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Abstract: The key to person re-identification depends on the extraction of pedestrian characteristics.
Convolutional neural networks have powerful feature extraction and expression capabilities. In view of the fact
that different features can be observed at different scales, a pedestrian re-identification method based on Multi-
Scale Attention Network(MSAN) fusion is proposed. This method samples the features at different depths of
the network and fuses the sampled features to predict pedestrians. Feature maps of different depths have
different expressive powers, enabling the network to learn more fine-grained features of pedestrians. At the
same time, the attention module is embedded in the residual network, so that the network can pay more
attention to some key information and enhance the network feature learning ability. The accuracy of the
proposed method on the datasets such as Market1501, DukeMTMC-reID and MSMT17 V1 reaches 95.3%,
89.8% and 82.2%, respectively. Experiments show that the method makes full use of the information of different
depths of the network and the key information of interest, so that the model has strong discriminating ability,

and the average accuracy of the proposed model is better than most state-of-the-art algorithms.

Key words: Person re-identification; Multiple scale; Attention; Residual network; Metric learning

Wk H: 2019-12-13; Bl H Y. 2020-06-17; WIS HIR: 2020-07-20

MEEEHE: EAAE  wangfenhua@Qustb.edu.cn

BEWH: ERESHARESE D (2017YFB1400101-01), bRk K5 i e B AR L 45 9 6 05 (FRF-BD-19-002A)
Foundation Items: The Key Projects of National Key R & D Plan (2017YFB1400101-01), Beijing University of Science and Technology
Central University Basic Research Business Expenses (FRF-BD-19-002A)


http://radars.ie.ac.cn/CN/10.11999/JEIT190998

3046 B 7 5 &

2 % 5426

1 5|8

17 NE R (person re-identification) 74T A
PR, gk NGRS I X — i S s, Bz
IR —ANEGR RN 7R, 7 ANE R R
THENUAI B 52 A ) W7 AR B AR A 2 75 A7 7E A
ITAHEAR, g — 1 hRET ARG, RRER
# T ZAT AR EZ . HTARSEE L TAT AR
A mIEAEZER, REREH T IEERECT HIA
o PR, X BHEAT N B R BRARHUREER 1. 4T
NZEB 2N AT ANAZES . ANEAT ANRAEL
P DL S A DR 25 T 58 22 P i (Rt o AT N E TR Y
KT EZHRER . L5 1k FERET T TR
(B8] SRR R R e RN & R A ) F0
PEESFEEPI(BRUEE RS . 5 QPR B PRI R a2 BE B ) Sk A
Writs & TR SRR 1T N . BARIX LT VAT DARR
PAT NAR 2 J@ M S A BL I F TARRAE, (H AN
THRFE R A — & B R PR

TR, TREEARE W 4% LK i PR R v SR A
WK, CHZERMZE M % (Convolutional
Neural Network, CNN) 1R 3 A f {8 15 K5 4 #2
ERTTHA THMRB . CNNLLH MG
B E M A AR B AT 25 75 SR P B H R i, 7E4T N E
WU R AR AR T R AR . Sun®E NFER H 1)
PCBAERMAT N R SR RS T AT, B X 2%
i A5 H BVRRAE BKSE R 6d, BE— AN KGR
BEAT 7 AL B . T B HE6 AN R SR AE BT K
Luo®§ NPUR T RAT NIZAS A X5 I /e 7
Aligned-RelD /732, B RHERIKFEOIE, )5
AR K E ARG R BRI R, A&
AR T AR B R A A EEEE . Wangss
NESEH I MGN 7 E AT N G b B 40kL B REAE H
K, R T ZREMY ., Z M4 RRHE RS 2]
AT NAHBE FUHFAE,  FH R R R4S 24T AN & B LR

Convb_x

. I E—'Tﬂﬁﬁm _________________________ T R )
onvd x _% vy

AR AR AE . BRI KSR NTNAT N PR RO A L
Ko B —FAT N JE A 7 G A 22 I
RYE E— RS R, BT — R R R,
L NIUF 7T I RAN = R 2 G R AV I 7 S AT =T
W28 BN AETT o Daiss AP I BFENET J5 7%
ARAE R 28 Sy T 0 5 17 5 LA 4 SR R A, $RH
TR ERIEERR I T, R T MR R
AL, BEALESS L AR /N — DR IXIS,  5Raa 2%
L5 SR AR X — LR 4 5 R

IR TR LA S TR AR T A 1tk
HE, (AR A FH 9 2% f5 it DR BEAT 00000, T
BT A W 28 AN RIR B AR AEA PSR . i, ARSC
Bt — A 2 RUBEMIVE 5570 Rl & 1) W 26 454 (Multiple
Scale Attention Network, MSAN), | M %5 A [F]
RERFAE R EAE, fl A A R BRI B 45
B, RFEATLIRAGE 2 I Z A AR, Mg
FCA 5] 1) TR 55 o 5] B 51 N 2 R e g A B
(Convolutional Block Attention Module, CBAM),
56 0 22 SE N ST B AT U SRR AIE B X 2% X
TER) S ST BE DT X I 28 1) B e — T2 e R R AE 1
KA FE Al (CF A A R AR ), AR5 R
P0G HIRFAEEAT AR DG AR BE, 45 v IR 4% 1) 2% 2] 3
2 EFRRE
2.1 BXLRE

ARSI o B RFALE <6 7 25 P 2% (Feature Py-
ramid Network, FPN)!RREAS A U AR AE2E AT Rt
o FIAS R RUBE R ARFALE 32 AT T30 73 Ao AL o) — k2 s T
BIRs v 2 HOAFAE AN 0 2 A A8 AR Hh 4 s Ry
fiE, A LURHRZ FRHE R N B w2, &2 5k
BEAT T . 2 FPN R 283X Ff 22 RURE R 5 T00OM £/
K, AILET ResNetb0# th | — 2 R il & T
MW 48 45K, LR . 5 ResNet5045 # AN [F]
HIRAEConvd a2 JFWATHET FRA, BlConvd o

H2US HIWA

i
N AT 2 o S | ‘
ResNet-50 4244 FRH :Fi’JdM!C ’ ”
(Convd_ 222 &) - J R ——
=) (m ,t m_

B 1 2 REEMIE R i e A R HE S



HF123 ML

T2 REEAE S IR & 2 1 A7 NE R

3047

FConvh i H FIRFE B K/ & —FE R . wiiE
iR, BEAAET LA N3, Hrp 18 &
B 57 WA R ER BE SR HOAS R REZ I RRE ] . 26
23073 FE BT AR AE B 23 ) 3t 47 7 350t Ak A A Kt
b, XN TGN B RREE R, AR ERAS R
IS Al ) AT S A B, RA&EE—A
Ix Ix CHIFFIE M & . N 115 25 2 5R4E BE 2,
Xt Convh  xiin H FIRFE BR A B 1t 4 7 5K,
A3 1 x 1 x CHFI2 x 2 x CPHFRAS [B] B RRAE M) &
5 30 43 T oF Ak B S5 (1) R AIE 1) = 3 AT 4 RN B
21,

2.2 ResNet50p¥ 4%

Z MG AENE TR, MEH L8R E
SRR TR AP RT3, (H A 2508 B — 2 R £ DA
Jo, TRTERRI S HES M AR A 22 T . FEVFZ R
P LA Nt — AR LS B0 X 2% R 2
—EFEFER, FEIRMIMLE BRE B S I gRZE
e 22 T e 10 Do IR A PO 485 FER , ofs P Vi 2 1P L G il ek
B, PT DATE S AL R 5, Toih B RO e RE
FEH BRI M E, RTINS E SRS
B, FBONGAMAABERA 2 . Fr LU RHZ A ] 8
He% NI T —Fh A8 9 M 2%, IY PR B0k 22

W%, B SVEME R T Re IR, B2 R
ResNet50/ 25 ZE 1) 1] .

ResNet5073 7l HConvl, Conv2 z, Conv3 =,
Conv4d =z, Convb x4 )ZE 64 BLHA AL
ConvI R H — M7 x TIERIZIRBURE, HAEMR
K g2, A EBI K B BN R BHE /2,
RIEHEL — MR E, P RERREER K
HEE . Conv2_x, Conv3d_ x, Convd zFlConvb x
R AR AL ] B 2 B 7 22 AR BURFAEE, Conv2_a Y
W2 5 R I3 T s, A AR, X N\ HRE
TEE, ¥R A R LAT, T T 0 4 ek 9 S
Jeli1/2, BB AN ORI 2 A i 22
PR, Horh eRpE S W E TG RUE KN
2XRFIE B HEAT T RRE, (AR K 015 204808 . T 7E
RS, B R E BB RSE, WL
AR AN A O RFAE I RS — 38 T EAT AR DN Ak
B, 8 G IR P 4% R R T 2R AR AR 7] R
2.3 ZRERR

FriE 2 REE, i XS 5 B AN [RDRL BE R AE
—FEOR VLKL EE T /N, TR RFE A LLE BT 21
YT, TORLEEBE R, SEMERL I RAE W] LA B
s BRIA W 25 1E Z 4 G 77 ORI E

HWINE R (244, 244, 3)

s i 50/ v
RO K| 2% 2
Convl 112x112 TXTx64, H£K=2 ﬁ*@'ﬁfg
£y
{lxl, 64
Conv2 x 56 %56 3x1, 64 }3 A TR
0 %1, 256 FINFFIERE: (7, 7, 2048)
1x1, 128 i
Conv3_x 28%28 {3><3, 128}4 LR E =
1x1, 512 (pool)
1x1, 256
Convd _x 14x14 3x3,256 -6 A=Y
{1x1; 162 W RRIE ) & (2048)
. . {1><1,512
onvb_x X 3x%3, 512 }3 >3 !
1x1, 2048 =EER
Ak, 1x1 ik, 10004k, 4% ¢
4395455 100038
2 ResNet 50/ 4% 444 &
w| Conv,BN,ReLU
1 1x1x256, s=2 a2
=) = .
1By Bl L =1 Bl L1 e
SECEREN AR R SRR
<9 N NI N e N z3 Z 3 8 »| =T BN: A 1
ESIT AT ESIEE ] 2 AR ITES 2 [ 7| €S |IReLU: bk E R T
= g X I % sl [Ex| Pz gl s K '
— | O — O O — ~ \\ ,I
BRZEFL(241)

] 3 Conv2 xSl deii &



3048

BT 5 fF B % M

542 %

PR EHRFAE, A 5 B B ) — MRt R B B .
FBSZHP RN, T B SR B J5 SR AIE, 2 i
THORR, WEREHE Z RRME R . [T ANEIRGE
BIARAEAT N @ SRt AT B, Bt DAY 75
2P NI JR SRR AE R AT 24T N B b B 4RRL B R AE
j JESZ T K IR 4 Ry R 15 31 4 Ry V0 KR B 15
o wE4pR, 437 MAResNet50M 25 i1 Conv4 1,
Conv4_zMIConvh_x 34NN AR FE X RHAEHEAT R
FE, 1S EI3AMREE, AR5 R 3AMREE B TR A R
IRI2% 5y %, B e A X 34 S Ab P8 s 1145 Bk
AT R TR .
2.4 CBAM#&E

CBAME B 3538 18 v 2 2 [y & WA
TR, WESFTR. NFRE R E e A i iE
B, ARl R T N TR = AL B
IR, Lﬁaﬁm%mﬁm%ﬁ$ﬁ@%%ﬁ
Tk, B Lx 1 x CHEIERCE 5, X

4‘1‘1@%@@%%&%)\@@*’1‘%%@%]&43, ﬁ[l
()RR (2) B
Mc¢ (F) =0 {MLP [AvgPool (F)]
+MLP [MaxPool (F)]} (1)
F =M (F)x F (2)

o, FRAEASFL, AvgPool (F)fIMaxPool (F)

o N Sigmoid HUE B ¥, Mo (F)Jyil i & )
B, FRORGIEIE RSP G152 FREE .
)Y S B R RS R R AL, SR
TALAN e R AL AR AT Ab B . AN () 2 AR TE
e JE LT IRAERAE, AR N Wx HIFJ 24810 25
EFE R, AEEATPHEAE —E, WA —MEH

2, SHATBCERE AL, 15 B AE B,
wnl(3) Fak(4) Frs
Ms (F ) ( {[Angool (F)
MaxPool (F')| }) (3)
F":Mb( ')xF (4)

Kot Ms (F )Rz Eso b, oasmRis
#, AvgPool (F')ﬁnMaXPool (F)@\ 51 4 AL,
Mg Kk, oNSigmoid Gk, F'FKnr%id
) = I 515 2 RHIE -
2.5 MKEH

RTINS AR AR B BE T, A A8 U
R RIS TCA R B S . 782K FF Re-1DAT %
L, R AR R AR, S XUEUR T
%, 3CABRME RS TR R AT
%, BIBMES UIE— D2 o2kl A2 @k

SRR AL, MIP NS Ry, PR (E) R
exp (W, fi + by
o Lsofimax = — Zlg = ) (5)
it P
ONEL ResNets0 1. - PO exp (W fi 4 bi)
2o ok ‘: k=1
1
2 - A R A, NERHEE RN, CRRENEHH, Bl
j AT NE AR, f, 2D REA IR B AL,
m ) - A HKR Ny, W RRAWIELITSE, by E I,
- EAF NERAES T, mEeHR, AR
Kl 4 2 RS 18 21 B B AR ORI AN FAT A B, Tk
; A B Zoid YABERFAE R |
: % :
E— AR : —'69"-—%%\%%%
P Tt PEN
I’/ F R =®F s =®F_>\‘l
1 1
i Ty > P :
: Rk &= M. M
i 17 ’/t: \- WIEER v w i
i S AEA T B AL, 43 4k 55 A1 2 i
\ T R

______________________________

ZAE R IR /
-

5 CBAMBH X



12

ERAESE: BT 2 REERE R G5 > A7 AE R 3049

IEREA

i
g BN

e A ERA kA

TUREA
ENRYRAEREN

ANFAT NE T 2Z 8RR B AR AN, A T 424X Fldfe
FEAS, 3702045 2% (triplet loss)!2RALAL, i
3IKE A, R SR EREARRIREA, FIH
X3k B 43 AL BRIE AR A R SRR AR, SR L
WA FAT N Z IR BE RS, B AN AT N 22 (8] R
B BEMER/NEANIER, BORKIEPERS. fEmE
PONRIHERA 2, 3440 2k ph B =X (6) Frw

£ =5

P K
LTriplet = E § a+ InlaXK 9
47 — p: e

i=1 a=1

(6)

~ min ’fg)ffygj) i

o, £ F, P2 R M LI 1 R B
TEREA RIS RE AR R RO AIE, 336 B f TERE AR 295
FIBE LI B (4 AR R A — AT, R A UK
K. oFREEE NG, PRIKFE R MR Pk PMT
Ao AT IR

3 SSRGS

3.1 SLINIFE

S TR SR FTITAN Xp x 23738 & 0k, #
V£ &4 64407 Ubuntul6.04, #Fpython3.6.4M11%
5 SIHES Pytorchl. 1.05E UEE 7 e, FEA % =)
ZN0.03, ERIRECN300, HLEKINN64,
3.2 LIGHIEE

N T B UESE AR B AL, 4l fEMarket-
150111 DukeMTMC-reIDMFIMSMT17 V11234~
S /N o - SN i R S O e L T
Market 15014 4 64 5 6 4% 3k T 1501/M7T A
326685k B A, H AR 751AMT AN HI129365K B A 1E R
WL, HAMT50M7 N I197325K B F A il ik
£ . DukeMTMC-reID### £ & DukeM TM CE(#%
LH—NTE, HTHARATNER, a5
Fe% 3k F1812MT AHI364115K B, 7024M7 A )
165225k Fr, BENLIERAE AIZREE, 54MRT024

1T ANH198895K I A il ik4E . MSMT17 V1%
P & 4101MT A 1264415 &, NIZREEL &
1041447 AN3L326215K  fr, TR R . 4530601
17 NF£938205K K vy XFTIIREE, 116595k K #
BE ML HRAE A E W E A, THE821615K B A 1F
N, XU A RN R SR IEAN R T
W), W TR B A RSB, R
UL T B st ARG A . N T RERR AR
BRI BRI R AR T S8, W 3R AR I 25
ERIL0: 1 Lu o) 4 I R B s U 2
3.3 TN IR

ASCAFE L E A 47 R 503 38 R 0 R
fabr: “FIIKE#{E (mean Average Precision,
mAP)MIE A7 #ER % (Rank-1) .

FEREFSIMELE A FHIE T BERMELE, #i
% e WA i) ] 78 UG 2 R A I ) B R HEE AR
RAVRATH T, A8 N4 b EReIDH L
PIvERE . IR B IE E R BT H S — MR R
BT YIRS (AP) . “FA5 R aT LA R (7)o m

> P

=1 (7)
Kef, Y PRI IEAE PP ORI T A RS 1 10
A, IeRREEHECNHEA BRMEGMEE. F
PR BE Y N — AR RS FE R, nal(8)
FR

AP

C
> AP
mAP = k=0 . (8)

Rop, S AP F AR A K BT R,
CRF LN

Rank-n /s 48 2 45 5 b i S 1 (BAS FE ) 1Y)
nik B A IE# S R, B A4 % (Rank-1)
KoM RGERTEEE RSB AIESLS RN
34 XBRHESERDH
3.4.1 ZRERBEBHYUMRIE

ZRESER TG A (MSAN) G &
CBAMEE /18 PL 2 \ResNet50M 45 Conv4 1,
Conv4d M Convhs_x 3MA AR FE 4 U RRAE 73
X, ATRUEZ KRR A S, B R IR
CBAMBEH A ResNet50M 25 Convh x4 Hi I4F
FERSEATSEE . R1GH TR REMEZ RERATE
3N A FFEHE FEMarket 1501, DukeMTMC-reID Al
MSMT17_V1 Efjseiegsi R, HAHhRKIIFRRN
BRI B B AR R A R 5 B i ) O AT




3050 B 5 fF B ¥ M 25
# 1 ZREMARBEREMESSINER (%)
- Market1501 DukeMTMC-relD MSMT17 V1
i Rank-1 mAP Rank-1 mAP Rank-1 mAP
SSAN 94.9 87.9 86.1 67.7 81.4 66.3
SSAN(+RK) 95.3 93.7 86.0 75.6 84.6 73.8
MSAN 95.3 87.9 89.8 78.8 82.2 60.6
MSAN (+RK) 95.9 93.9 92.3 89.7 85.0 74.6

AP, F R R IR BT S
PR B ANAS - RAREE BT, AR50 IX AN PR B 4l — A
IBCRAT, 158 & MR B . R 4%
(Single Scale Attention Network, SSAN)ZFK R~ A#
FiResNet50M 2% Convh  afir i FIRFAE R, T AN
M Conv4 _1MConvd i th K4 EE . MSAN
TRy Tl A5 Y D) 28 AN TR B8 AR R AL R 38 ) b
M2 REFEZR M. mR1FR, UANERE
RFAE AISSAN M 48 1 R LAl 4%, B bh 3 mt Bas i
% R HHIEJG 3 BIMSAN L%, 435I E A 7] 15 s
£ FHHTIES, ATRAMR T SIg g5 R IMSAN
W 2 7E Market 1501 4 55 b5 Ar kR 28 3] 195.3%,
BISSAN M 45 B Ar Al F 52 T10.4% ;. fEDukeMT-
MC-relD¥#E4E FEArERiZIA 2] 1789.8%, HISSAN
W28 1 A AERf 5 3. 7% FEMSMT17_ V1E#E
B EE M AEFIRIEE) T782.2%, SSANIM L & fir
R AR T0.8% . LIRSS RER M, WIN2 REERHE
5L AT DS X 2% 1) R e
3.4.2 CBAMERBEY M SLIGIGIE

NT B S IECBAMBLH A 2, R
Hy, HARE 2 REEY(Convd 1, Convd _zfl
Convb_ i H FHRFAE B 1M AN 2 CB A M HAL)
% REE M %% (Multiple Scale Network, MSN), 43+l
#EMarket1501, DukeMTMC-reIDFIMSMT17 V1
3N ERMATFEIEAE LT s208 . 7R AE |,
IS INCBAMALELIMSN 45, 73 I TE3ASAS R £
etk EEAT SR . AT DLAGR 2T s S5 ORI, AH
BT A MSN, %5 i1 CBAMBEH I MSN
%%, MSAN(MSN+CBAM) K% Market 1501%%
A e A AER RIS R 7 95.3%, BIMSNM 42T}

0.9%, “FIJUERIRIEE] T87.9%, FMSNM L4t
1.7%; fEDukeMTMC-relD¥ 4 £ b ¥ A #Eff KA
2] 789.8%, BIMSNMZEHEF2.3%, “FIHEhZIL
3 7 78.8%, BIMSNMZEHZT11.6%: EMSMT17_V1
R FE A ERERIE D] 782.2%, BMSNM L7
H2.6%, “FIJHEFFIER] T60.6%, BMSNM 242
H4.6%. SLEAREYW, HIMCBAMES A BT
PR 28 P RFAE 27 2, 1] LABG I 2% ()R i g
3.4.3 AEZESFREZAMNLEE

%345 1 T fEMarket1501, DukeMTMC-relD
AIMSMT17_V1 3P FERAFEIEE F, HIEMSAN
ARG LM ERGA IR EL R A R, H
35 PCB, Aligned-ReID, MGN, BFENET,
IANet!"™, DGNet!" M OSNet 2042 4 il 5k . fr
PRAE 51X B e 1 VA 2 DA R esNet 500 £ Ay 4
Alioe

HER3AT LA, X TR 4, Edb T ok
BEJG (TN T 2 R ERMCBAMBIHEL), MSANM%7E
Market 15015045 5 b 35 1 #ERA R IL 3 T 95.3%, “F
YIWER R IA R T787.9%; fEDukeMTMC-relD%(
£ EY A HERIRIE R 789.8%, “FHIUHEHFIER| T
78.8%; TEMSMT17 V1 L, W derfizRik
3 782.2%, “FHEFZFEEF 1760.6%. MSANK
15 Aligned-RelD, MGN, BFENET, IANet%: &
HEAE PR3N B 45 E R SCR A BRI, IR A
EDukeMTMC-reIDFAIMSMT17 V1%l 4E b s
TER A I HER IR B T i, IR as R,
NN 22 OB AR B 77 () B — o SRR A AR S e B
5, B ALAER SRR AU R BT N B, KRR
EATE A, AT LS B I RS g R .

< 2 CBAMEBUEMERIGIESLINER (%)

. Market1501 DukeMTMC-relD MSMT17 V1
Tk Rank-1 mAP Rank-1 mAP Rank-1 mAP
MSN 94.4 86.2 87.5 7.2 79.6 56.0
MSN (+CBAM) 95.3 87.9 89.8 78.8 82.2 60.6
MSN(+RK) 95.3 93.1 90.9 89.2 83.2 72.0
MSN(+CBAM+RK) 95.9 93.9 92.3 89.7 85.0 74.6
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. Market1501 DukeMTMC-reID MSMT17 V1

Tk Rank-1 mAP Rank-1 mAP Rank-1 mAP
SVDNet!! 82.3 62.1 76.7 56.8 - -
DPFL™ 88.6 72.6 79.2 60.0 - -
SVDNet+Era®! 87.1 71.3 79.3 62.4 - -
TriNET+Era® 83.9 68.7 73.0 56.6 - -
DaRe™ 89.0 76.0 80.2 64.5 - -
GP-reid™®! 92.2 81.2 85.2 72.8 - -
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OSNet”! 94.8 84.9 88.6 735 78.7 52.9
MSAN 95.3 87.9 89.8 78.8 82.2 60.6

MSAN(+RK) 95.9 93.9 92.3 89.7 85.0 74.6
4 Zip A477-483. doi: 10.11999/JEIT180336.
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