthermore, we use re-ranking strategy as a post pro-
cessing step over the VeRi-776 dataset and the results have significant improvement in mAP, rank-1 and rank-5 scores. At
the same time, to verify the necessity of different modules in the proposed model, we design an ablation experiment to clari-
fy whether a single branch can extract discriminative feature or not and the effectiveness of the feature fusion of the two mod-
ules is optimized as well. When different modules are added sequentially, the combination can realize the performance
improvement by a large margin on mAP, rank-1 and rank-5. We are able to conclude that our proposed module is effective
and can be capable to pull the images of same vehicle identity closer and push the different vehicles far away through the
comparative analysis in relevant to the experimental results, the attention heat map visualization and the foreground feature
response map. Conclusion To resolve the problem of vehicle re-identification, we develop an optimized model in terms of a
global contextual selection module and a multi-scale spatial contextual selection module. The proposed model has its poten-

tial effectiveness in the extensive experiments in comparison with two popular public datasets mentioned.
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Fig.1 The challenges of vehicle re-identification task

((a) intra-class difference; (b) inter-class similarity; (c) low resolution; (d) occlusion)
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Fig.2 The overall structure of the global and spatial multi-scale contexts fusion for vehicle re-identification
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FoN0.000 1, HAES 15 A~ F%E 40 4 epoch B} 5
W, A4 Adam, B2 0.9 HEAL KNy 64,
ERIRGI S R 256 x 256 182, X TR A
B YIZREAR B 16 W ID(ZE5) 89440, B4
ID f4% 4 TRBEHLIERERY EIER
3.2 HIE&ERITFMiER

T SRR R A R TR FE R A TR
JE4E VehiclelD ( similar vehicles) ( Liu 4¢,2016a)
VeRi-776 (Liu %5 ,2016 ; Liu %5 ,2018a) [ #F7 5256,
K H rank-1,rank-5 Fll mAP( mean average precision )
PN AR PR PR Y PERE . rank-1 F rank-5 73538
INEERGNR N HEA T 1 FIET S 45 50w W
R, mAP RoRFEIERA,

VehiclelD $dfa 5 th 2 90 A BN B 2 19 42

FRAR KA P IRATIE Y A 200 PR 2R 0, 0 2 AR 411 5%
B HA RS HL, 3k 221 763 15 26 267 541
G, SR 2 8. 44 R P&, Forb 10 319 4R
90 196 WREMRARTE 14 AVGE(E R . Bdl 4 v i 24
L7 M@, 250 R RS BOE AR o 2R AR S5
A IR 13 134 FiZEMY 110 178 IR 724
B MXAEAR I 4490 R R B B Lo S/ NI v
SERUBIRN R R 1o~ 4 A e B th 21 1D 19 1 1R
BRI, T A UG A AT AR | A>T AR
5 (924 1D K053 532 800 .1 600 A2 400 A, Hi T
feE g b AL RS ID Y 1 IR G4 RS Btk Ll
HH rank-1 5 rank-5 fE 2805 4 I PEREPE M 48 4R

VeRi-776 BHE4E 21 VeRi( Liu 55 ,2016¢) 54
R LY AR E S 1 2 B9, B 4 P i A R
218 AR E AR A R BB h a4, KR A
AARFRIA BEPIHDCIRS, AR R aeE 776 4
({930 50 000 IR IEIE , Horh, 576 $H4E 1 37 778 IRIEIE
PERVIZEAE 200 24219 11 579 e PR Ryl 4
Bl A EHR AR 1 T 2240 1D 2280 DL K 4
B, 39 FhARL 10 PP, MAD BRTE T AT 450
B s 5 RIS AL Z A R B, £ 4% rank-1
rank-5 1 mAP YEZEHR L PEREVN 51T
3.3 S5xmEEHeE

R YR AR SO I RE 7R S 2 S A R
EHESE 5 VAMI( viewpoint-aware attentive multi-
view inference ) ( Zhou HI Shao, 2018 ) . AAVER
(‘adaptive attention model for vehicle re-identification )
( Khorramshahi 4§, 2019 ) . PNVR ( part-regularized
near-duplicate vehicle re-identification ) ( He %%,
2019a) . RAM ( region-aware deep model ) ( Liu 5%,
2018a) #l1 SPAN + CPDM ( semantics-guided part at-
tention network + co-occurrence part-attentive dis-
tance metric) (Chen 55,2020 ) &5 F i B3 47 LA
3.3.1 VehiclelD B LI 45H

7 VehiclelD i b, Yo MBI it -4 ik
FTSE8 , PR Ry H 5 T 22 LA DA 0 2 R TR
ICEE - Y TR S0 5 53 e ) 248 A5 2 1) -
BEPERNZ AL RE J1 . SEEG Y Baseline 455 7Y [A] i {5 FH
P A0 38 U 4 2% pRVECRT = Jo 2H PR AR , VL Res-
Net-50-ibn-a g HER R 45, 2 1 A SCHRAL S 35
ZEER S A 3 NI 4R BT IL SR . A
L JE 90 5 7 A Baseline , AR SCABE 78 7E RHAS I 3K
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FAE FHUS T R4S 8, rank-1 Fl rank-5 $84547
R 75.0% F190.9% S T ZMMEN Tk
(1 VAMI A H AR SC 25 78 RSNt 1 4 - (13T
M 45 F rank-1 1 rank-5 20 932 & T 27.7% F
20.7% , AAVER J73k A] LUK 4 Jsy R4 5 38 o i 1
3 R B a5 R ) B 3 T T AL 3R A5 A 4 R
i e (5Pl NN N (O E IR e R = SO ¢
) B R E R IE R D, 5 AAVER Jr AR LG, A
SCHEH AL R S A R 2 RE B SUE B 450
FY 3 AT LAAS B Z2 (0 47 B ) R AE  rank-1
Al vank-5 FEFRBIFEE T 11.5% F15.3% , SIHE
V) Ak 38 38 4k 13 R 3 B9 PRN A HE, 78 3007 B R

4 SRR RS IS | 7E VehiclelD JHIBEINIR 14
LY rank-1 5 rank-5 23545 T 3.5% F12.5% .
SAN i AR 430 AR B 4 R B R SCfE A, A
S SRR R, (EE: Z0 T N [ 35 4 1 B 22
FEEE . 5 SAN FH L, A SO VA AE KA i -4 -
#Y rank-1 5 rank-5 205042 F+ T 0. 6% F12.3% ., i
1L SEG A ML AL, AR SO AL R T B M A B
ZAET R4 BT SCRAIE S PR N 22 R
23 (8] bR SCRPIE R nT LB S 45 T 2 4 )
(RS, AN RE SR 440 A [) 0 o7 1) =2 2 i L m]
PAX A3 i s B AR 58 5, Wom AR A S ek, (15
HEEM R, XTF VehiclelD 308848 , 5 41 1D

LTS 4 ) TR T LR %

A1 IR, R, S R A E R

%1 VehicleID ##FE&E E5F R A EMREITLL

Table 1 Performance comparison with state-of-the-art methods on VehicleID dataset

. NI 4R PSRRI 4R TR 4

ok rank-1 rank-5 rank-1 rank-5 rank-1 rank-5
DRDL( Liu 4 ,2016a) 0. 490 0.735 0.428 0. 668 0.382 0.616
OIFE( Wang % ,2017) - - - - 0. 670 0. 829
VAMI( Zhou FlI Shao,2018) 0.631 0.832 0.528 0.751 0.473 0.702
AAVER ( Khorramshahi 2§ ,2019) 0.747 0.938 0. 686 0. 900 0. 635 0.856
RAM( Liu % ,2018a) 0.752 0.915 0.723 0.870 0.677 0. 845
GS-TRE(Bai % ,2018) 0.759 0.842 0.748 0.836 0.74 0.827
PNVR( He % ,2019a) 0.784 0.923 0. 750 0.883 0.742 0. 864
PRN( Chen %,2019) 0.789 0.948 0. 749 0.920 0.715 0.884
SAN( Qian % ,2019) 0.797 0.943 0.784 0.913 0.756 0.883
Baseline 0. 682 0. 804 0. 678 0.777 0. 666 0.761
A3 0. 835 0. 967 0.791 0. 940 0. 750 0. 909

PR R R BRI R ¢ - " TR ZB R A L4

3.3.2  VeRi-776 UL L 25K

2 AR GSMC B E EFFIELE VeRi-776
Bl FROPERE LR R . ol LI Y 32 A Y
PEREDL T A MELSERFAE A J7 7% FACT + SNN
+ STR (fusion of attributes and color features + sia-
mese neural network + spatio-temporal relations) ( Liu
ZE 2016¢) . OIFE + ST (orientation invariant feature
embedding + spatial temporal regularization ) ( Wang
45 2017) JRAM ( Liu %5 ,2018a) i ok 25 00 I 22
()73 VAMI ( Zhou #i1 Shao,2018) . PNVR ( He 4%,
2019a) #1 AAVER ( Khorramshahi 45,2019) , 5[R|%E

i FH 42 bR SCfF B RAM (Liu %,2018a) AH L,
ARSCOTEAEBA G ABEHIME B0 5T, mAP
rank-1 Fl rank-5 ¥8 4553 A4 F+ T 2.3% 3. 0% Fil
1L.0% . 545G T2 RFHIER 4R BT SCRE S5 1Y
SAN FH A SCO7 vk et 4t Y 22 RUBE 25 [] B 3¢
FEEFAREL mAP rank-1 F1 rank-5 #8455 4 T+
T16.1% 7.7% 4. 1% . SPERESE 2 19 PNVR A
Ho, #2 BY B9 mAP A rank-1 $F8 4570 5 SE B T
+ 3.1% F + 2.0% ROWTRIE 45, R, S
Re-ranking ( Zhong % ,2017 ) YE 4 VeRi-776 BHE 51
Ja AL BRAY | TE k-H R Giht ( Zhong 55,2017 ) EEHE
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EFIRE, raatd, SiFF, AR, FE, BAFH
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FPEEAE I 5, mAP M\ 77. 6% B4 E] 80. 8% , #4
R AR PE BE I T, SCIR 25 R $E il
(B AUARA AT LI B4 R SRR AE 172 2], 15 51 4
A e DRI LM 440, T L AT DL AR A R TR R
(R IE , KT RR AR A T 45, b 0 T S ol P 0o 4 Ry
T SR, 1] LAAT R I 7K S R0 A 728 Aty Sk AN
F20R 30 A SE RSP BE A X HE, UEBA T AR SCRL AL 1Y
HRE,

®2 FEFHETE VeRi-776 HiEsE FAIIERERTLE
Table 2 Comparison of performance of different
methods on VeRi-776 dataset

Vikes mAP rank-1 rank-5

FACT +SNN + STR( Liu %% 2016¢) 0.278  0.614 0.788
OIFE + ST( Wang % ,2017) 0.514 0.683 0.897
NuFACT( Liu % ,2018b) 0.485 0.768 0.914
VAMI( Zhou FI Shao 2018 ) 0.613  0.859 0.918
RAM( Liu % ,2018a) 0.615 0.886 0.940
VANet( Chu % ,2019) 0.663  0.898 0.960
AAVER (Khorramshahi %5 ,2019)  0.611  0.901 0.947
SAN( Qian % ,2019) 0.725 0.933 0.971
SPAN + CPDM ( Chen % ,2020) 0.689 0.940 0.976
PNVR (He %5 ,2019a) 0.743  0.943 0.987
Baseline 0.715 0.933 0.971
AL 0.776  0.963 0.981
Re-ranking 0.808 0.968 0.976

TE R R B S R AR

3.4 HELSEIG

T UE B SR Y % AR R A R T
T2 SRR AR = JCH R B G DLAE Y Baseline 1]
LRI LA b Sl B AP S N4 Jey b SCRMIE e R A5
Yo ROBE 23 o] 1R SCRMIE S R 7E VeRi-776
Bt A bb I S g A5 B A BN Rk i B T
ROR AN, Ny 1 — DR WX AR A
Yol 38 A N s TR) A R D0 AL ] ks
B, SCHRASRARH A5 4R T TSR A AR A% BT A Al
TR A0 OC B SRR AR, AR SC T 5 Y mAP | rank-1 Al
rank-5 $8HR 73 4R TH T 5. 6% (2. 1% F10.6% . AN
[ A AR Y g 45 R Ik 3 s, Hob 26
1 17 2ACHY Baseline MZSHESE | GCS(global contex-
tual selection module ) #7842/ E T SCRIF L B

B MSCS ( multi-scale spatial contextual selection mod-
ule) 378 2 RUFE 23 0] bR SCRAE E B B, PART
(‘part based partition module ) & 7~ & = D] K] 4345
B Attention & 7 JE T 18 4 Fl 2S04k /9 7 2= 5
PL

x3 ARAEREASHINHILER
Table 3 Experimental results obtained by

combining different modules

WIRrS mAP  rank-1  rank-5
Baseline 0.715 0.933 0.971
Baseline + Attention 0.720 0.942 0.975
Baseline +GCS 0.724  0.951 0.979
Baseline +MSCS 0.725 0.945 0.977
Baseline + GCS + MSCS 0.745 0.952  0.979
Baseline +GCS + MSCS + PART ~ 0.776  0.963 0. 981

TE L PR R % 9 R A4 2R

3.4.1 A2 B SCRME AR R

B 4 )R bR SCRRAE 18 £ 45 B i BB
Baseline /L, 3 3 %5 3 17 5% 1 1701 1%, mAP,
rank-1 F1 rank-5 F§ A5 25 T 0.9% . 1.8% #l
0.8% . MNE3IH 44T HHE ST LA, ETEZN
JEAS ] B SCRMEE PR G | A4 )Ry bR SCURMIE %
PEREHRS  mAP rank-1 F rank-5 $8558 X538 E T
2.0% ,0.7% F10.2% . XL HEUEN T4 I
N SCEREAI AT R, v DL ) B A0k EE Y A 5]
FE.

Kl 3 02 4 HINAS R BT SCRE PR AT
MARAETE B I  B A 9 R iR G R, b
] B2 I AZASE SR T B 1 0 L A 9 R ki
BT it %3 AT 0 R R AN R
XFP 0 S oy B 2 S iR I 2% R DL
B OCTE B O, R m E W E U R MERE . TEA
AR R B RO, B B RE 05 A R 42
F 5 AR R R AE AT AR T BRI AbTE
3.4.2 ZRUEZSA] BT SCR AR FEAR R

TESH I ZRIT Bl FHAE A 1D 1R AY 4= 15
BTN SR P 2 e A T B AR IRB AR 1X /)
R ST R e o RR AR W (BB T 1, R
SR A A1 A B 3B R M T 0, ROR T R B9 HE
R TEM K B, 2 R 25 ] bR SCRPAE 4%
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K3 BEA SR bR SCRAE SR BEH AT R AR AE T 7 ) AR
Fig.3 Feature attention heatmaps before and after entering the global contextual selection module

((a) vehicle ID-1; (b) vehicle ID-2; (c) vehicle ID-3; (d) vehicle ID4)

R AT 2 T A A\ 200 AR ) T S5 R A e i ]
M@ AN ThryE, @RI F 4175
Baseline YSEIR 45, i FH T 2 ROEEZS (0] L F SCR:
A B BEAL IR A P 28 A mAP  rank-1 F1 rank-5 43 5]
RET1.0% 1.2% F0.6% . ¥E3HSIT553
TTIIZERXT L, 0T LA ) Z B HAE mAP $8 45 L3
T 2.1% o XEARR BRI FAE AT T 2 U8
VERE, A AR AR 3 BE T 358 R AT R 3 i T S 1)
B, T ST B/ R R NS SR RE I 3R
RN R0 2 R IER A, B4 SR T 44

(a) ZE4i1

(b) Ffi2

fifi F 22 ROBEZS o] b N SCRMIE e B AR i 43 IR 15
BRI SERA AR L &, v DL 3, i s s n] DL
iffy AR 81 2 3

BT LB [T ot 4 0 e 1R U3 S B 45 2R 1Y) 5%
M &b A5 FH R D0 40) 53 1 3k B0 S B 80 1% vk T
DI —A™ ey 3R I T AS 2 A FH 4 i AR 0 4 e
TEHEAT e ) iR 3 55 6 17550 S AT
ZE R Z ) mAP rank-1 F1 rank-5 545 X 5351 i
BT 3.1% (1. 1% F10.2% , M L5 T Baseline , 745
Ve Fatn LA TARKRMPERRER T,

(d) Zhwi4

(c) %403

K4 2 REZZs ) B R SCRMEZERRARERAS 21 04 4 B i SRR e Rz 141
Fig.4 The vehicle foreground feature response maps obtained by the multi-scale spatial contextual selection module

( (a)vehicle ID-1;(b)vehicle ID-2; (¢ ) vehicle ID-3; (d)vehicle ID4)

4 &

RSOV T AR 55 T ) Bk e, 32 11 T
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PR 2 285 2 T AN [7] 35 70 X6 Rz ) A JRE ik )
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7 M A 590 R R PR ASL (LA 1 it i 7 % 3R
HEBA A RZ IR, O 75 5 T /N A S BRITC AR R
KBRS B bR 58 St o B, R AR s
ik, R TSI X T A2 2 (8] o7 B RFAE A IRBORTRE ), 3R
PO SN R A 2 SR R . FE PSS TR
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Xt HE S8 AN SO ik T DL R AR TSR OR  UE T
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ARSI 4 B WAL 15 B4R U4 0 0 A
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