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O BHESATATRNAEA T AT AR 0GB E B R R TR RAR S AR T 0 AT AR B 9
M, AAAREETRBEBEESEFTHE BREASZE ENFTAIDEXTZOBTRIE, AT
fRRZF M, ERT AR TRESEREEA N AR 42 E /) (Hybrid convolutional enhancement and
content-aware attention, HCECA) 9 B EFAETRAN T 5, §ERR LG A @ FTZ LT ALFIE, &
%, 2T M & Pk N R A A AR 3 5% (Hybrid convolutional enhancement, HCE) ££ 3, 44 3% # F & 69 %
BEFEAT  ROEFENR > Ef & n, K5 ,@id WA K EE S (Content-aware attention,
CAVBEBR R IR F GO MT 28, ARFATARIEG R 5K, &G, E SYSU-MMOI 4= RegDB # #% %
L 4T T S8, 4% 69 HCECA £ SYSU-MMOL 4 4% 4 ¢9 A 3 % 42 X F , Rank-1 A= -F 3 45 E 3 14
(Mean average precision, mAP) % #| i& %] 72.21% #= 69.89% , £ RegDB k4% %&£ £ 7T -4 s B X T,
Rank-14= mAP %534 2] 92.23% #= 85.08 % , ¥4k TIA 49 B A ST A ERA F k.
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Hybrid Convolutional Enhancement and Content-Aware Attention for Cross-Modal-

ity Person Re-identification

YANG Zhenzhen, WU Xiny1
(College of Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: Cross-modality person re-identification, as a research hotspot in the field of computer vision,
aims to solve the challenge of matching pedestrians across varying imaging conditions. Existing methods
focus on extracting modality-shared features, but fail to fully mine the detailed features that are crucial for
discriminative person identities. To address this issue, a hybrid convolutional enhancement and content-
aware attention (HCECA) for crosssmodality person re-identification is proposed, which aims to extract
pedestrian features with more detailed information. First, a hybrid convolutional enhancement (HCE)
module is embedded in the backbone network to capture richer crosssmodality feature representation,
enhancing the distinctiveness and robustness of the features. Second, a content-aware attention (CA)
module is employed to mine rich detailed information, thereby improving the discriminability of pedestrian
features. Finally, experiments are performed on the SYSU-MMO1 and RegDB datasets. The proposed
HCECA attains the Rank-1 accuracy of 72.21% and the mean average preeison (mAP) of 69.89% in the

BEE&WB : HEARPFIE4(62571269); TLIR A WFE A BHIF S 52 BR @18 1) 3 B (SICX23 _0251),
75 B H#3:2024-09-14; 48T H #8:2025-03-28
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all-search mode on the SYSU-MMO1 dataset, while achieving the Rank-1 accuracy of 92.23% and the
mAP of 85.08% in the visible-infrared mode on the RegDB dataset. Both results outperform better than
those of current cross-modality person re-identification methods.

Key words: person re-identification; cross-modality; attention mechanism; hybrid convolutional

enhancement (HCE); content-aware attention (CA)
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Wil 5 3k T A R I PR DA e A AR A BRI T R BRI E R RS KRG AR T s . 1T
AR 5 (Person re-identification, Re-TD )" /4 AR J2 % fil Wa 45 2R Gc 14 5 B B 4%, & 76 A [ A9 48R 0L
VG L A — B3 AT N o AR GE 0 TT WG AR Sk 7E e e R I T AR R A R A Y R HR R
ANRMEO T PERE 2 2RT B R A R R B S ()8, ZEAMEAR Sk BE R TR A X — BRI L B
3 2o A AR ) AT LD B £ A1 SR R AR AN 32 O E R S R, R A% S 4 R A M AR . PRt T DL -2 AN S AR S
A7 N U B A 11 A

ARR T BB ] WA T N H R, Al UL-20 8 B 455 25 A7 N EE 3R ) v (4 ] DO MG AN 2L A R 22 8] A7
TE B RBEAS 22 5 T ELAF A8 35 SRS AT AT IR B b B AT NS0 Ak 1 B 4% e iP5 il A LBk
Ph o N T D bR )R BIF S O AT T RS, A0 W S B T — R I A i R U A
SETEARAE , Wang %573 1o 25 U 9 25 A B DN PG OK 5 /INFRAIE 9 43 A 22 5, Zhang %5 i 1ot £ Bl 9 i A%
A EMG G — v MBS BG4 /MBS 22 5 o SR, 1R Ty 1k 32 AR o A R OB A kSRR AL 4 /R
A2 5 XA AE BAZ AN 7803, R R B HCRAT S0 M AT NRPAE

B X LR R R, AR SCHR T — P 3R TR S A BURY 5ER RT PN 25 BN 1 & 7 (Hybrid convolutional en-
hancement and content-aware attention, HCECA ) [ ES B2 AT N F RS % . & B R & B
#45% (Hybrid convolution enhancement, HCE ) #& 2 F1 Py 25 )8 1 14 2 71 (Content-aware attention, CA )&
P, S BN 25 RS AR Y e OB A . AR B, S SR T HCE #8538 5%k i 2 AR E 11 £ HCRE 7, il 40T
FE BB RHIE R, B S R IE G XA BN R AR S R CABHRIZ AT N4 0 {5 B, i 4
BUAT NFRIE R S50 M . 5 B B BS AT N RN 7 A 1, 42 3 19 HCECA 78 SYSU-MMO1 %4 48
M RegDB Bls 4 b PERE XY SR, 50 40 MR B T i 42 07 0k 00 A 200 RO A

1 HxIE

L1 AI-5MERTIT AEIRS
A DL -ZL A RS AT N R B FEVE BC AT WO 5 Z0A R g TR — AT K. ST T IO RS AL
SN G AE AR BIL ) R0 €0 25 A5 B A7 A 36 AR B IX ), A% B8 A B 24T N RN D 35 D0 ik 4 ] TS

SYSU-MMO1 f] WL-2L #h 5 #5285 47 N R 58 48, JF it 1 — M iR B2 R 30 58 19 5 v6 S B 1l -2 b
PSR ZSAT AVCTL . Wang 2575y — b ot 21 35 (4 %] 55 A 06 BT 190 4%, Sl 52 AR F 10 %) 56, 352 s A 280 110
PEfE . Zhang 25" B T — > b VRS A B, 4 1T UL A0 20 0 W AN B8 25 A PR 4% 0 1 58— 1 P IR S
RO/ T P Z I 22 5. Ye ST T — Rl A9 T8 S s O kA AR R TS LS T A
T UM A HERR R . Wang 2503 b A R A 2 IC G IR PR D i, 6T S R S0 G R AT R AT 20T A /N B
B Z 22 58 . Yang % M P bR 25 9 A7 B AT 0L -20 A7 ARSI I T #F 9T, 83t 1 W&



1598 R E B L Journal of Data Acquisition and Processing Vol. 40, No. 6, 2025

Y07 AR T DR . LuZs R T T B S 3 52 Transformer A IR 13 2 2 HE SR, SR FH 9 oy B
o /NP AN B A Y 22 . Huang 2538 T 22 9000 R 245 3 52 R AR 32 BT RO 4%, 76 3 52 R AF 42
BB A 2L 2 AP R AR AL R AR G R FRAE B8 T IR PERE . ER oY A T BB S L 5 g
AE, WBl /N 19 A5 22 TR) A 2 B, (HLJE: SR BB 78 A A2 R B S BB AR AE . Yang %5 R Y T — P A S S AR AE
PMIR) 5385 D5 vk L H 1A Sk 2 W O AR R 1A B [ 3 B AR R A N, DAV AR A 2 TR Y 22 S o 1 VR SR T
2 J2 BN MR 43 B A JL S R AE PR A e 8 e AiE , B AR AE — 8 AR B 4 o T AR IR I B ARl B &
T ORS00 4 ) T S R AR R 20 2RO R E R AE  BUE A R b R R
1.2 EEANSH

TR AL R O AR T T A2 Sl 2 B AR R BE ), (R B B 6% A 08 96 Ml OC T g A 9 AN )R 43
BSR4 O [ AL EE L 2 G B A B o Hlu 281 85 Pk 42 B 5 ( Squeeze-and-excitation,
SE) B H i 1 3 20 # AR 3 2 ) B M ARG R, B R TR RE . Woo R S
ZAE R A, BT T & BB & 1 ik (Convolutional block attention module, CBAM) ., Agarwal
AT B i Bk BR 13 2 ) 45 e (Skip attention module, SAM) , 4 FH %7 1 3 28 X 25 1 WL 404k 15 % 2 if
B T BTADRE B AZ AL RE ) o Misra SR T — R 3R B 4k B 38 B e A TE R S (Triplet at
tention, TA)HLH, 78 2T 55 EITERE 2] T B F 4R TH. Wang 2 H T IR A 2% (Content-
aware mixer, CAMixer) , 8 45 & BB A 12, IR 5] AN EFI IR & M A 202 & 1 RIS
PERAT 55 B PR BE AT HR . AT N UM AU, R AL B T N . Ye S B T
BNEZ S MBEBSTES S AR TS XEE S BAREE T AR S 7B fE . Zhang 2 42
H T 56 R B 4 /B B 1 (Relation-aware global attention, RGA) , 14545 [8] RGA-S M i RGA-C, % it
ARG E N R AEE AT TR R RE . Yang R M4 R v B O SR R AE SR IRCRE ) L A Ak
P TBORAPERE . Ye S VAR SR Ay SE BT Pt A T AR SRR B S WL TR T U 2 19 4% R S
SRRV Y Jy PR A R AT N RIS BE . SR b AR Y T A HL R B 6 T B AL 2
TS ) E A 0 AE B, BOR R R A SR 2 ) S0 E R SO 5RO A1 AR AR 208 T AT N Al A R
Boo ATk PR, A SCITE T CABLE, 5 7 A2 i 19 45 76 3 £2 4 Jm) S AE 9 [R] s, PR A 48 B 2 40T
FEAE 2 17T B2 5S84 R ) M

2 RHMBHESITARERINGE

2.1 EFIEZR

$E M HCECA B R R RESL Q1] 17, iR R AE S I \HCE A CA M . 70K 1145 i AR AIE 42 )
i Z TSGR WG FIZLAh 2 A4 B 04 B A i A e ) B AS AE 2% (Mliddle modality generator, MMG)
o, A o RS G . SRS R D e PG ORN ) A5 A PR B A B XU ResNet-50 FAIF £ B i, 42 Bt
TR . o 58 1B R S B8ORS ] TR ORGSR 8 ik o o T 4 DR 22 ey 2 80k =2
TR BUS A L R AE . FE55 2 3R 25 B 2 J5 i A HCE B8 , 38 5 X v J2 5 AE 19 2 BCRE 77, DAl 3R T
F 0 B B RRAE R SR SRR Y X 3 BRI R . TEEE 3R ZE R iR A CABEEE, LA AR 5y
TE 05 4R A AT NRRAE A DX a0 1 o S K DA FIE i B 45 B A AR A 0 A7 7K O Ja o B 4 0 K R o I
)RR AIE 3547 °F- 217t 1k ( Average pooling, AP), I fii A 4t 9 — 1L )2 (Batch norm layer, BN) , [F] B # 7K
St Ak G R A A B 03 958 2 R — Bk 0k HEAT IR, 9 R A = e AL R XU — 1k 2 5 A9 4R AR 2 £
Wl
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Fig.1 Overall framework of the proposed HCECA

2.2 HCE#H

Qo] A 204 /NS RS 22 6] R AIE 22 55, B THBE D (g U0 PR g, 2 5 B AT N F THUBIAT: 55 B 92 Y
Mo TR bR MERE, Bt vR AHL R R I s A e, A BT S A AT N P P RE YOG HE T TE .

1558 1) 4 FURH 28 ) 2% 10 A R S A A A i e, BT — @ i Ry R . B —
SR (10 A PR AR X DA 4 T L R A% A AR A S RS T AR A T
S IRk A ), 2 SR (23, 24 10 &, A SCEBE— RO Y HCE B gk | 5 78 ik
— L PRI SRR R R R o IR R S el 2 P 2 R ) A R A LT bR
BOR A, Hoh B BUERAE B 4R S B R ¥ B B (Depthwise convolution,
DConv) IR & 7] 43 5 % #1 (Depthwise separable convolution, DWConv) #
IEAT B AR A T, WS oR B0 45 8 T 4 M 0T (Rectified linear unit, RelLU)
RN B BT 1 22 2k M B 9T (Gaussian error linear unit, GelLU) pR%E . 18 1
ST T X T BT AR, AT LU AR R ROEE B R AE A B A R SUfF
Boo TEBRAGHI 0 Y 5R BRRAE Z 05 6 o gE AT IF 47 B BRERAT Ll i A [F) R
) 2 AR A L 3 K 2 AL I RRE R0 . HCE 5 B ik B 70 46 2 J2 5k 22 B
Jei o FE 53 RT3 000 246 22 B B AT AR, 3 — 20 1 5 ST A 0k 5 A2 A His
R AR A L RE T, JT BSR4 . BARSS R dn ] 2 R, B
1 FC %R 4% 42 2 (Fully connected layer) .

SSRGS 2 2 2 M 1 A X 1 X TR 7 X 7 B IR fz HCERUR
5 L, A5 0200 A 0 90 1 o ) RRAE X, L EL A A Fig.2  HCE module
Xm:GeLU(go]X](GeLU(%W(GeLU(@]X]<X2>)))))+x2 (1)

it':F':?lxl%ﬂf\‘ 1X 1%$Rﬁ%’f/ﬁ’§0dc7x7%%i\‘7 X TS B FPRAE
SRIG s H R RRAE X, 43 B A 1 X T3 X 3 By 57, 0 3 R A7 19 A TR R BE 36 AR AR LA 38 5 e AiF
FoRte . 101 X LRI, P EARHE S 5t 1 X 1R GeL U B0TE sR8L, 15 205 R 1E X,

X, = GeLU(¢yo(GeLU(1(X,)))) (2)
73 X 3 RN oh IR E 26 o VRRE T 53 25 4 URN 2 1 2 16 0 o A
X3ns= ¢dw3><3<FCs<ReLU<FC1(¢dw3x3( Xm)))’FCz(¢dw3x3(Xm) ))) (3)

I @ BN 3 X STRIE ] 73 B B FRERAT
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Xe=X11 T X505+ X, (4)
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T 4 E B SR 34k 22 B A R R AE X B A D 3 X 3 B AR SR IBURFAE X,

XconV:¢3X3<AR€I‘U(§03X3(X3))+XS) (5)
X AReLU & 78 RelU L0l b HEAT — 5 16 o 10 35 3 17 305 s 2 Bk A ok
AReLU(¢3x3(X3) ):ﬂReLU(¢3x3(X3))* aReLU( — ¢3><3(X3)) (6)

b o F g g Al 2 ) 28 Gl U ki AR [ 3oy > B U0 (R, LA RS T B0 (Y 2 . MR SOk 261,
BCE a FWIERE N 0.9, I FLBRH 72 [ 0.01, 0.99 ]V Fl P, sl S 68 0 S0 RE 2 Al o 888 p I RD AR (B R 2.0,
FEAg LR 7E (1, 2) 30 Bl P, 60 PR ASE Y F) LE 38005 (B2 30 B o
R X o i A 23 8] 13 3800 20 SCORGH 8 1 3800 53 3, 53 il A% 31 23 [a) T 0 ) R ik I A g, 008 0
EIREE Ay, HoAs 200000
ASpa:¢7><7<|:XL'((J;;:\VP’XC((J;rIY\/['P )
(7)
Ac1m:§91x1<max<0’¢1x1( X&?f)))
Ko TR N T X TIBRL
PR U, B 25 ) VE T )RR R A, FE S VD AR AE I A, BEAT RlE L A5 BRDRL R T R )RR
A course» B

A ouse = Agpa T Acha (8)
D BURLIE B9V 2 AR P 5 X, HEAT B B
X=X A (9)
SRR K DI 0 R T AR V0 o 45 5 0 PR X g B
X =0 (07 (CS(X)) )+ X, (10)

K : 0y Sigmoid PREL, @7 RN 7T X THIA G, CS Rl il IR e #AE
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il — AN gk 2 M 5 XA, A5 B SR 2 RRAE B
Xeav = X + X5 (11)
2.4 HMEKEH
7R SR AR 25 - W9 58 UM 9 = R A R DL B — B0 43 A 5 2 T B 48 2 10 Sfe X A TR
TN o Bn % -8 A8 SUR A0 2R R IR S 17 A B 258 28 SUAR 401 2K R ERCFE Ak 3 one-hot S i AR 28 I, 7T BE 2%
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A NG UIZR G th AT A B8 y AT N B AR 2 s p ANRAT NI N 55 2R s e 2 —
B, T AEVIZRAR BRI R /Y 8 35 v 7ESC g b e B0 M 0.1,

G A — B e 249 RS A 0 o VRS RRAE £, S, Z TR 22 E LR IA A

1 & y y
Loa= E; mean( fir, — fir,) (13)

A BRI B2 — A/t b A B o IR S TR B i mean ( f, — f2) RORFHAE £ A f, ZE (I
PO o 3l o AT — B A DA, WA R (] 4SS 2 R AR A AL 2 fre KA o

BEAh Xk Al DAL [R5V ZLAME S [R5 T R] DO P AR A i o TS 2 1 45 My L S0 SR Y
o Ta] A6 25 P M v g PP 25 2 ) BE AT T U A 400K 2001, DA S RALZE AR AR BE S e/ MEZE REAR
FHE . RIS TR MK IEMG, b 5 1R BIEE MOk S T WO R B8 M+ LR35 2M sk L1 AN ER
55 2M + 1 250 3M 5K AT UL RAR AR 00 o DR A, 26 3M + 15K 28 55 AM SRR 21 A0 PR A Y
MRS MG . LAAT OGRS £ Ah UG A 5 2k S 1], 41 2 3R ik xR
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3 XWRERSH

3.1 HIEENA

AR SCHE BT A2 9 23 FF B0 S8 SYSU-MMO1™ A RegDB ™" 1= #4752 56, LA PEA 42 Hi 19 HCE-
CAMTERE. SYSU-MMO1 %4 4 J2 th 4 4> 7T UL G AR BL AP A 20 S AR BILTE 115K Fn 8 2 Wi B 1y R #0 T
UL -0 AT N U B SR A ) A T 491 AN FAT N B RIS L R R % N R E S 2 AN TR
Y. Foh 395417 A& 0 MG R T INZER, 5540 96 47 AN B 0 (9 MG T . AR SL 50l T e &
DL Rz A3 R 2 Fiast =, X 8 09 O v AT MR RE 9P AL o RegDB A 42 2 th AT WOl -21 AP XU Sk AR HL
O A E 412 A RAT A0 B 0 RO 2R AT D20 A0 s AT N U B 4 L BT A 10
AT WG FLLANER . BERLEE R 206 47 AN B 6y BHR T T I1Z5R, 3 41 206 4> FE T I, S 30 45 51 02 101k
S5 2R 1 7 418
3.2 EMERR

ARSI T 16 IO 1 BB PE AL R B R < A 1 BB 1 DR B4R (Cumulative matching characteristics, CMC)
i £ JIr 15 14 Rank-& P51 2801 F 208 B2 (B (Mean average precision, mAP) . Hh, Rank-4 i & Y 72 78
HE AWK R, IE A0 AW BR WA 2 ok B9 R s m AP F T 3E Ak K R R A B H A2 A 24> ) R L fid
T ) # A VR RE R L .
3.3 LWiRE

AR SCHET Pytorch BEZR S, I F NVIDIA 3090 GPU 52 ik B 1 I 255 2 . % F7E ImageNet |
25 Resnet-50 1E B 1 W 2%, BT A i AR R G8— Bl 8 Oy 31838 X 384 8 R X 1928 K L TE Il 5t
IO FH Bt AL 7K ~F- T 2 R0 AL A8 B R B R O 1 iR A o RN v R 2 25 R R A ) ORI L W dR e T R
BEE A 1077, 76 1056 )R PERE B 107, 7655 20 %6 il 3] 1077, 7658 60 42 0 81 1077, LI 2R 80 %% .
fdf HIBEALES B2 N Bk BEAT AL, sh i 2808 4 0.9,
3.4 xftbiie

F 4t i HCECA 5 B AT S ik i 5 55 2547 N SR 7 i 0 A7 00 LU, 6 b 5 vk A 46« AR = Je 2 8 2k
W 4% B9 T S &= 7 ¥ {8 e fk (Attention generalized mean pooling with weighted-triplet loss network,
AGMPWLN) " (% 1 75 (Zero-padding) " . % 5 £ 4 40 9 4% (Alignment generative adversarial net-
work, AlignGAN)'™ ] # 25 % 2% (Middle modality network, MMN)"' i i 34 3 I 4 2% 2J (Channel
augmentation joint learning, CAJL)" B¢ & £ 9% 1 52 6] ¢ %t 5% (Joint set-level and instance-level align-
ment, JSIA)" X #1)Il 2k (Dually robust training, DART)"™" ¥ i # 25 2 52 Transformer (Progres-
sive modality-share Transformer, PMT)""* | 22 4% B #5245 5245 42 B (Multi-level two-stream modali-
ty-shared feature extraction, MTMFE) " I 25 4t 52 4% 52 45 4F 3 [7] 23 B3 (Modality shared-specific fea-
ture cooperative separation, MSFCS)"™', H:i , AGMPWLN  Zero-padding MMN .DART #1 PMT &7
IR 55 %% b B 45 R, AlignGAN \GAJL . JSIA MTMFE Fl MSFCS & Jf i 3C b (1 45 1, se g 45 R n & 1
B o

W 1, A SCH A HCECA 78 SYSU-MMO1 #1 RegDB ¥t 4 2 8 08 FXF e ik . 18
SYSU-MMO1 %#s % I ,HCECA 7 & R T 19 Rank-1 F1 mAP 4354 72.21% 1 69.89% , A kb F
PERE UL 19 MSFCS, Rank-1 Fl mAP 43 5l & 15 1.62 %6 F1 2.4 % , MSFCS 3 i #5143 88 FEAE 43 L3S
RIS R (R 20 T A 5 B R Ak, SR HCECA i@ it HCE £ & T H#1E Y R ik fE 7 il
of CAZHEAT N4 15 B 3BT AR S 5 PERRAE , 38 & T BIRLR PR e . 7= WA KRBT . HCECA
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%1 SYSU-MMO1 71 RegDB #1B 4 & sExTLE

Table 1 Performance comparison on SYSU-MMO01 and RegDB datasets %

G S SYSU-MMO1 RegDB

ik LS ENILER Al HL-21 4h £1 41T I,

Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP
Zero-padding™ 16.70 19.10 21.45 32.10 18.76 19.21 17.34 18.47
JSIAM 38.10 36.90 43.80 52.90 48.10 48.90 48.50 49.30
AlignGAN" 42.40 40.70 45.90 54.30 57.90 53.60 56.30 53.40
AGMPWLN" 47.95 47 44 53.12 62.09 76.19 68.87 73.96 67.06
MTMFE™" 62.56 60.57 65.06 73.86 76.10 74.39 72.18 71.04
PMT™ 67.53 64.98 71.66 76.52 84.83 76.55 84.16 75.13
DART™ 68.79 66.55 72.52 78.17 83.78 76.00 81.78 73.64
MMN'® 69.63 65.72 75.96 76.99 91.68 83.97 87.30 80.27
CAJLY 69.88 66.89 76.26 80.37 85.03 79.14 84.75 77.82
MSFCS™ 70.59 67.49 75.98 80.24 85.34 76.39 83.88 75.16
HCECA 72.21 69.89 78.32 81.84 92.23 85.08 88.17 81.75

i) Rank-1 Fl mAP 3 5 4 78.32% F181.84% , bt CAJL 43 Bl &5t 7 2.06% #1 1.47% ., £ SYSU-MMO1
H 45 b RP AR S X B S 56 SR B T 4R 9 HCECA # f b

IEAh, R T 5 E HCECA B2 AL g J1 At | 78 RegDB Budls 45 F b 474 HL 9256 . 76 ] UL -21 4p
BT, HCECA B Rank-1 F1 mAP 4351 ik £ 92.23 % 1 85.08% , M4 F U Al ) MMN, Rank-1 il mAP
4y B 0.55% A 1.11% . 7E £ 4h-7] WL 20 T, HCECA B9 Rank-1 il mAP 43 51| ik 3] 88.17% A
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Table 2 Performance of each module on SYSU-MMO01 dataset %
ik AR R
Rank-1 Rank-10 Rank-20 mAP
MMN 69.63 96.07 98.95 65.72
MMN-+HCE 71.60 96.44 98.87 66.53
MMN-+CA 71.69 96.36 98.89 68.93

MMN+HCE+ CA 72.21 96.52 99.80 69.89




1604 R E B L Journal of Data Acquisition and Processing Vol. 40, No. 6, 2025

MFE 2 R Al LA Y, 2 AE R AR MMN | %8 i1 HCE B, Rank-1,Rank-10 F1 mAP 4351 4 71.60% .
96.44% F166.53% , M4 T MMN, 43l $2 7+ T 1.97% .0.37% F10.81% , F W] HCE 0] DL By A58 74 5 i o
FH I RRAE B R RRAE A RGN BE J) o Rank-20 M9 PR BEAT WS 150 T [ , 2 B HCE W] fE X} Rank-20 iX A S8 A4 1Y
VEFC 4 A BT S . Y7 L LR | 7R B CA IF, Rank-1 ., Rank-10 #l mAP 43 51 & 71.69% .96.36 % #i
68.93% , 4 A4 T T 2.06 % .0.29% F13.21% , Ui B CA REWS A R AR AT A 40715 FR4E , $2 55 17 AN FRAE 1
Y RIRE Ty o M AEFE A - [ BRI HCE A CA BB R B8 A PEREAS 2] T F — A #2 7+ . Rank-1,
Rank-10,Rank-20 fl mAP 4 5l by 72.21% .96.52% .99.80% H169.89% , #1 % F MMN .MMN+HCE A
MMN-+CA, 4 ™ F8br I PERE S5 3] T $2 7+, A HbF MMN, Rank-1,Rank-10 ,Rank-20 il m AP 43 51 #& F+
T 2.58% .0.45% .0.85% F14.17% . UiB HCE F1 CA W5 & SL R /EH , ol 245 80 (i 2 3, HCE RE ¥
Bl A R 42 4 O S B A RRAE , CA RE A% (o A5 8 12 RO 4 i o L2 I R A RRAIE . SEER 45 B UE T HCE
CA A R, I w5 35 2 [R] 1 FH Ao el A58 780 M g 1) 2 5 6 R AR 2
3.6 AT

HeFy nl AL o8 1 iE— 25 43 B 4 1 1 HCECA (48 250t F AR B P o HCECA 5 564k J5 7k MMN £
SYSU-MMO1 $c#i 4 bt A7 HEP vl Bl Ak, T BEALEE L 3 2k R 45 2R AT AR R A R B 4 Fs . K451
G query EIMECH TR R AT N EE 45 Ry 1~ 10 09 GO 2 B 52ORE BLBE HE S I T 10 MR R 45251 . I

query 2 3 10

(b) HCECA
El 4 SYSU-MMOT HEJF 25 5Ll WAk
Fig.4 Visualization of sorting results for SYSU-MMO1
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Fig.5 Visualization of intra-class and inter-class feature distances
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Table 3 Comparison results of complexity

ik MR 2 450 /10° Rank-1/% mAP/ %
MMN 23.534 69.63 65.72
PMT 85.648 67.53 64.98
DART 23.550 68.79 66.55

HCECA 48.396 72.21 69.89
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