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Abstract: Person re-identification aims to identify specific individuals across surveillance cameras,
overcoming challenges such as pose variations, occlusions, and background noise that often lead to
insufficient feature extraction. This paper proposes a novel unsupervised video-based person re-
identification method that utilizes multi-kernel dilated convolution to provide a more comprehensive and
accurate representation of individual differences and features. Initially, we employ a pre-trained ResNet50
as an encoder. To further enhance the encoder’ s feature extraction capability, we introduce a multiple
kernel dilated convolution module. Enlarging the receptive field of convolutional kernels allows the network
to more effectively capture both local and global feature information, offering a more comprehensive
depiction of a person’ s appearance features. Subsequently, a decoder is employed to restore high-level

semantic information to a more fundamental feature representation, thereby strengthening feature

HEHETH : BHRALRPAIE S (62061042) 5 H k48 Toll ik 2 56 ik 45 il 75 458 5056 28 FF il 3E 4 701 5 (2022KX10) o
s B H#3:2023-11-27 ;1817 H #8: 2024-02-26



JAPE, AT S EEARG RS BT EIRA 1193

representation and improving system performance under complex imaging conditions. Finally, a multi-scale
feature fusion module is introduced in the decoder output to merge features from adjacent layers, reducing
semantic gaps between different feature channel layers and generating more robust feature representations.
Offline experiments are conducted on three mainstream datasets, and results show that the proposed
method achieves significant improvements in both accuracy and robustness.

Key words: person re-identification; multiple kernel dilated convolution; unsupervised learning; feature

extraction; attention mechanism
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Fig.1 Overall architecture of the proposed network

B BG A 2 ResNetS0 5 T M 4% 3 IR ST RN A WXwXeChvw e 43 5 R BE 58 1 38 50 19
VIR FRIE £, 3-8 /50 PR o SN A JRy 4 32 o X F )Ry 8B 43 30, W R AiE /48 B 2 1) 43 B 1 Oy KRl 43k 44>
HR 43, Al 42 R - 2t Ak £ BUR AR W?E{x,»}i:];ﬁ?é)%ﬁi,ﬁ SAE A 4 R T 2 A R B4 )R
FRAE 2, SR 5 38 o0 B VR AR A= A% B A By 0 8% 1 R IR R 42 Jmy T HTRRAIE o B ) R FH G MR B O ik, BRI
J eIk 2% 2] (Deep association learning, DAL ) 7135 e & e B 2% ¢

TE TC W B B 9 B TR B B, S L AL R S TR SRR BB T (R R AE s, I 8 3 AH AL
N A8 S LR FROR TR - Bl T, i FH 38 508 3 F 4 {5 (Exponential moving average , EMA ) 5% B i 38 3t 5
HTER o AHHL N B 1, B

I'=I—o(I/]—2!) i=1,2,,k (1)



JAPE, AT S EEARG RS BT EIRA 1195

RN WY s o FoR BT e FoR /M2 S AR )RR R/ 4 R BN T fE

181 4> JRy 96 B HE 4% — B0 (Cyclic ranking consistency, CRC)M" R R RRIMHLE G Z B 16 F .
TR LT, T AR A R0 38 0 A TR 358 43, ok A S Rl B9 AR LR PR . CRC 8k 25 2 A1 =2 T A R FG B g
e/ R LA T AR AT BB R E R R ARALEY [l — A o BT LR T B A OG5 A — 413850 M L3S A
MCORFIREANT YRR R oK, BD
crt %(I,.”Urf,’) s.t. CRC

] It HoAl

FERE R S B B R /Mb R S MASREAL A T i AN S . B RRAE o) o — A AR
() Ja 358 / 4 Jel SRR AIE b RS ok ) — AN RO I, B E R o DRI, AR AE ) AT — AN TR 40 A
ML P A 5 1, 150K TR — AR ML & 1 3 A R A o] 0T A 38 0 ARRIL PR il 122 TRD 1 BRREG B B . 4 K G B
BN B RRAE 2 JB T UL R . T AR VR 2 AR BL A A L R AE ) 5 VR S FE AL P R A
LZ R R BE B 275y D). BB DY o] DL 3 R AF 2] S FL RS 43 5 A LA 5 C AR Rl B AR R AR o 3/
L T ok B AR R LA P R S/ INBE B DY T S8 %08 R D, % V35948 D, T R A R IR S
B R 1 RN (Ol S| o A 1 W s ) A P O b Y - R Gl B B o (198 s W O A R B
HIL PNl st DR 4 125 RH ML A AR TR Y

R T AR 4 2 AT NRHIE RN (4 9E IBE 7, SR FHAE AL P DG B A5 2K R R ML DG R 4 2k Sk 111 45 )
LAY | T AT 2 R B T MW TS AR JC B AT N U D vk . AL N SC IR 2R L) LA ) A
RSR[5 §t 1 PR I3 A EIS B2 B i 2 I = R/ W)
[Di—Dr"+m] — Di=D"

(2)

L= (3)

[D}—D,.+m}+ D!=pm

K[+ ] =max(0, ) ;m A4 E BB, 7T LLE A ARFEA S IEAR A 2Z 6] B9 e R BE &/ T H kAR S
TRE AR 2 1] (1 fie /N BE B 5 DI F R BR G /MR 8 5 D, R /NI ES DI S B (E . B A BLOCE R R Ly
AE % DA HH 22 9 RHAILARE P vh 27 > B AE AL AN LS Ak o [T A A O TRBLaE T EA =Uh

(DS — D"+ m | . Di#DM™

Ly = (4)

[Df =D, +m] D¢ =pme

L0 bR R B A o] 5 HER 3 R IA lA TAR K DI, L3 R DL A 5
T2 B HE CRC A0 HIBLP A A T 120 M 0 B 22 23 B 6 2 L DA e 5 B
L=Li+aL{ (5)
ENPEEE BB PRIET eSS
SRIF RN A AR LY RS IR A K L B

1 k
L:ZEL,.U (6)
i=1

1.1 MKDC &

MKDC A LLAE FRAE AR [F] 091 00 F 3645 58 R Y a3z BF DA T 3R 75 58 n 2% 4E 0 i o an &l 2 i,
MKDC it EE h ZEERAMY RER MBI AN ., 2GR EZHNESI A S AFER 5
J7 ] A B FRAZ, DU R S A B8 v i 22 RUBE N 22 0 ) AR 8 4 TR A6 BR 04 FH & 51 VTR R I 8% A2 BT
AR 7z 09 LR SCE B R R E AT E S g g, A ZE SRR ERNY RER, B



1196 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 5, 2024

RzEER
| Conv(Ix1)+BN |
Conv(1x1) |~BN+ReLU . Conv(3x3) rate=1 | ~[BN+ReLU . z
- Conv(3<3) |[~[BN+ReLU E Conv(3x3) rate=3 |-~[BN+ReLU gl |& 5|z
2 e 2% -2 M
= Conv(7x7)_|~[BNReLU} | & Con(3d)rate=7 |-[BNsReLUH |2| [B| ~ |#|8
o @] 5
Conv(11x11) |~/BN+ReLU Conv(3x3) rate=11 |~/BN+ReLU ©
T T
ZHAER P REGH

B2 MKDC 8 He 45 4 &
Fig.2 MKDC structure diagram
PRI B3 R B R AE SR IBCRE ), $ iR A R A SRR R ), O i — 2B A A X i A B 9 i R 30
TEZ RS i 4 IR T B RUZ IR, OB BRIV 0 1X T 3 X3 7T XTI 11X 11, & ]
R /N 0838 20 88 T AT By T4 33z R DT 0 2% RS 4 ) B R R o TE RSB T2 Z R
TP — LA Re LU 306 R ACERVE , 2R 5 e 1< 18 BV CHD 1A 2 342 2) 0 4 AR TR RSE 6 B

1
f it 70 2 D EAT RS R E‘Jiﬁiﬁ%ﬂﬁi&"iﬂZ,ﬁﬁﬂ?vﬂw‘ffﬁﬂ%%ﬁi%ﬂﬁﬁﬁ%fﬁ , [ P

P B A RRAE A R, A5 B i D R IE R AT K

YRGB 58 4 BN 3X3 KA IFIT B RZ , BB RZNY 5K E 0500 1.
3VTRILL, AR 4 e 5 A B Tk — 20 4 R AL BT, i/ 190 4 4 200 0 22 200 0 O Al Ak d SRR Ak . il
FRAE 28 3 L H — AL A Re LU BT oR B #EAT QUL 36 3] 1 X 1 B PR AT 5k 25 4 o B 4 28 U
4E &1 3 11 CBAM ( Convolutional block attention module) ™", X 85 B2 {1 45 AiF Wt > 57 25 (0 KT , 42 25 11 50 Y
HERAVE S UK 2 19 25 R AIE o 284 CBAM B8 b 315 B R ik S i, s AE BT 2 i T MR

CBAM J& — P 2 i 2 v 1) 3 (19 33 22 S LTI, Hy 3838 73 32 ) #8538 (Channel attention module, CAM)
525 (8] v B R e (Spatial attention module, SAM ) #5281 2 1 WL B BRAH A, A3 2045 A& T AN )
Pedhe o WP R AR (BT 2 28 2o 30 8 1 3 ) HL R 28 0 s D D AL AR 2 F, L i 3 s

" \$a Concat o ﬁ
MLP ROk, PEMIL
K3 CBAM&5HKE
Fig.3 CBAM structure diagram
638 3H TS R b R F, 0 0l 1 5 R R Ak K F 2t A 7 1) MaxPool (F;) Fil AvgPool(F,) ,
IR I5 2 2ok W 2 AL MILP (Multi-layer perceptron) , K 45 21 (14 45 4 i A0 A iCRAAE 18T, 05 05 6 H 5 5 AR
fEE FoAH AT 2, RIAT

MLP(F )= W,(ReLU(W,F+ B,))+ B, (7)
FE&,. = MaxPool( F,) (8)
F, = AvgPool( F,) (9)

Feam, =(o(MLP(Fy, )+ MLP(F{,)))OF, (10)



JAPE, AT S EEARG RS BT EIRA 1197

K F o AREAE ;s WA W, 20 00 5 AN 26 B AR 5 B, B B, J2: i & 500 ; O 0 R 2 LA I 5 0+ ) 10 3R Sig-
moid PR %Y .

Pt TN RS = WA N R (S ANVIRECS U - AN L 0% O o A e N R S I S B L K 7S G = B
P, LT — BB RE L 2 i B R AR B S5 B T i ACRRAE T AR 3¢, A T SR AT R AR AL
Ja & a5 1 B

F{:ax - MaXPOO]( FCAMUM ) (11>
Fi.= AvgPool( Feay, ) o
FSAM (((( :(U(Conkak(F:]ax@F:\’g)))®FCAM(,M (13>
SR OFRRLI . WA RN
F o= Fsam,, (Feau, (F;)) (14)

1.2 fAMBEEE
AT ARBUE Z 8918 SUE BN AE R R i@ 4 . g
T 25 5 i A BB T 40 Ay W A R BRI, SE PR T X A B 1 e A R

. # £
406, DT A1l 482 i A S v A B AR R R R a2 ) R T A R L% § g ﬁﬂ&gi.

e B [ D5 RS 52 B A e T G 5 LT R B A
16 FF T 25 11 ResNet50 18 S 2 5 2% F T 22 J2 v AF 8 3, [) B 3 307
JE B A (5 R (0 S A, L AR 2 4 A PR 4 R A;

A B B LA SR SRR T4, A7 B T v 7 7 7% AR 4 2 i) 36 " ﬁ;ﬁ%%@
JEF Ay JE A A T T8 3 3, XU M L SRR 3 3 4 M1 AR 7 Y E % 1 4 Fied Decoder streture dingramm
AR ZE 2 1] QAR B R E TS BRI R . 205, b SR RE R
55 55— A MKDC BB i 37T 32 332 | DT o A 50 20 ok B 22 (1 38 S0 B, B RS A 22 . 3R IR
3 2 000 46 (1) 2 35 B 1 A T P B 2 e, G o A 5 2 e oy 5 T B R 3 e 6 AL B 14 e A RN i o 2
WAL . S RHONTA 3 X 3B BURTF A , b B B BUR 2 5 5 2 HE VT — (LRI ReL U 38505 5640

TE AT 2R B L0 MKDC A B (05t M AR A 505 25 8 B 10 B AU 285 SR M 1 SR BE 2 05 75 30
WEE R, K5 A RS 5 A MKDC By th M, BEAT KA 5 F o, 505 5 HC A 5% 22 B
HE AR T Fy A RN

F,= upsample( M) (15)
Fo=conv*“*(F,DM,) (16)
Fy= F¢+ Residual( F.) (17)
Fp=Fy; + Residual( Fy;) (18)

Horp F AR 1A R E e m i i .
1.3 MSFF &

FRAE B 285 2 R W R AE SR U 8 A5 B 18 4 = = =
BT 2 WA N R A B A KR Bk B, & " g L |5 g 3|,
R 2 KBS R b A 9 77 30 58 75 B o 58 £ 0 0 ) 1 AR AE £ § = ﬁ @ = %ﬁ § &
B MSFF BEHe i il 4 A 5] ) BERRAE P, 375 0 £ o ] J2 45 : |z :

FHAE S 7= A e B S A 0, FL s H Pl 5 097 7% ° ° °

B 56, MSFF B8 A 55 1A 7 75 28 3K U 1, 978 Hol i Ful F.)

KU Ve LR BE 2 0% 2 8] 4k B2 B4 S S50 1 P A . 9K 3 it Fl5 MSFF LA

3X3EZ I — L F ReLU BE bR ECHRAE i th R AE 5 56 Fig.5  MSFF structure diagram



1198 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 5, 2024

2 i T i T ) ) R AT IR T e B R A TR A R R AR S 5 3 0 A T 0 B i o R AT R [ R
PEAT LR AT o S n AR P ik CBAM BB, (il 9 2 500 5 T B A 4050 7 B9 45k, 38 56 I 265 30 K ik 9

FAfETT

2 HEXBSERSN

2.1 HEE
S2 U AR K0S 42 PRID20111 [ iLIDS- ®1 BURERR
VID"™ fl DukeMTMC - VideoReID™ | Table 1 Dataset description
AL, W3R 1 7R . PRID2011 ¢ G S PARPLE IDE Bl g VIR E /i
P A R 2 M AR S L PRIDZ0LL 2R Ao I
FEARBL A o1 385 4 L3 R BL B o LIDSTVID Zo e "
DukeM TMC-VideoRelD 8 1812 4832 168

749 FRNIE . AR XA B L B ARAL
T R H BT 200 A4S B T 400 2580, S B S 100 M. A SOk [ 910 S5 56 8 B, AR SCAX A
FH 178 AR, o A AN B A B 4t 27 1., iILIDS-VID J& ML KT B A A 38 B9 815 Sk W4 | #h 300
A 600 Z5 BT A 1o REAS R A3k AR R AH BILAR &1 00 7 3, JHG rp B A 030 1) S B R 22 i 1) Ry 73
Wi, DukeMTMC-VideoRelID 34l 4 8324k Fil 1 8124 B {7, BNk 34 168 i,
2.2 XWIEE

SEE7E NVIDIA RTX 3090Ti GPU | Ji| Tensorflow 523 . %F T PRID2011 #liLIDS-VID, ¥
23] RN 4.5 10 P AL B3k RMSProp 435l F F I 2R A5 2 10 F11 1.5 X 10° AR . %t F DukeM T~
MC-VideoRelD , fili ] 2% 2] 1 4 bk 1< 102 19 b5 o B LA 2 B (Stochastic gradient descent, SGD)
8l R Y SR A 2.5 X 10" % AR o % T B A B 48 |, batch_size 1% & 64, AW EUZ (9 R /N 8 4y
256 X 128, B H & o FIME B m # B E N 0.5, M S 8 A B B 1o X T/ BB B dls 48 PRID2011 Al
ILIDS-VID , K 4 & 050 4 BE ML 2 B 2, 76 2 A0 tp b AT I 2R Al . ok B AN A FLAL I 14 Tl — A
AL 2 SR T A M S 4, R EE 100, IR S48 588 E o Xt T KRB EUHE 48 Duke-
MTMC-VideoRelID, Yl ZxFHi i 43 1) 7 28846 SCk[ 11 ] & .
2.3 XWHER

A SCAH ] Rank-n A 2985 2 (mean Average precision, mAP ) PR B4 558 b5 X 52 56 45 47 1k
AEIT Al . Rank-n &7 P31 25 58 b PUNDRS B 5 i 0O R n sk R 885 15 sk B vh & T IE B AT AN
4 43 b, T AR B4 T U0 S B o mAP B 98 T ZEF 545 — W AR 00 1) F 35K B (Average preci-
sion, AP). FIHREEITE AKX N

2. (19)

N
Arp :2&%’3%%‘%% S CREMITA BRI, NRREASE CAHR AR EIREE . T
JE BE R B — A2 R0 B YRS B B I A

mAP = =" (20)
C

AP =

o DT AP FR B — AR I T BIRGEE AR B
k=0



JAPE, AT S EEARG RS BT EIRA 1199

2.3.1 Wik

H T B UE MKDC B8 v 22 4% 45 BRI 8 45 BN AT AR 0 B2 19 52, 43 51 78 PRID2011 ,iLIDS-
VID 1 DukeM TMC-VideoRelD ##i 4£ b #E47 4 @l SL 58 o 45 2H 525 T 45 B 19 Rank-1,Rank-5,Rank-10
FImAP IR 2778 o SCB0 45 R a7 15 A0 L SR A AL | 2 4% 46 FURLYT B 45 R A 1 0 48 A 15 21 40 I 1)
e, Z BN A SO LY RGN, S 2GR MY RGP T, B H MKDC A%
Hemst , ¥F0 48 brAH L 2 82 6 BT e 5 TR A B B e i o

R2 SRERMyREMNHEMIEER

Table 2 Results of ablation study on multiple kernel convolution and dilated convolution %

PRID2011 iLIDS-VID DukeMTMC-VideoRelID
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
Z M 92.5 98.1 98.5 859 68.7 86.4 88.5 57.6 827 92.4 93.7 758
7REM 92.3 97.9 98.4 854 66.5 83.0 879 56.2 815 91.9 93.1 74.6
MKDC 92.9 98.2 98.5 86.2 T71.1 88.3 88.6 59.8 83.1 92.7 94.2 765
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Table 3 Results of ablation study on different convolution kernels %

PRID2011 iLIDS-VID DukeMTMC-VideoRelID
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
Baseline 92.0 97.7 98.4 852 63.1 81.9 87.8 56.4 81.3 91.7 92.9 746
5X5.9X9 92.1 97.9 98.4 855 644 82.7 88.0 56.6 81.5 91.8 93.1  76.5
5X5.11X11  92.6 98.2 98.5 858 67.2 85.6 88.5 58.9 826 92.5 93.8  76.3
TXT7.9X9 92.4 97.8 98.5 85.6 65.9 84.2 88.2 57.1 81.7 92.2 93.5 75.3
TX7.11X11  92.9 98.2 98.5 86.2 T71.1 88.3 88.6 59.8 83.1 92.7 94.2  76.5

TR

T B A 2l S AR TR AN I 19 G R L 7F PRID2011LIDS-VID #l DukeM TMC-VideoRelD %
P4 b Al B — A A S AT I A SE 00 . AE S AERL R b 2 B A MKDC B A 5 25 A1 22 R ReAiE il
A B Y HE AT T Al S5, 3 A R A AT N A TRUDORS BE AR B TR L i 4R T, i A ) MKDC AR B 7E
PRID2011,iLIDS-VID il DukeMTMC - VideoReID =/~ F i % ¥t 4 E o9tk e A 0 W42 7. 16
PRID2011 #0484 b, A b 3 B 7 Rank-1 427+ T 0.9% , Rank-5 42 7+ T 0.5% , Rank-10 42 7+ 7 0.1%,
mAP# T T 1.0% ; 78 iLIDS-VID £ 45 1, A L R EA A Rank-1 42 F+ T 8.0% , Rank-5# 7+ T 6.4 %,
Rank-10#2 7+ 7 0.8% ,mAP 32T} T 3.4% ; 7£ DukeM TMC-VideoRelD ¥4 4 |, #H [t 52 vfE 82 % Rank-1
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BT T 1.8% ,Rank-542 T+ T 1.0% ,Rank- 1042 T+ T 1.3% ,mAP T T 1.9% . 4 T B ik A [F] 45 e T A1
4G 7 A B R 3 AR B S P AL 9 O R T SE G, B PR AR AR T LA 3 BAHAL A Ty
EBA B T XEAT AR SRG B B9 T . i T MKDC B RE 08 38 in 26 B 1 IR 32 BT, 3R BOTE 247 A K dk
RRAE A 5 5 BE 0% HF — 2D 42 4 8 20 R W 35 905 B A B TR MUY ARRE . 76 PRID2011iLIDS-VID
H DukeM TMC-VideoRelID =A™ 32 i £ 4l 4 b (9 PF A 48 45 #5845 BT $2 7+ . 7€ PRID2011 24 4 b, A 1
FEAER Rank-1#2F+ 7 1.2% ,Rank-5# T+ T 0.7% , Rank-1042 7+ 17 0.3% ,mAP #F+ T 1.5% ; 7£ iL.IDS-
VID $di 4 b, A0 e B fERE R Rank- 1427+ 7 8.5% , Rank-542 7} 1 6.6 % ,Rank-10#2J+ T 2.5% ,mAP 2
T+HT 4.3% ;78 DukeMTMC-VideoRelD ¥ 45 4 I, A bb 36 E A A Rank-1 42 7+ T 2.3% , Rank-5 42 7+ T
1.3% ,Rank-10#2F+ 7 1.6 % ,mAP T+ T 2.3% . [R5 A MKDC A5 | ff i 2% i1 22 % FRAE fil & B
SR B BE A N 3 B9 3R T, 76 PRID2011 iLIDS-VID #il DukeM TMC-VideoRelD %4 % I it ¥
fifefl. 78 PRID2011 %464 b, A0 b B R 8 Rank- 142 T+ 17 1.6 %, Rank-54& 7+ 17 0.8 % , Rank-10 #2 JF
T04% , mAPEEF T 1.7% ;7 ILIDS-VID F4a 45 I, A Lh ZE RS 7Y Rank-14& F T 10.6 % , Rank-5 4&
T 7.3% ,Rank-10$2 T+ T 2.9% ,mAP#£ T+ T 5.1% ; £ DukeM TMC-VideoRelD # 4 4 &, # o 5 o 4
# Rank-142 7+ 7 2.9% ,Rank-5 3£ F+ 7 1.7% ,Rank-10$2 7+ 7 1.9% ,mAP 42T+ T 2.5% . 4% 2H 256 i 15
29 Rank-1 .Rank-5 . Rank-10 f1 mAP i 4 7= .
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Table 4 Results of ablation study on mainstream datasets %
. PRID2011 iILIDS-VID DukeMTMC-VideoReID

ik Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
Baseline 92.0 97.7 98.4 85.2 63.1 819 87.8 564 81.3 91.7 92.9 74.6
MKDC 929 98.2 985 86.2 71.1 883 886 59.8 83.1 927 94.2  76.5

DB 925 98.0 98.2 856 683 86.6 882 584 81.7 924 93.7 76.3
MSFF 924 978 979 853 648 8.2 879 569 81.5 921 93.1 753
MKDC+DB 93.2 984 98.7 86.7 71.6 88.5 90.3  60.7 83.6 93.0 94.5 76.9
MKDC+MSFF 93.0 98.3 98.5 86.1 71.2 88.4  89.7 60.3 83.5 92.8 94.4  76.7
DB+MSFF 92.6 98.1 98.2 859 68.7 86.8 885 60.1 81.8 92.6 94.3  76.5

MKDC+DB-+MSFF 93.6 985 988 869 73.7 89.2 90.7 61.5 841 934 948 77.1
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Table 5 Results of ablation study on loss function %
ik PRID2011 iILIDS-VID DukeMTMC-VideoReID

Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
FHHLN

e v 1 93.3 97.8 98.4 85.6 71.3 87.5 88.1 58.6  83.2 92.8 94.2 76.1
PRUSITFS
EEAHALIA

e v i 93.5 98.4 98.7 86.5 72.9 88.7 89.4 60.7  83.9 93.7 94.7 76.9
PRIRES

ARAIL P G IR 43

KAHEEFPILN 93.6 98.5 98.8 869 73.7 89.2 90.7 61.5 84.1 93.4 948 77.1
SR R
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Fig.6 Visualization of retrieval results

2.3.2 EH

N T B UEA SCRERL iz ARV TR 2 A B B AT I, 2 1] PRID2011 (iLIDS-VID #il DukeMT -
MC-VideoRelID F i $ i £ 5 OIM™?Y ' TAUDL"™ DAL"™ SSL"*'Hl uPMNet'"™ \NHAC"* 45 5 1 ik
FTXFHE , S2 U 45 AN 6 fir R . AR SCJ7 78 PRID2011 3043 4 | Rank-135 %] T 93.6% , Rank-5 35 % T
98.5% ; 7£ iLIDS-VID ¥t ¥5 4 | Rank-1 35 %] T 73.7%, Rank-5 35 %] T 89.2% ; ££ DukeM TMC-Video-
RelD ¥4 4 - Rank-13A %] T 84.1%, Rank-535 %] T 93.4% , mAP ik %] T 77.1% . 5 DAL .SSL I
NHAC 857 A0 AR SO 278 34 2 i 808 45 L i R I 8OCR#A T B i B2 71, i BH AR SO i e g 15
) T AR A S 06 25 R T B IO g 4 A AT N RRAE o



1202 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 5, 2024

Fo6 AREBETRBIFEELHMEREILE

Table 6 Performance comparison of different models on mainstream datasets %
. PRID2011 iLIDS-VID DukeMTMC-VideoRelD
ik Rank-1 Rank-5 Rank-1 Rank-5 Rank-1 Rank-5 mAP
oM™ — — — — 51.1 70.5 43.8
TAUDL™ 49.4 78.7 26.7 51.3 — — —
DAL™ 85.3 97.0 56.9 80.6 — — —
SSL™ — — — — 76.4 88.7 69.3
NHAC™ — — — — 82.8 92.7 76.0
uPMNet"” 92.0 97.7 63.1 81.9 81.3 91.7 74.6
ATk 93.6 98.5 73.7 89.2 84.1 93.4 771

RN ARG AR
3 HRIE

AR SCAER X T8 B AT N EE TR S R R AT N RR AR H UK FE 43 1 18], X uPM Net ) 26 45 LR AIF 42
BT He AT etk | 3 ) — B 5L T MKDC 9 78 M B AT N F R i o B 031 25 19 ResNet50 1 4 4
T2, 76 G i 24 51 A MKDC 5 B 1 in 45 B2 8% 32 87, L3R IO fin 56 B 1) R A 8, i b o LR e Mk 1y
A7 N IR FEAE 30 2 i A5 28 >k AR IO 22 (18 AR B, 38 I AR E 380K 5 51 A 2 RUEERHAIE @l & B He L™ Az
T YRR AR 2 75 ke 1 SIS ) RUBE (R AE o T Rl SIS 30 oy R Ll R AR R | AR SOBE RS AE 34> o U AR AR
PRID2011.iL.IDS-VID il DukeM TMC-VideoReID 1, Rank-1 435142 7+ T 1.6 % .10.6 % #12.9% , Rank-5
Sy AR T T 0.8% .7.3% F1 1.7% ; 76 % ¥ % DukeM TMC -VideoReID H mAP £+ T 2.5% . % H 7
PRID2011 ALIDS-VID %4 4 | Rank» 5% & i DAL #8 , Rank-1 4> 3142 7} 1 8.3% #116.8% ,Rank-5
SRR TE T 1.5% H18.6 % ; % I 7E DukeM TMC-VideoRelID %4 % |- Rank-—» Fl mAP % #5 19 NHAC #
B Rank-1#2F+ T 1.3% ,Rank-542F T 0.7% ,mAP T T 1.1% . H L, %A= £ 7 To Wi B AL A7 A iR
ST 55 v Rl A% 52 IR e 1) M e 4 B A TRUINRG B2

S E Sk

(1] PhBANE , E B0, SRR, 4F . 56 T RRAE 6 7 B 20 SORAR Je i 0 i A7 AT RUHI [T]. 2 R AR S 40 B, 2023, 38(1): 121-131.
SUN Minghao, WANG Hongyuan, WU Linyu, et al. Person re-identification based on feature Pyramid branches and no local
attention [J]. Journal of Data Acquisition and Processing, 2023,38 (1): 121-131.

(2]  ZHANG Z, LAN C, ZENG W, et al. Multi-granularity reference-aided attentive feature aggregation for video-based person re-
identification[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. Seattle, WA,
USA: IEEE Press, 2020: 10407-10416.

[3] LIUJ, ZHA ZJ, CHEN D, et al. Adaptive transfer network for cross-domain person re-identification[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. Long Beach, CA, USA: IEEE Press, 2019: 7202-7211.

[4] YE M, LAN X, YUEN P C. Robust anchor embedding for unsupervised video person re-identification in the wild[C]//
Proceedings of the European Conference on Computer Vision (ECCV). Munich, Germany: Springer, 2018: 170-186.

(5] LIN Y, DONG X, ZHENG L, et al. A bottom-up clustering approach to unsupervised person re-identification[C]//
Proceedings of the AAAT conference on artificial intelligence. Hawaii, USA: AAAI, 2019: 8738-8745.

[6] YE M, L1J, MA A J, et al. Dynamic graph co-matching for unsupervised video-based person re-identification[J]. IEEE
Transactions on Image Processing, 2019, 28(6): 2976-2990.

[7] KANG G, ZHENG L, YAN Y, et al. Deep adversarial attention alignment for unsupervised domain adaptation: The benefit of



JAY R, F R T Y R ARG RN BT AE R 1203

target expectation maximization[C]//Proceedings of the European Conference on Computer Vision (ECCV). Munich,

Germany: Springer, 2018: 401-416.

[8] HUANG Y, PENG P, JIN Y, et al. Domain adaptive attention model for unsupervised cross-domain person re-identification
[EB/OL]. (2019-05-25). https://arxiv.org/abs/1905.10529.

[9] DING G, KHAN S, TANG Z, et al. Towards better validity: Dispersion based clustering for unsupervised person re-
identification[EB/OL]. (2019-06-04). https://arxiv.org/abs/1906.01308.

[10] WU Q, WAN J, CHAN A B. Progressive unsupervised learning for visual object tracking[C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE Press, 2021: 2993-3002.

[11] WU Y, LIN Y, DONG X, et al. Exploit the unknown gradually: One-shot video-based person re-identification by stepwise
learning[C]//Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. Salt Lake City, USA: IEEE
Press, 2018: 5177-5186.

[12] WU G, ZHU X, GONG S. Tracklet self-supervised learning for unsupervised person re-identification[C]//Proceedings of the
AAAT Conference on Artificial Intelligence. New York, USA: AAAIT, 2020: 12362-12369.

[13] GAO S, WANG J, LU H, et al. Pose-guided visible part matching for occluded person reid[C]//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition. Seattle, WA, USA: IEEE Press, 2020: 11744-11752.

[14] WANG G, YUAN Y, CHEN X, et al. Learning discriminative features with multiple granularities for person re-identification
[C]//Proceedings of the 26th ACM International Conference on Multimedia. [S.1.]: ACM, 2018: 274-282.

[15] ZANG X, LI G, GAO W, et al. Exploiting robust unsupervised video person re-identification[J]. IET Image Processing, 2022,
16(3): 729-741.

[16] ZHANG Y, XIANG T, HOSPEDALES T M, et al. Deep mutual learning[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Salt Lake City, USA: IEEE Press, 2018: 4320-4328.

[17] WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional block attention module[C]//Proceedings of the European
Conference on Computer Vision (ECCV). Munich, Germany: Springer, 2018: 3-19.

[18] WANG T, GONG S G, ZHU X, et al. Person re-identification by video ranking[C]//Proceedings of European Conference on
Computer Vision. Zurich, Switzerland: [s.n.], 2014: 688-703.

[19] HIRZER M, BELEZNAI C, ROTH P M, et al. Person re-identification by descriptive and discriminative classification[C]//
Proceedings of Image Analysis:17th Scandinavian Conference. Ystad, Sweden: Springer, 2011: 91-102.

[20] RISTANI E, SOLERA F, ZOU R, et al. Performance measures and a data set for multi-target, multi-camera tracking[C]//
Proceedings of European Conference on Computer Vision. Cham: Springer, 2016: 17-35.

[21] XIAO T, LIS, WANG B, et al. Joint detection and identification feature learning for person search[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. Hawaii, USA: IEEE Press, 2017: 3415-3424.

[22] LIM, ZHU X, GONG S. Unsupervised person re-identification by deep learning tracklet association[C]//Proceedings of the
European Conference on Computer Vision (ECCV). Munich, Germany: Springer, 2018: 737-753.

[23] LINY, XIE L., WU Y, et al. Unsupervised person re-identification via softened similarity learning[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. Seattle, WA, USA: IEEE Press, 2020: 3390-3399.

[24] XIE P, XU X, WANG Z, et al. Unsupervised video person re-identification via noise and hard frame aware clustering[C]//
Proceedings of 2021 IEEE International Conference on Multimedia and Expo (ICME). [S.1.J: IEEE Press, 2021: 1-6.

fEZE B

X R (1978-), BIREEE,
IR T e e Y )3
207 AP E R A
2 MBS A, E-mail:liu-

zhmx@163.com .

A BL(1995-), 55, i+ WF
A RSSO AT N R

il o

HASCHE(1980-), Lo, # %, 1
A S BF 5 I R
16 53 0 RS B DA

(%#. % F &)



