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Multi-granularity person re-identification with attention
mechanism fusion

MO Taiping, QIN Hanyue’, SUN Peng, ZHANG Xiangwen, and MENG Chuncheng

(School of Electronic Engineering and Automation, Guilin University of Electronic Technology, Guilin 541000, China)

Abstract: A multi-granularity person re-identification model integrating attention mechanism is proposed to
address the complex monitoring environment and the significant differences in image appearance of pedestrians
under different conditions such as lighting changes, perspective changes, and occlusion, which make it difficult to
extract detailed pedestrian features. The model extracts feature maps containing information at different scales by
introducing a multi-branch structure. Combining multi-granularity segmentation modules and the attention
mechanism, the local discriminative information of the feature map is further extracted to obtain diverse feature
representations and achieve the coordination and unity of features. The model is supervised and trained by using
federated learning to obtain a more comprehensive feature description. Excellent performance has been achieved on
the mainstream person re-identification datasets Market-1501, DukeMTMC-relD, and CUHKO3, with mAP
reaching 88.42%, 78.86%, and 76.70%, respectively, demonstrating the effectiveness of the proposed model.

Key words: person re-identification; multi scale and multi branch; multi granularity features; attention
mechanism; feature fusion
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SRR FH 0 5 A e ) 7 AT X 55, XS 55
S BT BEATRHE RS 2B T RS R AT
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J7i, AAE YNGR B 51 N Ak 1 48 25 4 B
2, AR B F5 AT R AR SR B . 2T
LAV BT VL RS B HO R AT NSNS 551
W, HGRAR . Mz, BTEGUH
(1) 77 v A7 N G EEAT W DI, 3R 45 R 6
FRAE . STHR [10] $2 tH— B T &) EB e AE 1 5 AR A
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FAT N EUEAE K 5 18 3553 8 6 AN 8643, 439
X6 AN o HEAT Ay R EAR G, o T T
R . SCHR (1132 H 1 £ ok ™ 4% (multiple
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FERFAER 2 0 RIS el R, ASSCHEH T — R 5%
BN 2R FAT N 5k, R T
2 0> SCARIRARBUA [ R RIRFE ], 222 2 R
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BT 5 4200 RFEAA, 15 80 25 R AR
K 52 R E— R TR 2 RUE
FAAESRIUOTEARE, 5 3 Do KR 758 4 E A
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2.1 BBESTNIERR

AW FAEAT N BRI ST 3 A 3 B 4R
Market-1501""), DukeMTMC-ReID"® fil CUHK03""
AT SRS, AR SO HAAT NIRRT
AT TXFEE

Market-1501 RS T H 6 MAGLIAHEN
1501 M7 AF . ZBERE NS A
AR 3 AN, MEKEAIIGEA G EE AT
NG WSS T 751 MAFERATA, A 12936
IR, IRREEE T 750 MARRIATA, 356 19 732
MR AWEP AT NBRGORBNE, 1K
AT ANEZH 6 IRIERK, A 3368 IREIZR.

DukeMTMC-RelD #{ 45 £ /& DukeMTMC % 4z
LW —NF4E, H8MREBGE LBHE, A 36411
e B R 1402 NMT NG Hd, IZGEaE
16 522 MR, 5T 702 NARET A REEE
17 661 Mg K%, FFEEEE 702 MT N BRER
2228 TREME, SMAAE A AT ASEHIAH E .

CUHKO3 ##5 £ A4 1 i 10 MZR L m i n
1467 ™MTAHI 14 096 R E 5 . ZE LA P AL
o377 AR FAFRE AT AL FAHEF DPM s i
FIAT NI FAEBEAT &I 40 DI SRR 7 368 1R ]
B, W7 767 MAFEAT A MRS 5328 1F
BIE, Wi 7 700 MAFEAT N BIAEA 1400 0E
BIUE, 5IEASE A AT AR

9T B R A LA AT N R A A
v, A Tl R A SR T UG EE A 1 it 22
(cumulative match characteristic,c CMC) £ ] %
YRS % (mean average precision, mAP) 1E NiFANbx
. CMC BEfE R WL (AL R KE S, DL Rank-
nfTE I, SRR AR B P HES], U 4
RPAia 8RO 5 HRHEmZE . CMC R iE
KA:

1 k<n

CMcm)z{O o @

A kR KRE W RGN ILRCES R
mAP Z5 575 8 TR B HE B AN A | A,

KL A:
mAP = jol P(R)dR 8)

A, PRETUNEERZ, FoaMEif)EEGER—
ID EFEE RS SRR S RERBRZE, &
A2 ) BE (R — AN ID BB A B BAE 2k 45 L
FIBR B R B Ee

ALK F Rank-1 7E PRI AR, JFRA
AR AT SLIR S5 X L
22 BHIRE

ARELIGAE— G FEE T IRFE S I HEZL I IR 55 45 |
AT, RS AECE T 24 GB [ 4090 &R AR S A
AMD EPYC 9654 f] CPU. R85 NAFR =N 16
GB, #AF &%~ Ubuntu20.04. Fir A SZ56 15 48 H
Pytorch IR L% SJHESE

AR AL BT B, 4447 NBHB RSB A
384x128, FERH 7 BENLENRL . BEALEERR FbR #E1L
FEUGIGREEAE . EUIZRFT B, H T /£ ImageNet
ISR 1) ResNet-50 B BUE N YIGRHESS . TEH R
BRECTT T, MEREAR = JCABR BB S B e RN IE
FREARZ [0 5 R ARG, 7RI A B AR A
HIEFEARIBRR AT RE/ N, 5 AREA I ) B /L 1T 68
K, BIHARYE SEPR ISR IG ¥ e BN 1.2, AT
SRS SRR R 5 = e LR R AR R AR AR
RSP A N i BN 1. ESHEH T
M, KM 7T Adam 1L 8%, FHAE WA TR E
N 0.0005, B E N 09, BWEN099. It
Ab, BRI E N 32, IR R
A BRI 5B B U SICR B, BRI AR B I RN
0.000 2, FFAEHS 320 FIEE 370 5824 > R IE PN
METE IR 0.1 £, SILFEAT 400 F Ik,

2.3 JHELSCIE

R T BUEA ST B A S, E Market-1501
Al DukeMTMC-relD 47 T JH @hszss:, s A
T REEEJRFHER N RS RER 733, 2Bk 7
B AHLEI 255 N Baseline. BT A3 X Hb S 6 #4f
M TR SHRE.

NEGUEZ 57 SCEE R RUME, 1E4T T 4 4L
SEOG . 2B 1 4526 N Baseline, R T /N R SF 4
HE P PR BURFAE s 25 2 AL SRE6 K T /N R SHHREE
B 73 SCRTR RS REAE [ 43 SO RISR URRAE ;s 28 3 4
S i B H RS ARFAE B 40 SCRTR RS RFAE 43 S AL TR
PERURFE; (ENX I, 28 4 SRR T 3 4
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Y SCHRBURFE . JHRLSEER T, L R RTRHIE B
33 FL R KRSRHERI 3. 3R 1 R T 525
S5, SZIGTE Market-1501 %4 5 Al DukeMTMC-
relD #4522 . 5 Baseline fHEL, R
25 S RSB HErf 28 W2 4 vy, AR Rl A
3 AN SRR AT, RN Z o S 5 R i it
ANTF I 2 0L BE V) A B, SR EUAS [F)RL B AT N HF
fE, R HEFEERREE S . EE 2 HFIEE 4 5L
I 556 3 RIEE 4 G bb R T LUR I, H4 )5
PIORRAAE 5 27 52 1t 4l 43 W] UEAS SE 4 R 2808

®1 ZOXEREMN

Baseline 5 — & Z FE, {H2&MN%E 3 F 1 mAP H+
PRI, R0 AR R R [0 2% 28 ey ] DS A BE 2 5 1
FHIER, BAR ERe R A RE, T AR
TS5 R R RS BE S B B R A .

3 7£ Market-1501 #iE&E FRTERESTEE

Jrik: 503 & /batch s mAP/%
Baseline 0.131 76.37
Baseline+Lag 0.139 78.60
Baseline+L, 0.178 85.60
Lr+13 0.292 86.24
AR (FE Loyt ) 0.311 87.28
ARSI 0.406 88.42

Market-1501 DukeMTMC-reID

ik mAP Rank-1 mAP Rank-1
Baseline 76.37 90.08 67.58 83.30
Baseline+ Ly 85.60 94.18 69.70 83.80
Lr+L3 86.24 94.27 71.09 84.07
Baseline+Ly+L3 87.28 94.71 78.49 88.29

NIGUE 2 7y SR A R, BT T 4 XL
SEG,  Lag R TR LR PR, 3R 2
AIRLE W, R R JIHLHI R N X 2, AR Y
(IR IA BT Th. 78 Market-1501 $3l4E b, A
B 5 2 By & I ML 0 B8 AH B, Rank-1 Al
mAP 23 B2 E T 1.11% F1 1.14%. 7 DukeMTMC-
relD HAR4E b, W335 1 0.54% F1 0.37%, iE
BT R R UL I N B e i — DR
PERE.

£2 EEINHIGTN "

Market-1501 DukeMTMC-reID

Jrik

mAP Rank-1 mAP Rank-1

Baseline 76.37 90.08 67.58 83.30
Baseline+ Ly 78.60 91.12 68.70 83.42
ASCHER (TG Lag) 87.28 94.71 78.49 88.29
AR 88.42 95.82 78.86 88.83

R B8 I 5 A o R TR BRSPS S
7E Market-1501 854 B AT 7 52596 . 75 AH [F) A#4F
FAETF, MRS ENGRIE T — AN (32 5k
B MEfTE. IR 3 AT LUEH, AR
T R TN LHASEHRRN 22 43 S 485 W 05 2 o T B B 3 o
AT AL AN 2 F ADs hawk ST1-0F- A N
BRI R AN [5 3 SCAS [ 5 AR A0 P 1 AR A i B2 184
BRI R . BRAR AR SORE Y 1 v SR A b T

24 AKEAESXREENH

REHEASCE LR ek, MHE B2 M E
B AT N B ) B vk AR BHE 4 Market-1501.
DukeMTMC-ReID fil CUHKO03 [ #t1T 7 th#g, H
IREE R IR 4. XLV AREEE AT NEESAMTTT
ik, PGFA™ G5 SHFEXT ) « PGRY
CERF TR 5 BT REERETI P 72,
i PCBM (T Jm R AR DI B ) B AR AL 4D
MGN!M (Z Wik FE M%) . DSAM™ (35 4185 Ut
7 & DUAMAE R NI 773, W AMFER!
(Fh&ERE S 2 2 R AR B AT N BRI 77
%)« OAMNPY CHEEPYIRFNE R JJ M 4% ) Fl AaP-
ReID™ (AT NVEE JJEENMLS) 25,

MSEEG 45 R A, {F Market-1501 $¥5 45 I,
A A ) Rank-1 F1 mAP 2 5l N 95.82% Al
88.42%, FILH TREEIIPERE. 5 MGN AHLL, &
SR 2R FE VI HTT XA BT A R ROBERRAE B 45
B, [FB G T 20 EERHIE S vE R L R
AL, BUE T IR xR T AT R
(Label 1 Detected) &l 7317 CUHKO3 (¥4, A
AT F) Rank-1 FIl mAP 435 N 76.70%-  78.84%
1 76.30%- 78.39%. fE CUHKO3-Detected £ ££
F, T RPN 2 RERFHER AMFE, A3C
f] Rank-1 #1 mAP 7} 7l & J+ 10.29% #1 10.80%.
76 B A ™ PR 1 DukeMTMC %1 45 %
TransRelD HUf3 7 4P RE, (Hi2 5 HAb @&
HAONHIARTIA L (AMFE. OAMN) , A SCAR
YA T BN RGP RESR T, B0AE T A SO
RE0% T U Hb it OB RS T SR ) s . 25 SRR B, AR
PR BEAS A AR AT N F R I HER R, R 24
IR Z T
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R4 KNFESHAER Re-ID AR MERERTLE

%

Tl

Market-1501

DukeMTMC-relD

CUHKO03-Detected

CUHKO03-Labeled

mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1
PGR" 77.21 93.87 65.98 83.63 — — — —
PGFA™ 76.80 91.80 65.50 82.60 — — — —
PCB™ 81.60 93.80 69.20 83.30 57.50 63.70 — —
MGN™! 86.90 95.70 78.40 88.70 66.00 66.80 67.40 68.00
DSA™ 87.60 95.70 74.30 86.20 73.10 78.20 75.20 78.90
AMFE®™” 82.10 93.00 71.80 83.90 65.50 68.10 — —
OAMN®! 79.80 93.20 72.60 86.30 — — — —
AaP-reID™ 86.30 94.60 76.20 87.60 72.40 74.90 — —
TransReID!"” 88.10 94.90 81.30 90.20 — — — -
AR SRR 88.42 95.82 78.86 88.83 76.30 78.39 76.70 78.94
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