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Hybrid Convolutional Enhancement and Content-aware Attention for
Cross-modality Person Re-ldentification
YANG Zhenzhen', WU Xinyi*
(1. College of Science, Nanjing University of Posts and Telecommunications, Nanjing, Jiangsu 210003, China)
Abstract: Cross-modality person re-identification (Re-1D), as a research hotspot in the field of computer vision,
aims to solving the challenge of matching pedestrians across varying imaging conditions. Existing methods focus
on extracting modality-shared features, but they 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 cross-modality person re-identification is proposed, which aims to extract pedestrian
features with more detailed information. Specifically, a hybrid convolutional enhancement (HCE) module is
embedded in the backbone network to capture richer cross-modality feature representation, enhancing the
distinctiveness and robustness of the features. In addition, 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-MMO01 and RegDB datasets. The proposed HCECA attains the Rank-1 accuracy of
72.21% and the mAP of 81.84% in the 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 those of current cross-modality person re-identification methods.
Key words: person re-identification; cross-modality; attention mechanism; hybrid convolutional enhancement;
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Ye ZEPRGt T — Rl B IE A B R T, A AR R T AT A RS HER 1. Wang
2t 003 3o 2 R RS AR X PR (K 7 1, X SR M S R AT 03K, /NS RS 2 A )
#5. Yang %«4[”]%}\”7&;-:1°T/§E’Jﬁaf“ﬂ7ﬂ ZLAMT NEIRGIEIF T 5L, uﬁTﬂ%‘%Ulléﬁ\
Jrid, ARERE TR . Lu ZMPR T it S 3L = Transformer (TR & 27 S HE S
FH PRI B 2 31 R/ P M A5 112 85 - Huang 252 1y T%?Ziﬂmﬂ‘% S /\%%*%?IETEEX?H?%,
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L T IEAUBAS L 2R, BN Z B I E B, 1E|E5|i EAR M IRABEAS N FRRALE
Yang MR I T — RS I ERE R 20 B Ui, A S SR A — A R 3 B A
PU ke, AR TR 22 5t o ﬁﬁlimﬁﬁﬂﬁiz’jzﬁﬂﬂﬂ%}%ﬁwﬂf—%ﬁﬁi‘%j‘%
FHIE, BAAE—EfRE IS TRERHRRE, (H0]5E 2 S BOE LA T S = RHE B 1% 2
N ERFIE, BREESE ﬁﬂjz{ﬂ’i

2.2 FEIE

ij{%?jﬂ%%ﬂEl’\ﬂ%ll\?’f?ﬂ'ﬁ%*ﬁ*”zﬂ* REMR jJJi’l‘%’*’“E@%ﬁJﬁh KR IPSERTPNGIZN
R, NEANEOSEAR MR E, S EE . Hu S0005 R 5 R
(Squeeze -and-Excitation, SE)f& 5, i i AR IR 1E ZIEJ A EARAOC &, e 1A
PERE. Woo MMMy & A A 44, Wit T B & J#EE (Convolutional
Block Attention Module, CBAM). Agarwal 2R H kiR VT 7% /) 15k (Skip Attention Module,
SAM), {fiFHE M52 XyEE LI E R AW, B iem 7B Az EE 1. Misra

2
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Figure 1 Overall framework of the proposed HCECA
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Figure 2 Hybrid Convolutional Enhancement Module
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Hb, @ RIXVEIRBRIE, Qg0 & (X RGN, GeLU 2% 4.

RIE, BHREEHE X, 5 5l#211x1 F13x3 0%, BEHITHARREERERE
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Figure 3 Content-aware attention module
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TR FOVE RIS X, HEATHEEE:

XC = [XCOFIV 1 A:oarse] (9)
WG, BPHERRRMERAZIG =TS 0%, 152100 A RFE
Xined =0 (€0<37x7 (CS(XC ))) X conv (10)

Hrr, o2 sigmoid B, g, AT XT G, CS NiliE R,
wJa, BE—AREEE, 5 X M, 3205R4ANRHE:
Xeam = Kinea + X3 (11)
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4. KW RERSH
4.1 HREN R

ASCIEFAT 2 A I A FFEARESE SYSU-MMOLE A RegDBP! k475286, LAVTfh4
Hi # HCECA BI1ERE. SYSU-MMOL 3 £ 42 B YN vl WG AHMLAN AN LEAMEBLAE B3 R AR
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[E 5 T o AR 92508 A48 R DA S S AR R RS X, o4 e i 7 vk AT PR e B IR PP A
RegDB #5442 th v Wot-£L AP SRR ARNLIAER, 67 412 DMAEAT NS 4R 501E BT
W-LLAMNERSAT NEVONEEES, M7 A& 10 skn] KOG AMEE . FEHLIEZEL 206
MIASHEGBTIIZG, S 206 MRATFMER, SELERR T RIS R0 FIE.
4.2 THA AR

AR S5 Py 3k HUIK VE R VT A5 8 AR e bR v SR T DT T KR 1 (Cumulative  Matching
Characteristics, CMC) 1 Z& it 15 1] Rank-k 17128, DA K P37k, 535 {f (Mean Average Precision,

mAP). 1, Rank-k & (R AERT k KRS, ARG R HR R, mAP
TIPSR R GUAE &I TP AR 2 T RE VL BC T B Ak RE R I

43 KW E

ASCHTF Pytorch HEZESZHL, FHFIH NVIDIA 3090 GPU 58 AR (Il Zrid . K FAE
ImageNet F1IIZ5/) Resnet-50 14 E T M, Fra AR EG S —piH % 3X384 X192,
FENZRAS , 383 B FH BEATL K TR R AL o P e AR SRS sl i o 7E VI b SR FH B A5 1
SRS, VIR IR E N0, 1E 10 FE Nk MER N E 107, 7E5 20 FEIEE] 1072,
TESF 60 #3310, FLilllZh 80 %o A FHBAALER B2 T FREHH T, SIESHE R 0.9,
4.4 ZFEEIRTE

FHE I HCECA S3ILA Jeit s B AT N BRI E# AT X b, o6f be 7 v B0 4
AGWM, Zero-padding™, AlignGANY, MMN®, cAJ™, JSIAMY, DARTH, pMTH, MTMFE™
1 MFScS™, EHer, AGW, Zero-padding, MMN, DART, PMT &7ER% 2 |- M4
AlignGAN, CAJ, JSIA, MTMFE Fl MFSCS &5t e gE . Haih s Rk 1 s

F 1 SYSU-MMO1 1 RegDB #ffi 4 EItEREXTEL (%)
Table 1 Performance comparison on SYSU-MMO01 and RegDB datasets (%)

EAETE SYSU-MMO01 RegDB

R HENER QRSN ARSI

MR/
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

JSIALY 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
AcwH 47.95 47.44 53.12 62.09 76.19 68.87 73.96 67.06
MTMFEM! 62.56 60.57 65.06 73.86 76.10 74.39 72.18 71.04
PMTE2 67.53 64.98 71.66 76.52 84.83 76.55 84.16 75.13
DARTY 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
CAJ 69.88 66.89 76.26 80.37 85.03 79.14 84.75 77.82
MFSCSH4 70.59 67.49 75.98 80.24 85.34 76.39 83.88 75.16
HCECA 7221 69.89 78.32 81.84 92.23 85.08 88.17 81.75

W% 1 iR, ASCEHAY HCECA 7 SYSU-MMO1 F1 RegDB #iE4& FH S ZM T ikt
HiE. BRI, 7E SYSU-MMO1 ##E& , HCECA £ Z1& X TH Rank-1 1 mAP 4
F A 72.21%F0 69.89%, FHEL F M BEX LAY MFSCS, Rank-1 1 mAP 43l H 1.62%%0 2.4%,
MFSCS B4 E NS, HIFED ARSHZMESHE, BR2Z8 THTE2MHEIE, 1=
A9 HCECA @i’ E & EFUERF E THFHERFRIERE N, Bl NS BAEFENIZRITAAT
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BR, BT ARERMEHE, 25 THREIRAMEE. EERRERENXT, HCECA AY Rank-1
#1 mAP 43314 78.32%7%0 81.84%, Ltk CAI #alEE T 2.06%%0 1.47%. #£ SYSU-MMO1 %
BEE LA RIER X EL LI 4IERR T R HAY HCECA B9fftkie.

tesh, AT IIE HCECA RYZ ke hAnfLEl e, 7£ RegDB ¥R £ thiH1TXIELSCIE .
FEAIL-4I5MER T, HCECA B9 Rank-1 F1 mAP 2 BIikZ 92.23%F0 85.08%, FHET RALHY
MMN, Rank-1 1 mAP #3IEH 0.55%F0 1.11%. FELZI5M-AIAER T, HCECA AY Rank-1
#1 mAP 43 5ll1AZ! 88.17%7FA 81.75%, 7 AIESHIRMLAY MMN 7574 0.87%%0 1.48%. MMN &
T4 P ENRSE SR GEMES B E R, BRZE T X T AL MR ESNIZHE, =Y
B HCECA RUEAEFUERERBEARRLE., FTRIXNNEREE TIRIUFIERIFRILEE
71, MA#H—SRAATRITENIZIEITANMTIFE, REEEIERE. 7£ RegDB ¥
& _EAFER TAYSTEL SRR AR T 3R HAY HCECA BOfL#E 1

EiRmEA RS LRI EESLIG FE 4 ERA T 1R HAY HCECA MUttt , H B ZHEE IR EF-

4.5 JHRRSCIE

N T BAIE BT H ) HCE A CA BEER 114 8, 75 SYSU-MMOL 54 F st 177 Rl s .
DL ResNet-50. H RIS A e A0 2% B4 ) MMIN 28/ R B 4 7%, AR b2l B
B ASGIN— ML, SRl HCE AT CA B VERE A I I 2545 MMN+HCE.MMN+CA
A MMN+HCE+CA =Hf, W R Sie 45 Rk 2 fos:
#* 2 SYSU-MMOL #iia e MR PERE (%)
Table 2 Performance of each module on SYSU-MMO1 dataset (%)

. AR
Jrik:
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

MFE 2 FATLEH, HAEELEE MMN L7 HCE BF, Rank-1. Rank-10 1 mAP 4>
FA 71.60%. 96.44%%F0 66.53%, FHETF MMN, SRHERHT 1.97%. 0.37%7F1 0.81%, Z<EAH
HCE RIS ENEBUR BNEE E S HVHHE, IEBFHERITRIAEES]. Rank-20 R BEBBE R TBZ,
#< A HCE AT BEXT Rank-20 X BEAARY LD SR B Rzl . SR E AR B _E7R N CARY, Rank-1.
Rank-10 1 mAP 4354 71.69%. 96.36%7F1 68.93%, 4T BIIRHA T 2.06%, 0.29%F1 3.21%,
LRA CA BEfB ARUBRIT ARATHFHIE, ST AFFHENERIEE . SEEZER FREIR
/il HCE #1 CA #E3RET, RBAMEESEI T —H42F. Rank-1, Rank-10, Rank-20 1 mAP
FHF 72.21%. 96.52%. 99.80%F0 69.89%, #HET MMN, MMN+HCE, MMN+CA, [
MEFRHIMERES R THEA. #BEET MMN, Rank-1. Rank-10. Rank-20 1 mAP 43 Bll#2F
T 2.58%. 0.45%. 0.85%%0 4.17%. tEB HCE #1 CA & XEER, JIURINEBEML &,
HCE sEFSENERIZHIE B EERHHE, CA ESEEIENELHE . EREAMAFHE. KI5
FRIET HCE 1 CA MIBXM, HEMEHEEERAMREM M EEIRAEHIER.

4.6 AIALIL AR

BTG, N T i Hr it (1 HCECA 1 A AR ik, % HCECA 532k 7
% MMN 7E SYSU-MMOL ¥4 F kA7 T A, JERENLER 4R R, T ARER
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Figure 5: Visualization of intra-class and inter-class feature distances
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