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Abstract: Visible light images captured under low-light conditions suffer from low ‘contrast, while infrared images lack
detailed textures and are susceptible to thermal noise interference. Existing dual-modal fusion methods fail to effectively
suppress cross-modal interference, adopt task-agnostic feature selection strategies, and exhibit poor adaptability of bound-
ing box regression to multi-scale and non-square targets. To address the above issues, this paper proposes a Task-driven
Dual-modal Adaptive Fusion Detection Network (TDAFNet) based on YOLOvS8, with coordinated improvements imple-
mented from three perspectives: feature enhancement, semantic fusion, and loss function optimization. First, a Dynamic

Local Attention (DLA) module is proposed for the feature extraction stage, adopting a parallel structure consisting of an
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identity branch and an enhancement branch. The identity branch preserves original spatial information, whereas the
enhancement branch adaptively modulates channel responses via learnable nonlinear activation functions and Layer Normal -
ization to suppress abnormal activations. Adaptive average pooling and depthwise separable convolutions are utilized to gen-
erate spatial attention, which is integrated with channel attention to construct a self-attention triplet for highlighting target
edges and textures. The outputs of the two branches are concatenated to enrich feature representations. Second, a Task-
Aware Dual-modal Fusion (TADF) module is designed between the Backbone and Neck. Visible and infrared features are
compressed along the channel dimension for concatenation, followed by layer normalization and projection into a shared
Key/Value space. Meanwhile, category labels are fed into a frozen CLIP text encoder to extract semantic embeddings,
which generate modality-specific Queries through dual-branch linear projection. Cross-attention is computed between
modality-specific Queries and shared Key-Value pairs. Afterwards, a receptive field attention enhancement module lever-
ages multi-scale dilated convolutions and direction-aware attention to produce context-enhanced features and boost feature
discriminability. Finally, an Adaptive Normalized EIoU (AN-EIoU) loss function is put forward. A size normalization fac-
tor is introduced to balance gradients of targets with extreme aspect ratios; a center offset factor dynamically adjusts cen-
troid penalties according to target area; an aspect ratio factor strengthens sensitivity to non-square objects. The three fac-
tors jointly optimize centroid distance and width-height errors to accelerate localization convergence. In terms of fusion
quality, on the M3FD dataset, the proposed method achieves a Spatial Frequency (SF) of 15.2, a Source Image Correla-
tion Difference (SCD) of 1. 88, and a Gradient-Based Fusion Quality Metric (Q,,) of 0. 67. On the LLVIP dataset, it
attains an Entropy (EN) of 7. 4, a Visual Information Fidelity (VIF) of 0. 47, and a Q_ of 0. 71. Demonstrating the supe-
riority of the fused results in clarity, information integration and edge preservation. For detection performance, ablation
experiments on the M3FD dataset show that individually embedding DLA, TADF and AN-EloU raise the baseline mAP@
0.5 from 80. 8% to84.4%, 85.2% and 83. 5%, respectively. The combination of DLA and TADF reaches 88. 6%, and
the integration of all three modules yields the optimal performance. The complete TDAFNet obtains an mAP@0. 5 of
89. 3% and an mAP@0. 5-0. 95 of 62. 6% on M3FD, and 97. 8% and 68. 3% on LLVIP, surpassing other state-of-the-art
dual-modal detection methods. The model has a parameter count of 12. 6 M, computational cost of 56. 6 GFLOPs, and an
inference speed of 41. 3 frames per second (FPS). Although its inference speed is lower than YOLOv8n, it achieves sub-
stantial accuracy improvements with much lower computational overhead than other dual-modal detection models. Visual-
ization results verify that the proposed network reduces missed detections and delivers more precise localization in scenarios
with low contrast, occlusion and weak textures. Inconclusion, the synergistic cooperation of DLA, TADF and AN-EloU in
TDAFNet mitigates the challenges of cross-modal interference, task-insensitive feature selection and insufficient regression
adaptability in low-light dual-modal object detection, and improves detection accuracy and localization robusiness. Exten-
sive experiments validate its effectiveness and generalization capability across diverse scenarios, offering a novel solution
for low-light object detection.

Key words: Dual-modal Object Detection; Cross-modal Feature Fusion; Dynamic Local Attention (DLA) ; Adaptive Nor-
malized EloU Loss (AN-EloU) ; Low-light Scenes
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A 8h A5 45 5% s B KR ToU (8 REAS M
JE B 2 B B o) e A 483 2 3R A7 48— A i Oy OR
[, AN-EloU M\ HARHE [ S JUfaTJ& 2 13 &, % o B
B B iR IR T AR AR T . o A ()
F H b 1 RS R BN, /1N H bR AR AT 5 5
(RS B 2R o 5 e (0) F2 T B L O 2 2 B B s 40 K H
B A AE LI B 5] B AR TR 205 5 o0 (1) WIS 58 5 5%
22 AT VA —A4k , B AR AR o 4 5 L X P A A e Tk
2R . I, AN-EloU 7E 4% B EloU Tt i fif A 2
(R TR A, 2 — 25 R T T AR S BRI H b RS 22 57
TEobk 22 510 B 38 N AR ) A B TR m AL 2
FRUEE J 52 7% 56t B ARAS AT 55 Hh 1 5 6 G B S5

2 ZWHERSH

2.1 ZWHIESE

M3FD B0 4 (Lin %5, 2022) B £ T4 4252 3R
5T 2255 BRI, G X 55K 1% M A5 L
ZIRFAET RN T K o Z B4 & 4,200 XFHC
HER AT DL 5 20 UG, 3 55 1R B R R ] =2
HADEIIAEE . HERE BRI N JRE A5
FEFLH R ARG ST 3N ds. ERIG =,
FEAE R ELT A5 5 AT S B0 o i X, 38 A M
% JCRAMEE TN R . XEA IR Bos
SE A R ) B R A M e LA A e S
Wil

LLVIP 50¥54E (Jia %5, 2021) & — 2= i ) {1 ) HE
S AT ARG 45 i RURE 2 MG B pi 4, A i
30976 5k %, B 15488 X . fic o 1 7] WOt 5 21 40 ]
1%, REEA 4 NHB R A KR, IRdh
3l A AE G IEOR JE GRS R TSR R 4 Ol
PHZEAR LTRSS IAEE T 19 H AR 7 op HA 5
SR A PR APk

M3FD 5 2 200 2 RE B bR e %4 35
) ARG I e 5 58 e P 5 LLVIP U 58 1 1% 181 55 56 119
B B AMa) @, 3 T 2 HARE R AL IR T
50T . P oAb S, BB IE MO 52 8R4
ZAF T BB T 55 PR A B S H
2.2 SLIGIRER

S R T PyTorch TR 24 ) HEZRAG A58, Horp

PyTorch AN A 2. 4. 1, CUDA JRAS A 12. 1, S50 K53
MR 1R

BRI ZR R S0 & IR IR 50k 800,
HER KA 16, it AEUR RS R 640x64015 5, W1 ih
22500 0. 01, 22 % 0. 0001

F1 ZEREEE

Tab.1 Experimental environment setup

EA 24
BIERS Ubuntu 20.04
GPU NVIDIA GeForce RTX 2080Ti
pisEiF Intel(R) Xeon(R) Gold6240 CPU@2.60GHz
Aped 12GB
Python 3.11

2.3 FMNERR

g DTG T2 TR RS Rl 15 445 R A Rk i A 7
Tl Bl I, AR SCR 2280 2 W PE AN F5 b5 0T Fil 15 5
PEAT R oA o BAREL AR 15 25 (EN, Entropy ) (%5
[&] 55 2% (SF, Spatial Frequency) . I 1% # 5% 2 =
(SCD, Source Image Correlation Difference) . Il & 5
ELPR E E (VIF, Visual Information Fidelity) | 3& T 46
B 1) il A 5T i 38 A5 (Q,,, Edge-Based Fusion Quality
Metric ) LA B 2544 AH AL PE 8 21 (SSIM, Structural Simi-
larity Index) . A, EN H T ml & BHR A5 S F
3, SF S e [R50 M 5 405 A2 A s B, SCD &
TIE Rl 2 SRR XU B AME B RS RE ), VIF A
DL SR 1y B DTN il 45 R0 A RO v £ 2 R R
HAREE, Q,, T i IR IR 0 2% 5 B BE AR Bl Al 5
G AL 3 1) ST 1, 117 SSIM WU T P-4k il 15 225 SR G5
EURZEA (5 B OREERE TT . R FEAR P [R]00 IET XoS
fill 5 4t R EAT 20 10, 0] by J S AG I 1 RE AR T A St
RIE SR

K V- XK 0K BE 27 {H (mAP, Mean Average
Precision) N BRI P F8 bR o mAP 32 2] T25
B B AR 25 SRAE A 28 0] A R JEE (precision)
513 11 #& (recall) Z [ () P47 o AR BT b & 6 A [R) 26
S ) S YA RS E (AP, Average Precision) BB RS,
FH UL e 5 Y 7 22 98 il A AT 55 B i) B R R 3
AP I mAP (RN A3 (22) RN (23) R -

APZf;p(r)dr. (22)
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TH a1 S BB 37 5= B E S IR B AR 75 B 18 R il & 46 0 o) 4%

iA P,
mAP = l:lzv ) (23)
K, p(r) B P-R 4 N 00 8258
2.4 BEEREXLLSH
Sk PG 2 T 1 — 25 BOIE AR SC T 42 AT 55 Bk 5
MRS F3E N A HL 9 A 380 , A8 SCfE M3FD 5
LLVIP 34 45 X Rl& 45 Rk T 7 2 W8t 5 0
BV, IF 5 Tardal (Liu 4%, 2022) | PIAFusion
(Tang 4§ , 2022) . CDDFuse (Zhao %5 , 2023) | IRFS
(Wang &5 2023) (TDFusion (Bai 4 , 2025) &

DEYOLO-n(Chen %% ,2025) 25 )7 = A7 % b o frd)

T 3T A THRAS B8 ST , fE 45— L5 IR B
TFHEATE I BT AR A — SO B AL R
B PPN AR SR AR R 43, AGRIIE X He 45 5 10 2 F
PES5 R E

AR SCHR A A Al T v AR R AR E SE T Lt
S hME BR G ON B AR R A EE
H L0405 0] WG R AT 5530 5 i = 52— 1 il
B FAE AR, B oR SR il A B R AT B .
RS RIYI 25 T RO B BRAS I i bR TR AE B (AL 55 2 51
PR 500 FHE ) s 6 A 0 R PEA B B, D0 UG o
1y 7] UL ER S LD ARG O IR S, R HTEN (SF .
SCD \VIF.Q,,;.SSIM 48 bt & Z WA o

®2 MIFDHEELHRMERELSR
Table 2 Fusion quality results on the M3FD dataset

Method EN SF SCD VIF Q. SSIM

Tardal (Liu %5 ,2022) 6.87 7.63 1.29 0.27 0.3 0.71
PIAFusion(Tang % ,2022) 6.28 10.5 1.47 0.39 0.48 0.69
CDDFuse(Zhao % ,2023) 7.28 9.9 1.47 0.39 0.48 0.74
IRFS(Wang %5 ,2023) 6.95 12.3 1.6 0.37 0.57 0.71
TDFusion(Bai % ,2025) 6.99 14.49 1.83 0.4 0.65 0.72
DEYOLO-n(Chen % ,2025) 7.02 13.9 1.78 0.42 0.63 0.72
Ours 7.05 152 1.88 0.43 0.67 0.73

[, 25 18 21 0 2 2% 48 b sl A R LR i T4
i b X LA 4 T iz Bl PR ) AR 08 T o, AR SC i —
AN R BE R T T ISEXT F A3 0T, DA B s 3k
SO G e (n B e e A O T AT
ZEATENY, LU%H Bh IS UE BT 42 AR R 2 A AL ) ) A
Bk o BRI SR 58 S, DN TADF A58 B 45 HOBURSE 25
AR, 2030 T8 R4 | b RAE S — A AR i nT
ARG EG, HTRE B P . iz B AUHT
AR T, A S5 Bk 2k, A 5] AR5
(R 2 il 5 W

MR 2 I EE W] LA 78 M3FD Bdii 4 1, A
SCJ5EAE SCD (SF ) Q,, SEdhbr EIARBALES R, &
I A SRS M B A S 55 M 401 (557 i B R
IFPEfE . 3% FEA5 25 T DLA 55 TADF Bk () B [A] 4
FH DLA 75 Rl 5 T34 58 SRS RRAE 1Y) 45 40 ZR 3k JF 3l
il P I TADE 3 52 4T 45 3 S5 | 5 50 BB A
(RS REIA: EE W NTTE 52 Bk SSEAT ) SNIDEFS S

“b
He o

hitt— 2 RN R iR e OB R i R I
il A RO A S B MBFD B 48 v ity LY 3 R 3
SCEAT AT AR T B, S5 SR W 4 7R o Sk S A M
Fb AR 6] 78 B bRl G AR 0 1 1 25 5 1 4 3F
— XA T N X IR AT T R R AT S bR i
PNGELINYE i IS AR 3 2 S N N
PR S 5 525 S s HE B (0 52 W 25 AN IR 52
i) , S5 Ak E B K 01 2R AT AN 175 07 5 2T M EME L B 58
AT N SR T 3 B b (A 8O S B
{5 BOAH XF B 2% . Tardal . PIAFusion. CDDFuse
IRFS . TDFusion . DEYOLO-n 25X} H, 77 ¥ 8K i % il
SR AT =Y SO ER (Y NS L L X TN
RO RS B ek B RS BN SR AR A Il
HZ T ARSI T B br B & R Rl
AE A% A A5 T 0 52 8 9 A A 6 0 B 355 B ) E Al
Z AR B s G B A S R B
I B AR HERUEE

M3 EE S AT LA 78 LLVIP IR g s
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(a) Visible image (b) Infrared image (c) Tardal

(g) TDFusion .

(h) DEYOLO-n

(i) Ours

4 M3FDHdia sk AR 7 ik fl G 4R B LT s Bl
Fig. 4  Visual comparison examples of fusion results of different

methods on the M3FD dataset

5 b AR SO AE ENLVIF ]2 Q,, S 4845 L IRl FE R B
B, UL TE 5900 4501 LA BT AR B Rk BE
SR — 2k . HIERPAE T OGBS TG
P55 T s B SC R A A H AR AS T B 64 1) 80, i 21
Hh B4 R % 48 HEFR 1Y B AR 1, TADF RE % 2l &%
PETFLLAMEEAE R Rl A A, ATR AR AT AR SR ik
52 o R DLA B8 — 20 R R AR R Gk 0 FR
FEE TR 5 A B A SRS T O T T SE Y
LR EISIE A IS

A A BB s v LUE AR SO Tk g
U AR YR AN [R) 37 55 T MRS BB, 3 0
B R CEFETHE B AR IA 68 7 (4 [R5 6 5 46 U AT
55 FH I F N RRAE , DT R Ji5 52 s G 0] 1 4t o
INBRLGEA

Ryt UEA SO IAAE 5561 T AN s i il
B FEI AR S B LLVIP B8 4 v ) 80 17 ] B A
PEAT Rl 45 S AT AL R G, 45 N 5 R .

g ORI T E AT N BAR AR R D5 T 22 57
Bl 5 X6 A2 BT AT N XSGR AT T Ry B R A Sk AR
o MEITRTLUE 1 FER BB AT, T o
EURH AT N H bR BERAR, s 585 SRt ez
15 s LT AMEMRREAE 58 AT N AR 5 XSk, (E X6 58
WG AT I B S K SRS S AR T LA Y
WA JE o Tardal . PIAFusion, CDDFuse . IRFS. TDFu-
sion ,DEYOLO-n %5 /5 74 B AB 3G 58 A7 A\ H bRim 1z , {5
FERUR X I P AT FEAEA T N BRSO 30 A i el R
TRLE A AN ATE I S I, A T AR SO R
e s AT N BAR0 [RI I, 5 g M O A AR 2% A
HARSSH , i A 45 R M 22050 H A i 3 M 5] W
AT RIRRE ST .

FIRRRI S N ARG S5 R R AR S T RE
SRS IOE B = T A5 B i UE A 7 3 1 il
A T A I 2 6 I AT 45 4 A o 5L ) 531 ek 1 5
Fre
2.5 HEERIE
SR B AR SC R ) AR R Y A 3 ORI
A1l 5 R XTSRS 285 A 000 4 R 19 BT R, 8 SCAE M3FD
FATLLVIP B4 EIF R T — R ITHE A SCE o 58
55 R A AL A 197720, 5 4 5] A DLA \ TADF
FAN-ELoU B8, I LUN R BTR F i sk k00, 75
BAE Y S, DLA 5 TADF 3 845 T OB &5 RRAF
AR S Rl AR T AN-ELoU FI T 00 AL A I B Bt 1Y
AHERIE . SEE5 R AR 4 PR .

MR 4ATTLUE ) FESRAL B S T, DLA . TADF

®3 LLVIPHHEE LHMAREER
Table 3 Fusion quality results on the LLVIP dataset

Method EN SF SCD VIF Q. SSIM

Tardal (Liu % ,2022) 6.32 742 1.04 0.27 0.22 0.58

PIAFusion(Tang % ,2022) 7.1 14.8 1.55 0.39 0.68 0.69
CDDFuse(Zhao % ,2023) 72 13 1.45 0.45 0.6 0.7

IRFS(Wang % ,2023) 6.92 133 15 0.41 0.61 0.64
TDFusion(Bai % ,2025) 7.36 16.38 1.75 0.46 0.62 0.7

DEYOLO-n(Chen % ,2025) 73 13.6 1.7 0.45 0.64 0.69

Ours 7.4 16 1.86 0.47 0.71 0.69
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(a) Visible image (b) Infrared image (c) Tardal

(d) PIAFusion (e) CDDFuse

(g) TDFusion

(h) DEYOLO-n (i) Ours
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Fig. 5 Visual comparison examples of fusion results of different

methods on the LLVIP dataset
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Tt UL pRECRE O 7F — 8 AR 1 o H s
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XU HLLE A 1t — A R BL T R (0] i MR
5] A DLA 5 TADF J& , B AU 7E P AN 50 45 1 9 4G
PERESY I 2 HR T, F W] 28 [ RRIE 1 o 55 BURE S il &
Z I EA BRI EMRIVER . [FEF, TADF 5 AN-EloU
FEARSE IR 5 N REL , Ui B Al & AL 5 e
I 2G4 B T TR 223855 v i kil g
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Tab. 4 Ablation experiment results of the proposed algorithm on different datasets

Models mAP@0.5(%) mAP@0.5(%) "‘3323/5 - mAP@0.5-0.95(%)

DLA TADF AN-EloU M3FD LLVIP M3FD LLVIP
80.8 95.4 543 58.4
N 84.4 95.9 55.8 60.2
N 85.2 96.2 56.2 61.6
N 83.5 96.1 55.6 60.5
N N 88.6 96.5 62.2 62.7
86.9 96.3 61.0 61.6
87.3 97.0 61.2 64.1
N N N 89.3 97.8 62.6 68.3

M S ASBIHE A I, B AE M3FD I LLVIP
Bl DB EvERE . 4536, DLA [ TADF
FAN-ELoU 73 5i/EH TR IE 35 (S BSRLA F1 H
i 8 LB B, 38 A 43 2 PR IR A AR T T AU
H A i) B R R

Sk i — 25 B AIF DLA 8 98 4 (53 10 45 B
P AR SCHE SE SRR SLRY X DLA BEHGHEAT T N3
THRLSCES . SE8e P [ 2 1 F TADF 5 AN-EloU , {2
#% DLA BEHL ) N IR A5 1, AR U 2R 280 B840 45

A RSE AP 7 A e — 8, RBRah SRt
JEAR AL AL RISE S DLA-1, 228 [ 1 2 WLy
RERIT ly DLA-2, 58 4% 1 DLA B 5 [5] f 4, & h 253k
LYERAGILH S AER LG . LR RINES
JiR o

A5 AL, 5E & DLA #EHe 78 M3FD £ LLVIP
Ba A T AR &5 AT AL . 5988 DLAR L,
FBR B AARL M R AA ML Y DLA-1 76 P 41 55008 4 -
1 mAP FEARIIA —E T R, X R B2 ML A B T 22

11
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Fp AR OE IR 5 M R 0 5 B0 S R IR £ TR
fERIRFRENE . M2 BR A TERE AL A DLA-2 [F) R
e AN R RE R K, LR AT T PL BE g A ko

U E A L EE asuke SERTE RS iNPRIP

5 M3FDFNLLVIP##E5% FH DLA SRR StIe 45 R
Tab.5 Ablation results of the DLA module on the M3FD and LLVIP datasets

Models mAP@0.5(%) mAP@0.5(%) mAP@0.5-0.95(%) mAP@0.5-0.95(%)
M3FD LLVIP M3FD LLVIP
DLA 89.3 62.6 68.3
DLA-1 88.7 62.2 67.6
DLA-2 88.4 62.0 67.4

GAORE NI RA LR S HE R IIL
il 53 5310 DA RSEAIE P 7 80§ 602 i) 5 3R AR P -4 o)
DLA BEERIE B RN 72, — 3 25 4 nl it — A3 T Rl i
AR FFIE 1) 2B T i
2.6 TADFEENTMLD

by it — 20 Bk TADF A5 8 v AT 55 1 S5 L]
A 350, AR SCWATE 45 1 L5 15 T B9 i o i

 7/«

(a) Visible image (b) Infrared image

(¢) car

FERTRAL BT o A5 5RanE 6 i .

BT PRI 2 551 SCAAE AT 55 S i A
SCA Grfith 25 45 B0 B 20 S TR AR A
554 1) ] i 5 AU S I AE RRAE A T I R HL L 3K
FHAE 55 A OG0 223 (10 10 Bl i, 0 2 0 A e S
[ PG 23 ) F AT 0 — AL A 3, 45 B AN [F] SCARER R
TR HROIEL,

(d) people (e) car + people

(d) people (e) car + people

El6 REUES CAYEA T TADFAHR ) 7 & i ) &
Fig. 6  Attention heatmaps of the TADF module under different task prompts

MIEL6 R UL, 2 SCARHRE R N car” IS T 6 77 WA b7
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S, 5 DA TR ] A o A A A 55 6 5iR - AT DG Y
SRS TR S SRR 5 24 SUAR 780 “people”
VETE JIwe B B 22 R AR T AT AT B S R A 2
5 XH ] TADF S5 RE A i B 21 SN S AE IO
MR AE T X AR FLRR A 28 SRR RE T 5 29 3UA SR
oh“ car+people” N, 7 T 7 XA F 2 26 4290511 A
FUBR DX, U WA 55 1 AT 5] A AR B A ] H A
N B AR X

AR TR S SRR W], TADF R 5 3 X0 7] 1L

5 LM SR T [ E AR B, T2 RETE AR 5518
XHIFT, Bk 2R A 5 Y ER I B AR AH S
BFE R LA X, %GR — P 5E T AR5
TN USRS 285 il 5 ML A 20 , i DA T i ek o B2
7~ T TADF BEH 2 FHIKOT R 3F 50 B AR A I e Y
2.7 XtEEsEIE

Ry i — 25 B R IR A9 TDAFNet 76 H A5 A% 1
PEBE 7 T A DL A, BEIRC T 3 AT Ay BUASE 25 U A 72
CFT(Fang%,2021),CSAA(Cao%#,2023) ,MS-DETR
(Xing % ,2024) , CFMW (Li % , 2024) X DEYOLO-n
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Tab. 6 Comparative experimental results on the M3FD dataset

Method Input mAP@0.5(%) mAP@0.5-0.95(%)
YOLOv8n RGB+IR 79.2 52.8
CFT(Fang %% ,2021) RGB+IR 87.9 60.7
CSAA(Cao%,2023) RGB+IR 85.1 58.2
MS-DETR (Xing 25,2024 ) RGB+IR 88.9 61.4
CFMW (Li %, 2024) RGB+IR 89.0 62.1
DEYOLO-n(Chen %5,2025) RGB+IR 86.6 58.9
Ours RGB+IR 89.3 62.6

TR 6 FIZR T WL I 25 HE 4307, Tt () TDAF -
Net 8.1 /£ M3FD A1 LLVIP W5 4 8y sem T
ARSI fiE . 7E M3FD B4 4 [, TDAFNet 1
mAP@0. 5 fl mAP@Q.5:0.95 43 5l 4 89.3% Al
62. 6%, FYERER A CFMW J5 3548 L, 43 94 7
T0.3%F10. 5%; A% T DEYOLO-n J5 i , 2 T} i
H2.7% 3. 7% BARKRE 2 IR R

S T e 2 S AR AR T 43 S E 05 ik i S T i
BE A XA BR . fE LLVIP (4% 42 |-, TDAFNet [
mAP@0. 5 il mAP@0. 5: 0. 95 43 %] ik 3] 97. 8% #il
68. 3%, fEr A X o r ik KRB R AL, SRIEH
DEYOLO-n J7¥EAH I, 73 5RTE 1 1. 0% 12, 9%, 3%
WZOT AR R e B B 3 N fig

%7 LLVIPHEESE LHIXTLIXIEE R

Tab.7 Comparative experimental results on the LLVIP dataset

Method Input mAP@0.5(%) mAP@0.5-0.95(%)
YOLOv8n RGB+IR 93.6 64.1
CFT(Fang%,2021) RGB+IR 93.1 58.8
CSAA(Cao%,2023) RGB+IR 92.3 55.8
MS-DETR (Xing %§,2024) RGB+IR 94.2 62.1
CFMW (Li % ,2024) RGB+IR 94.8 64.6
DEYOLO-n(Chen %§,2025) RGB+IR 96.8 65.4
Ours RGB+IR 97.8 68.3

NG ST FROR AT AT R H 1) OUR S A
ITE— AR R T R IRG B (H X sy AR
& LoU 1 (mAP@O. 5:0.95) T HITEREIAEZEA I -
I TDAFNet 7E i 45 b5 b 2B B & 34, e A HAE
o R R S A R AR B AR IR D T EL A A Y
CEWAS

WX —PE LA = R AT 55 9K Bl () DU A AP AIE
TR T Tl B SR W5 2000 2 R AU 18 iR A 1) B 25500
i3 7 A v WO LA ER R EAME B, B

TRHIE R IR I 2R S SR R s TR, O S AR
BB AR HA O] T BS RITAR A BT R
TAEAOE IR 5T XU RRAE (14 2555 R BE
2SR TR 25 SR A TR M AR
2.8 HHEZREILR

Sy it — 2 Ay TR 5 R ST A SC SR
TSR (Params ) \TTHE 2 24 (GFLOPs) K 4
PR, 25 5 0L 8 Al LR 4 B VA A T L
PE, FPS IR AE 556 2. 2 97 — B L K R8s p b A T,
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Mk 45 NVIDIA GeForce RTX 2080Ti GPU , i A
K% RSP 48— S 640x640, batch size & 1, X T
TADF B 1 5] A ) CLIP SCAR i & , AR SCA0KE He
FAVEZE S A0 ORI E | 33 B B 9 288 51 SOA
T SCRRIE B BT RIS 47, ISR v FPS 2R
WSR2 & A A e I RRAE S I B A Rl Sk
I FIMFE IS, AL 75 B 2 SCA St i 72

M8 AL, 5L AR YOLOVSn A HE , AR 30
5] A DLA 5 TADF #3t 5 , 508 i 4. 2M 3 &=
12. 6M, GFLOPs M 18. 1 JF 2 56. 6, i 2 1 & ] JA
179. 5 Wi/FRE 22 41. 3i/ED, THE I8 rs . 5
AT CFT . CFMW 2 HAth BUBE S I, AR SO iR
SRS T2 2 B AT A T RAROK -

®8 HEFHILR

Table 8 Comparison of computational cost

Method Pa(r;‘;“ GFLOPs r(;?ig (E}Z)
YOLOv8n 42 18.1 792 1795
CFT 206.1 240.5 879  —
CSAA 86.6 88.2 851  —
MS-DETR 67.2 133.4 889  —
CFMW 181.3 259.1 80.0  —
DEYOLO-n 8.3 2 86.6  136.1
Ours 12.6 56.6 803 413

=0 RW, SR S5ITE RN K R
U5 T UL FRAF il B RR AR R s A ) 5 I AN
X AR A S5 AT A X i, DR A B THRRAE
FIRBE SR B T A AR Y B BT 2%
GAEIE 5 G RS R A AR SO AT T A AT
FERIRTHE T, SEBL T ARSI BE RO AE SR T, DA TR
BEAYTE S oy HH B A i iy T A 54k
2.9 NS RATLRTLE

R T BT A el AR AR AR RS IO 37 5
(R 52 AR BE ), AR SCHE M IR S 4000 B %A
25 IEAT T AR XS oo B . ELARIT 5, 430l 4l
FHILE AR YOLOVS FIAS SCHREH 1) J5 1%, X M3FD 5
LLVIP P A~ %5040 4 b R R FE A 54T B An i, If:
LGRS LA P I PERE 22 5 o AHOC R AALSS
RUE TR

MELT AT LU B AR AR AR AROG) B L 55 803

al 7 P (RO B 7 5 b A A R T G ) TR e
17T R S AR A A S SR T AT St T P
SREVGSET BRI BN RRUE A I PERE . 5
ARSI HE , ARSI e 17 0 S i 2>

3 &

A SCE X B 5 2 RUE HFRAI Bk 6%
PLRAT W65 £ AME AR B Rl G 38 43 1 [R) R, 32
T TDAFNet SRS H AR A A AL 38 3k 75 47 i
Bl DU Al A VR pR R T AR AL R T 1 &R
GuME S A AR T TR AR IR AR T B
MPERE. BRI A SO EETTIR S 4518 0T

(D FEFRAESE O , 51 DLA AL , i i sh 2
JRR I 1S Z BARFRE Y R R i U RIAE L
25 145E T Backbone X 22 R H b3 Fl & 2475 55 19 FF
fERINRE ), A e eGSR AR AL T o =5 0 A
SIEAFAE

(2)TEES IS Al A 7T, T TADF J5 i 52 8t
T WG 5L AMEE Y A 35 N s ARl AR
TAEGE A 7 T s BRI R 7845 (il A A [
B, Rl BT F g SRR T TR Al SR A
RSSO 25 F 45 B 7 T 3.

(3)FEMTR R A7 1, $2 4 ) AN-EloU 4514k
i R — 165 HAE AR ALE], $2 71 T AR
22 KU H AR B AR LA B bR 0 SRS B, 5 BT
FRIERG SR AR S RHOE B T A RCE AR,

S 4% B W], TDAFNet 76 M3FD 1 LLVIP
A ELA Pk A M FE BB 2 B0 4 I A NS
FEA X, RS e e in S ERaS Jr
DAH L B Sa 4 ) o X 784 IR T AR SCR AR (IO
HRIASE R A A AT IO 5 20 M5 B AT ks B B
PG I (0 S5 A E e . AR TR R R A
B g AR TSR I — SR B RS
ST DA AT F )3 SEAS AT 55

© h[E KR KL AR



15
SEbE, FRRZ%E, BEM, 4%
TH [E 5 FR 37 5 B0 A 55 IR B AR TS B IE R Al & 40 1 ) 2%

| FPagple 069" |

People 0.74. | _People 0.74

People 0.74 Pecple 0.74

FPegple 0.69
) .

Z /, Peopig 9&2*

(a)  YOLOVSHERIAE M3FD HHi 4 [ 6 45 5 i
(a) Example of detection results of the YOLOV8 model on the M3FD dataset

: y e TN egs,
Peope 083 | paapie b~ | PEEFR" 80800 077 B

(b)  TDAFNet FI7E M3FD A 45 1 1R I 45 5L 4]
(b) Example of detection results of the TDAFNet model on the M3FD dataset

(¢)  YOLOv8ERIZE LLVIPBE 4 [ iR 25 57 31
(¢) Example of detection results of the YOLOv8 model on the LLVIP datase

(d)  TDAFNet FSRI7E LLVIP AR 4 [ Kl 45 5 51
(d) Example of detection results of the TDAFNet model on the LLVIP dataset

B 7 A7 EAE M3FD £ 5 LLVIP B4 1 A6 R %) L

Fig. 7 Comparison of detection performance of different methods on the M3FD and LLVIP datasets

Zhang J L, Gong W H, Jia X. 2023. Object detection algorithm with
%%j{ﬁﬁ dual-modal rectification fusion based on self-guided attention. Pat-
tern Recognition and Artificial Intelligence, 36 (9) : 793-805
[DOI: 10.16451/j.cnki.issn1003-6059.202309003 ] (34508 , &
W, BT8R . 2023, BT A 51 B ) BSOS RGERLA H ARG

facilitates inf ion fusion fa :eption in complex environ- TP 2 .
acilitates 1ntormation fusion tfor perception in complex environ ek REEUI 5 A T EE . 36(9) :793-805). DOI: 10.16451/;.
ments. The Innovation, 6(4): 100814 [ DOI:10.1016/ j.xinn.2025.

Yi X P, MaY, LiYS, Xu H, Ma J Y. 2025. Artificial intelligence

cnki.issn1003-6059.202309003

100814] LiZH, Dong Y S, Shen L C, LiuY F, Pei Y H, Yang H T, Zheng L
Tang L F', Zhang H, Xu H and Ma J Y. 2023. Deep learning-based T, Ma J W. 2024. Development and challenges of object detection :

image fusion: a survey. Journal of Image and Graphics, 28(1) : 3- a survey. Neurocomputing, 598: 128102 [ DOI: 10.1016/j.neucom.

36 [DOI: 10.11834/jig.220422 ] (JH 7 W, sk, %, DAY . 2024.128102]

2023. B TUREE 2 2 Y UG R G ik Lrid b E R R EE#4) Girshick R. 2015. Fast R-CNN//Proceedings of the IEEE International

28(1):3-36) [DOI:10.11834/jig.220422 ] Conference on Computer Vision. Santiago, Chile: IEEE: 1440-

© h[E KR L AR AUIT



16

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

1448 [DOI:10.1109/ICCV.2015.169 |

He K M, Gkioxari G, Dollar P, Girshick R. 2017. Mask R-CNN//Pro-
ceedings of the IEEE International Conference on Computer Vision.
Venice, ltaly: IEEE: 2980-2988 [ DOI:10.1109/ ICCV.2017.322]

Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu C 'Y, Berg A C.
2016. SSD: Single Shot MultiBox Detector//Leibe B, Matas J,
Sebe N, Welling M, eds. Computer Vision - ECCV 2016. Lecture
Notes in Computer Science, Vol. 9905. Cham: Springer Interna-
tional Publishing: 21-37 [ DOI:10.1007/978-3-319-46448-0_2 |

Zhang X Y, He Y X, Yang Z Y. 2021. Pedestrian detection based on
simplified YOLOv3. International Core Journal of Engineering, 7
(12): 21-28 [DOI: 10.6919/ICJE.202112_7(12).0003 ]

Chen Z X, Tian S W, Yu L, Zhang L Q, Zhang X Y. 2022. An object
detection network based on YOLOv4 and improved spatial attention
mechanism. Journal of Intelligent & Fuzzy Systems, 42(3): 2359-
2368 [ DOI:10.3233/J1FS-211648 ].

Shen Y, Huang C H, Huang F, Li J, Zhu M J, Wang S. 2021.
Research progress of infrared and visible image fusion technology.
Infrared and Laser Engineering, 50 (9) : 202004 [DOI: 10.3788/
IRLA20200467 ] (PL 0%, B 41, B0, 227K, R B I, £ 4T
2021. L4055 AT WL Rl BRI BF S R . 205N S 0L T
##,50(9):202004 [ DOL: 10.3788/IRLA20200467 |

Xu J and He X. 2024. DAF-Net: a dual-branch feature decomposition
fusion network with domain adaptive for infrared and visible image
fusion [EB/OL]. [2025-11-03].
https://arxiv.org/pdf/ 2409. 11642.

Chen S Q, Wang C Q, Zhou Y J. 2022. A pedestrian detection method
based on YOLOvSs and image fusion. Electro-Optic Control, 29
(7): 96-101, 131 [DOI: 10.3969/j.issn.1671-637X.2022.07.018 |
(BRIERL, AP, R B3 72 . 2022, —Fh3ET YOLOvSs MG fil &
I AN T . e #E L 29(7) 1 96-101), 131, [DOI: 10.
3969/j.issn.1671-637X.2022.07.018 |

Cao Z W, Yang H H, Zhao J, Guo S H and Li L Q. 2021. Attention
fusion for one-stage multispectral pedestrian detection. Sensors, 21
(12): 4184 [DOI:10.3390/521124184 ]

Han K, Wang Y, Tian Q, Guo J, Xu C and Xu C. 2020. GhostNet:
more features from cheap operations//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Seattle,
WA, USA: IEEE: 1577-1586 [DOI: 10.1109/CVPR42600.2020.
00165]

Sun W C, Hu X G, Yang Z F, Meng F Y and Sun W. 2024. Optimiza-
tion of infrared-visible road target detection by fusing GPNet and
image multiscale features. Journal of Jilin University (Engineering
and Technology Edition) , 54(10).: 2799-2806 [DOI: 10.13229/j.
enki.jdxbgxh.20230474 ] (Fh3CIVF, BI0AK , b 35k , % BEF , P
. 2024. il G GPNet 5 KR 2 RUE R HER£L51- TJ'_'J‘E % H
PRI AT 3 . & MO 24l (T2 R, 54(10) : 2799-2806).
DOI:10.13229/j.cnki.jdxbgxb.20230474.

Yin M, Sui Y, Liao S and Yuan B. 2021. Towards efficient tensor

decomposition-based DNN model compression with optimization
framework//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Nashville, TN, USA: IEEE:
10669-10678 [ DOI: 10.1109/CVPR46437.2021.01053 ]

Xue Z, Zhang L L and Liu J. 2023. The multiObject detection method of
fused images based on improved YOLOv7. Journal of Ordnance
Equipment Engineering, 44(6) : 166-172 [DOI: 10. 11809/bqzh-
2exb2023.06.023 ] (FERE , 3K5E 52, X+ . 2023, 5:F2iilk YOLOv7
MRS R 2 HERG I 775 | SR ae s TRk, 44(6) : 166-
172). DOI:10.11809/bqzbgcxb2023.06.023.

Liu J, Shang J, Liu R and Fan X. 2022. Attention-guided global-local
adversarial learning for  detail-preserving multi-exposure image
fusion. IEEE Transactions on Circuits and Systems for Video Tech-
nology, 32 (8) 5026-5040 [DOI: 10.1109/TCSVT. 2022.
3144455

Sun'Y, HouZ Q, Yang C, Ma T G and Fan J L. 2023. Object detection
algorithm based on dual-modal fusion network. Acta Photonica
Sinica, 52(1): (0110002 [DOI: 10.3788/gzxh20235201.0110002 ]

PVEE, SR, P AR, AR, S ILE . 2023, T OUBLAS Al 45 I 2% Y

FUBR A 0 5% 3% . o6 7 2 R0 52 (1) : 0110002. DOI: 10.3788/

2zxh20235201.0110002.

Aleerxia. 2025. Review on infrared small target detection based on deep
learning. Computer Science and Application, 15 (6) : 220-230
[DOI:10.12677/c52.2025.156172 ] (K[ #1/< M1 2025, 3 FPRJE %
THILLANIN BRI Ty 23k LR 5 A L 1506)
220-230). DOI: 10.12677/csa.2025.156172.

Dai X B, Ren SY, He X H, Qing L B and Chen H G. 2025. Visible-
infrared fusion object detection based on feature enhancement and
alignment fusion. Chinese Journal of Engineering, 47(12); 2554-
2565 [DOI: 10.13374/j.issn2095-9389.2025.03.26.004] (FNi
RSP AR/, SRS , BRI . 2025, 35 TREAIE1E 5 A 57l
A AL G-20 AN g Rl A H ’rﬁ’rﬁ‘i)”ﬂ TRER =R, 47(12)
2554-2565). DOI: 10.13374/j.issn2095-9389.2025. 03.26.004.

Tang SY, Gong R H, Wang Y, Liu A S, Wang J K, Chen X Y, Yu F
W, Liu X L, Song D, Yuille A, Torr P H S and Tao D C. 2021.
RobustART: benchmarking robustness on architecture design and
training techniques [ EB/OL]. [2025-11-03 ].
https://arxiv.org/ pdf/2109.05211.

LiuA S, LiuX L, YuH, Zhang C, Liu Q and Tao D C. 2021. Training
robust deep neural networks via adversarial noise propagation.
IEEE Transactions on Image Processing, 30: 5769-5781 [DOI: 10.
1109/T1P.2021.3082317

LiuJ Y, Fan X, HuangZ B, Wu G Y, Liu R S, Luo Z X and Zhong W
J. 2022. Target-aware dual ‘adversarial learning and a multi-
scenario multi-modality benchmark to fuse infrared and visible for
object detection//Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. New Orleans, LA, USA:
IEEE: 5802-5811 [DOI:10.1109/CVPR52688.2022.00571 |

Jia XY, Zhu C, Li M Z, Tang W Q and Zhou W L. 2021. LLVIP: a

© h[E KR KL AR



SEfA, P&, BEA, 4%
TH a1 S BB 37 5= B E S IR B AR 75 B 18 R il & 46 0 o) 4%

visible-infrared paired dataset for low-light vision//Proceedings of
the IEEE/CVF International Conference on Computer Vision Work-
shops. Montreal, QC, Canada: IEEE: 567-576 [DOI: 10. 1109/
ICCVW54120.2021.00389]

Tang L F, Yuan J T, Zhang H, Jiang X Y and Ma J Y. 2022. PIAFu-
sion: a progressive infrared and visible image fusion network based
on illumination aware. Information Fusion, 83-84: 79-92 [DOI:
10. 1016/j.inffus.2022.03.007 ]

Zhao Z X, Bai HW, Zhang J S, Zhang Y L, Xu S, Lin Z D, Timofte R
and Van Gool L. 2023. CDDFuse: correlation-driven dual-branch
feature decomposition for multi-modality image fusion// Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Vancouver, BC, Canada: IEEE: 5906-5916 [DOL:
10.1109/CVPR52729.2023.00572 ]

Wang D, LiuJ Y, Liu R S and Fan X. 2023. An interactively reinforced
paradigm for joint infrared-visible image fusion and saliency object
detection. Information Fusion, 98: 101828 [ DOI: 10. 1016/j.inffus.
2023.101828]

Bai H W, Zhang J S, Zhao Z X, Wu Y F, Deng L., Cui Y, Feng T and
Xu S. 2025. Task-driven image fusion with learnable fusion loss//
Proceedings of the IEEE/CVEF-Conference on Computer Vision and
Pattern Recognition. Nashville, TN, USA: IEEE: 7457-7468
[DOI:10.1109/CVPR52734.2025.00699 |

Chen Y S, Wang B R, Guo X Y, Zhu W B, He J S, Liu X B , et al.
2024. DEYOLO: dual-feature-enhancement YOLO for cross-
modality object detection//Pattern Recognition. Lecture Notes in
Computer Science. Cham: Springer: 236-252 [DOI: 10.1007/978-
3-031-78447-7_16]

Fang Q Y, Han D P and Wang Z K. 2022. Cross-modality fusion trans-
former for multispectral object detection [ EB/OL]. [2025-11-037.
https://doi.org/10.2139/ssrn.4227745.

Cao Y, Bin J, Hamari J, Blasch E and Liu Z. 2023. Multimodal object
detection by channel switching and spatial attention//Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition Workshops. Vancouver, BC, Canada: IEEE: 403-411
[DOI:10.1109/CVPRW59228.2023.00046 |

Xing Y H, Yang S, Wang S, Zhang S Z, Liang G Q and Zhang X W.
2024. MS-DETR: multispectral pedestrian detection transformer
with loosely coupled fusion and modality-balanced optimization.
IEEE Transactions on Intelligent Transportation Systems, 25(12) :
20628-20642 [ DOI:10.1109/TITS.2024.3450584

LiHY, Hu Q, Zhou B J, Yao Y, Lin J C, Yang K L and Chen P.
2024. CKFMW : cross-modality fusion mamba for robust object detec-
tion under adverse weather [ EB/OL]. [2025-11-03].
https://arxiv. org/ pdf/2404.16302.

EE "I

o) B, 55 BRPG P 22 B RS A, RN AL g L e
Z PR EMG A 7 B BFSE o E-mail : caotan2023@xauat. edu.
cn

WRARSE AR AR, o, NS FHN, it B #0, i A:
Ul 2004 4F 75 22 2208 K AT A 27, 20104F T
LA R A ARG AL, IOV L HIRHOR R B 54
il TR BE O, 2 2N AL E S AL 5 > T T (4 F
9%o E-mail : chenjy@xauat.edu.cn

S AC E7=IN ©iiT 7N 78 B 7] S e s 3 TR
BRI TIPS, E-mail : 1287646723@qq.com
PR, 53 AL T R 2021 4 TPT R FRHEK
FARAF AL, IOVE 2 FIRH R R B S T LR
B 20, 2SR SE K FARTE = A BLAIBL AR 2] 7
M EIAFGY . E-mail : dliang@xauat.edu.cn

17

© h[E KR KL AR



