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Abstract: Visible-infrared object detection offers substantial advantages in low-light conditions and chal-
lenging environments. However, most existing methods rely on precise image registration, limiting their

applicability to the cross-modal spatial misalignment commonly encountered in practice. To overcome this
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limitation, CEFNet, a lightweight detection framework for misaligned visible - infrared images, is pro-
posed without requiring explicit pixel-level alignment. First, a frequency-domain decoupled feature com-
pensation module is introduced, in which features are decomposed using the discrete wavelet transform.
Cross-modal high-frequency discrepancies are then employed as soft gating signals for a state-space model
to suppress the propagation of local misalignment noise during global sequential modeling, enabling effi-
cient, noise-robust feature compensation. Second, a multibranch asymmetric convolution enhancement
module is designed to expand the receptive field and strengthen modality-specific feature representations.
Finally, a difference-guided fusion module is developed to adaptively suppress shared, redundant back-
ground information and emphasize discriminative complementary features. Experimental results demon-
strate that CEFNet achieves an mAP50 of 87.1% and an mAP50-95 of 53. 1% on the misaligned DV -
TOD dataset. Compared with the state-of-the-art CDC-YOLOFusion framework, the parameter count
and computational complexity are reduced by 90% and 79% , respectively, while detection accuracy is im-
proved by 0.6%-1.0%. Further evaluations on M°FD and LLVIP demonstrate enhanced robustness and
generalization, supporting the applicability of CEFNet to efficient multimodal object detection under cross-
modal spatial misalignment.

Key words: visible-infrared object detection; spatial misalignment; feature compensation; feature en-

hancement; feature fusion
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Tab.1 Comparison of proposed method with state-of-the-art methods on DVTOD dataset (%)

Methods Modality Backbone Person Car Bicycle mAP50 mAP50-95
YOLOV5-S RGB YOLOv5 20. 8 44.1 15.3 26.7 11.7
YOLOVS-S YOLOvS 21.5 50. 8 21.4 31.2 13.8
YOLOv11-S YOLOvI1 28.2 51.1 28.1 35.8 15.6
YOLOv12-S YOLOvI12 29. 2 53.3 20. 4 34.3 15.1
YOLOv13-S YOLOv13 23.1 46.0 20. 2 29. 8 14.6
YOLOV5-S IR YOLOv5 84.2 70. 7 85.6 80. 2 47.2
YOLOVS8-S YOLOVS 84.6 71.9 87.1 81.2 48.3
YOLOv11-S YOLOv11 84.8 71.3 86.5 80.9 47.9
YOLOv12-S YOLOv12 85.1 70. 3 82.9 79.5 46.5
YOLOv13-S YOLOv13 83.4 69. 4 87.2 80. 0 46. 6
CFT! RGB+IR  YOLOv5 90. 9 74. 8 82.1 82.6 47.6
ICAFusion™ YOLOV5 89.8 81.9 82.9 84.9 45.2
coMO™! YOLOVS 90.5 79.8 83.7 84.7 52.7
CMA-Det"” YOLOv5 90. 4 81.6 83.0 85.0 46.7
CDC-YOLOFusion YOLOv5 91.6 83.6 84.2 86.5 52.1
SuperY OLO™" YOLOV5 78.8 56. 2 76.8 70.6 38.3
DEYOLO" YOLOVS 88.8 79.8 84.8 84.5 52.7
JTMDet YOLOv5 90. 2 77.2 77.4 81.6 46.0
MSTE"™) YOLOv5 88.6 73.1 78.3 80. 0 43.5
CEFNet(Ours) YOLOv11 91.4 84.5 85. 4 87.1 53.1
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151 KX FEALEI R AL . s e ] B AL 25 B an 18] 5 B
s CE WL L7 W), % F47 A (People) 28 51,
R NF 5 0] R LA B BRAT X6 5 B SR W 11 ke o 2
S ECH AR H bR & ARSI HAh T 1 4 K B
ARSI R A HAR o AHELZ T AR SO /N
U 43 TS A F AR B T T T A A RN L 48 3% 2K )
B mAPS0KE] T 91. 4% . BLAM, 2255 fl A 5 s 410
il T T4 I 5 LSRR AE , BRI T R AE BB
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CMA-Det
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Fig.5 Visual comparison of our proposed method with CFT, ICAFusion, and CMA-Det on the DVTOD dataset( White

triangles mark missed targets, and red triangles mark false positives)
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Tab.2 Comparison of proposed method with state-of-the-

art methods on MFD dataset (%)
Methods Modality mAP50  mAP50-95
CFT™ 68.2 42.5
ICAFusion™’ 67.8 41.9
coMO™ 85.7 59.7
SuperYOLO™ 85.7 55. 2
MSTF™" 52.9 30.1
WtCAFNet™! RGBFIR 85.2 58. 2
SLBAF™ 78.9 44.3
EAEF™! 80.1 —
RGB-X'! 81.5 —
DAMSDet™" 80. 2 52.9
CEFNet(ours) 86.1 60. 3

AT TRl AL, Qi 6 TR o AT LAWLES B, 7R ik
A By % A P A ) i AR BT, 1T W 9 ICAFu-
sion™' J7 i A I A SRR AE BN OR B R RS T AT A
(People) VR4 (Car) 250, 7 A ST 19 7 36
AE 0% 1 2 PR 0k 28 B bR o A8 T AL S K TR
5 1) B 4 58 38 555 )6 3 S, AR SCOT L AR B AR
K A Y T 3 S HE Wi CETYVRT ICAF usion™' 3
LT AN [ AR B A T R R IR KR R 4 . WHCAF-
Net ™ F AR BEAR T I A 3, 2076 75 50 5 24 19 IX 35
FEA T W R A ik R WA R A R B =
XIUARE RS HE S AE NS . M2, AR
P& 0 T R A A 2 Y b X SR R AR E
PR, FE 0 UE W] T LA 2 2 TF TR AR (1) R A
fEt] .

ICAFusion

WtCAFNet

Bl 6 A HYS CFT,ICAFusion fil WICAFNet 7 MFD 54 45 [ A9 nT #AL % bb (A @ = M FRic ke B bs, 2060 =

B R IC R AR F AR )

Fig. 6 Visual comparison of our proposed method with CFT, ICAFusion, and WtCAFNet on M°FD dataset( White trian-

gles mark missed targets, and red triangles mark false positives)
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SCAERE S X FF R A LLVIP 88 45 b e 7 17 4
FLSc i, Seu 25 AN 3 FTon . i Se g 25 T 45
1A BRLR SRS 0 AR 7 M B B A T T D Ol B
BRWE L, XEZHNTLLVIP 8E £ a5

RAEEMOC IR 2 0, 2R 50 F nl WOt K 1R 5
BRI AR Al 20 25 % S TR A XE LR OA 2K
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R DN SR A L, A 2R L0 A0 50T WO Rl & i Z ARG
FI A A 0 7 3k 3% 2 B SO0 S ) R U 4 RE L SE
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Tab.3 Comparison of proposed method with State-of-

the-art methods on LLVIP dataset (%)

Methods Modality mAP50  mAP50-95
YOLOv5 RGB 90. 9 52.7
YOLOvS 90. 4 54.3
DDQ-DETR"™ 86.1 46.7
YOLOVS IR 96. 6 63. 4
YOLOvS 96.0 65.8
DDQ-DETR™ 93.9 58.6
CFT™ RGB+IR 97.5 63.6
ICAFusion'"’ 96. 3 62.3
TarDAL™ 94.9 61.2
YOLOFusion " 95. 4 62.8
TINet™ 94. 3 60. 6
RSDet" 95. 8 61.3
CSAAP 94.3 59.2
CEFNet(Ours) 96.8 64.7

HEB T 20 455 25 il SR s B 8 A A ) S D 4R
(] ) L ANE B, DA A i £ A IR 3R 05T 1Y
b RG0S B2 o AR AT BUA B0 Bl Bk, AR S
J7 AR X 57 R ) R S B AOR R B T AL
MPERE . X E B T AT BT FEM AR B
PR BE W A K 2 i It S R AT 1B 22 [ ) 3% iE
25, 56 WUR PR B RRAE L 5, FE 20 42 4 O AL
P A 2 B A A R R A S B A B AR AR
HEVE

3.5 EHmMERSSW
3.5.1 MR KLAMIYRREE

BT RARFEA ST & A (FCM,
FEM, FFM ) X [ 45 5% {4 14 i i) L A4 5T ik S B
(6] £ I3 [R) AL, 7E 25 6] 5 67 B G fe Ry ™ H 19 DV -
TOD 4 42 b EAT 7 mhSe g, 25 S 3k 4
R A FE 1T YOLOvLL FELL4h S - i Al
SESL AT, S 2 Ah AR RN AT L S T 1 e A #)
B F YOLOvIT i BLRRAE DF 42 XU 56 28 N 45 i)
TR ARG T BE AR 42 T YOLOvV11 PR ZS 21 A 46
B B AT — 2 T PR TR AT B . X2
] B PR B OA R 5 E B SRS R 2
i) [F A 1) 4 fa) At o7 O 22 57, A R IR B &2 R
Xt 3 MR T WO R R 1 2 LS BN I
F1o AEFEL ML B A FEM J& |, #5558 46 kS i
PETE 84, 790, X 15 25 TR B AT 0 2 R |
2 7 ] 4 FUHRATE 58 40 42 38 S R 38 40 5 #1142 )R
SEAERAE , R T AR B R AE RAFRE 1. A
R B A FCM B G | B A PR g 45 3] 1 3
e R 4 T R A T FCM A Bl B 10/ I AR
0 % R AE E AT A A, (A R 7E RRAE fL A v B B B
2 ) AR AR AE 22 S A0 (5 8, W 35 3 ol T 55
H bR 0 RRIE R 7R o B, 88 B FFM B B fiff A5 Y
e R I M BB TR B B RS TR R E T T
(9 FFM A58 78 2R A 35 02 22 SRR A I 40 1 o0 &%
15 B AT VR B Rl 1 A %50k 6] i b 336 B FCM
)RR AR AN S FEM 1) 25 43 fil & $2 48 7 58 1 4 1)
RS FRAE , BE A 1 oK X 55 M 75 b 22 i is B it — 0
R B0 0iE T S 2 S5 Al ik — i it 53 1 =X
RO A B

*4 EDVTODHEE LHEMER
Tab.4 Ablation results on DVTOD dataset

FCM FEM FFM mAP50/ % mAP50-95/ % Params/M FLOPs/G FPS
X X X 83. 4 49.4 14.22 33.33 227
N/ X X 85.2 50.6 14. 37 33.72 192
X N X 84.7 49.6 15. 20 38. 65 116
X X N 85.6 51.6 14. 27 33. 38 215
N/ N X 86. 2 51.2 15.35 39. 04 106
NG X N/ 86. 6 52.3 14.42 33.77 185
X NG N 85.9 52.6 15.25 38.70 108
N, N, N 87.1 53. 1 15. 40 39. 09 100
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Fig.7 TImpact of key hyperparameters in FCM module on detection performance and computational overhead



%19 ]

JEIKAR 45 o 6 T AR AR A2 5 18 55 B A 3R X 55 AT DL O -2 40 B s 3115

Before FCM

Original After FCM

: -
. -

IR

E 8 FCM IR A5 M 45 4E B AT 4L (HFIE BB R~k 4
80X80)
Fig. 8 Feature map visualization before and after FCM mod-

ule( Where the size of the feature maps is 80X 80)
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Tab.5 Impact of different kernel sizes on model perfor-

mance and computational cost

Params/ FLOPs/ GPU

Kernel size  mAP50/%
G Memory
3X3 83.8 14. 05 37.59 7.78
63X 63 84.1 18.13 73.27 7.88

1X638.63X 1 84.7 15.20 38.65 7.61
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Fig.9 Heatmap comparison
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Fig. 10 Comparison of our proposed method with other
models on the DVTOD dataset in terms of detec-
tion accuracy, model parameter size, and
FLOPs (A larger circle indicates more model
FLOPs)

B0 2R LS 0 R AT WG - 2400 2 B A

s A ) 5 3k AF A 1Y) 25 TRLAS 7 VRRAE A 5 5
T A IR B R, AR SR T — e X 5 i
Z P25 H AR K 7 3 CEFNet.  1F 45 iF #h £ B
Br AR SO T YRR AR FCM A1 2 50/
U8 A 80 Xof AR AU AT R S8 TG 40 AR L O S LS Y
22 S5 A O Mamba BB ET T 25 5, =
Bl BELIKT 1 5 FB R 7 W 1) A SR ARG AR, SR
T AR BT MR AN . R R RN 5 R B LA Y
BE R T R AR 3 5 BB FEM 5 55 AiF il A5 B
FEM & i i it Xl & R ek & - FEM R £ 43
SCARRTFR R AZ B B TERAR S 8 i T 3R AT TR
A2 BF DR B AL T H AR B TR AR 5 7F A
filh b, FFM R 38 i 22 43 7R A 3 g il 1 XL
N EIN VB I S i B R N 8= B
T30 ZE B H ANRRAE , SEEL T B A A O SCRRE 19
RORE . SLWE KRR A SO AR AR X FRAL 55
DVTOD % ¥ % B8 T 87.1% ) mAP50 il
53. 1% B mAP50-95, & 2 L F A 3= i 5 iy &
DBEYE o [6) i, 76 TR o 2% GO0 7% 19 MPFD 28040 42
5%} 5% B4 09 LLVIP B4 48 (19 32 1 vk 3k
HE— 20 B R T T 4R O vk AR R I AR E R 5 TSR
R AN A R

SRRSO AR A 20 A B 4E 1
B T RS M RE B Z S Ak S R BR 4T
THehe Jy 7 EA A ) PR A5 A, A Sk i B
5 TAENG RZESGE LT WA BT  — R &R
AR SCHE Y T vk AR H A R A RN 4 A (T RGB-
Depth . RGB-2 K I H 15 \RGB-f 615 55 ) Hh i1y
M R AR BRI BT R AR E VR4,
N TGRS [R) 7 o 55 0 00 Wt 7 L3z sl BB L IS
.45 Oh 52 LA K W g RUBE A8 Ak 5 it — D IR R T 42
THEEAUAE 52 2 TR I T A5 R T BR

fEE kAR
A LEEARE L HE LIRS,
MR B ML RIS, LT
HER B EH,
PRI A R IR G B IS A, b L M A
4’5‘%’[;
AR EBRERELEF,



55 19 3] JEIKAR , A5 < BE TR AME2 5 1 5 S (9 I X0 5% AT DL OG-20 4h AR A 3117
5% 30k [12] SONG K C, XUEX T, WEN H W, e/ al. Mis-
aligned visible-thermal object detection: a drone-
[1] SWAMY S K, SCHWARZ K, HARTMANN M, based benchmark and baseline[J]. IEEE Transac-
et al. RGB and IR imagery fusion for autonomous tions on Intelligent Vehicles, 2024, 9(11) : 7449-
driving [C]. Multimodal Image Exploitation and 7460,
Learning 2023. April 30-May 5, 2023. Orlando, [13] ZENG Y Q. LIANG T F. JIN Y, et al. MMI-
USA. SPIE, 2023: 30. det: exploring multi-modal integration for visible
[2] WELIXB, SONGKC, YANG WK, etal. Avisi and infrared object detection [J]. IEEE Transac-
ble-infrared clothes-changing dataset for person re- tions on Circuits and Systems for Video Technolo-
identification in natural scene[J]. Neurocomputing, gy, 2024, 34(11): 11198-11213.
2024, 569: 127110. [14] WANG Z A, LIAO X H, YUAN I, ¢ al. CDC-
[3] FANG Q Y, HAN D P, WANG Z K. Cross-mo- YOLO Fusion: leveraging cross-scale dynamic
dality fusion transformer for multispectral object de- convolution fusion for visible-infrared object detec-
tection [EB/OLJ. 2021: arXiv: 2111.00273. tion [J]. IEEE Transactions on Intelligent Vehi-
https://arxiv. org/abs/2111. 00273. cles, 2025, 10(3): 2080-2093.
(4] SHENJF, CHEN Y F, LIU Y, et al. ICAFw  [15) iies @i, 24 8. %. T YOLOVSSH
sion: Iterative cross-attention guided feature fusion T UL 2T A SR A5 & E AR B [T]. o F
for multispectral object detection[ J]. Pattern Recog- 23R, 2026, 55(4): 0410005.
nition, 2024, 145: 109913. LIU Y H, HOU ZH Q, LI X Y, ef al. Visible
(5] WU W C, ZHANG H X, ZHANG X W, et al. and infrared dual-modal fusion object detection al-
Lightweight modal-guided cross-attention fusion net- gorithm based on YOLOvSs [J]. Acta Photonica
work for visible-infrared object detection [J]. Pat- Sinica, 2026, 55(4): 0410005. (in Chinese)
tern Recognition, 2026, 177: 113350. [16] Aok, A2, T8, 5 . 3 FHEAF 10 ot
[6] GU A, DAO T. Mamba: linear-time sequence SRl A AT Y -2T AN E R E A B AR T]. T
modeling with selective state spaces [EB/OL]. A2 2025, 47(12) : 2554-2565.
2023: arXiv: 2312.00752. https://arxiv. org/abs/ DAI X B, REN S Y, HE X H, e al. Visible-in-
2312.00752. frared fusion object detection based on feature en-
[7] DONG W H, ZHU HD, LIN S H, et al. Fusion- hancement and alignment fusion[J]. Chinese Jour-
mamba for cross-modality object detection [J]. nal of Engineering, 2025, 47 (12) ; 2554-2565.
IEEE  Transactions on Multimedia, 2025, 27: (in Chinese)
7392-7406. [17] KHANAM R, HUSSAIN M. YOLOvll: an
[8] LIUZN, ZHU CY, LIY C, et al. A novel im- overview of the key architectural enhancements
plicit cross-attention framework for RGB-T object [EB/OL]. 2024: arXiv: 2410.17725. https://
detection [J]. Expert Systems with Applications, arxiv. org/abs/2410. 17725.
2026, 314: 131570. [18] LIUY, TIANY J, ZHAO Y Z, et al. VMamba:
[9] YUAN M X, WEI X X. C*Former: calibrated and visual state space model [C]. Advances in Neural
complementary transformer for RGB-infrared object Information Processing Systems 37. December 10-
detection[J]. IEEE Transactions on Geoscience and 15, 2024. Vancouver, BC, Canada. Neural Infor-
Remote Sensing, 2024, 62: 5403712. mation Processing Systems Foundation, Inc.
[10] LIU C, MA X, YANG X C, et al. COMO: (NeurIPS), 2024: 103031-103063.
Cross-mamba interaction and offset-guided fusion [19] LIUJY, FAN X, HUANG Z B, et al. Target-
for multimodal object detection [J]. Information aware dual adversarial learning and a multi-scenario
Fusion, 2026, 125: 103414. multi-modality benchmark to fuse infrared and visi-
[11] QIAN J C, QIAO B Y, ZHANG Y K, et al. ble for object detection [C]. 2022 IEEE/CVF

DACFusion: Dual Asymmetric Cross-Attention
guided feature fusion for multispectral object detec-

tion[ J 7. Neurocomputing, 2025, 635: 129913.

Conference on Computer Vision and Pattern Recog-
nition (CVPR). June 18-24, 2022, New Orleans,
LA, USA. IEEE, 2022: 5792-5801.



3118 e K TR 4 34 %

[20] JIAXY,ZHUC, LIM Z, etal. LLVIP: a visi- [28] DEEVIS A, LEE C, GAN L, et al. RGB-X ob-
ble-infrared paired dataset for low-light vision[ C]. ject detection wia scene-specific fusion modules
2021 IEEE/CVF International Conference on [C]. 2024 IEEE/CVF Winter Conference on Ap-
Computer Vision Workshops (ICCVW). October plications of Computer Vision (WACV). January
11-17, 2021. Montreal, BC, Canada. 1EEE, 3-8, 2024, Waikoloa, HI, USA. 1EEE, 2024:
2021: 3489-3497. 7351-7360.

[21] ZHANG J Q, LEIJ, XIE W Y, e/ al. SuperY- [29] GUOJJ, GAO C Q, LIU F C, et al. DAMS-
OLO: super resolution assisted object detection in Det: dynamic adaptive multispectral detection
multimodal remote sensing imagery [J]. IEEE transformer withCompetitive query selection and-
Transactions on Geoscience and Remote Sensing, Adaptive feature fusion[ C1. Computer Vision-EC-
2023, 61: 5605415. CV 2024. Cham: Springer, 2025: 464-481.

[22] CHEN Y S, WANG B R, GUO X Y, et al [30] ZHANG S L, WANG X J, WANG J Q, et al.
DEYOLO: dual-feature-enhancement YOLO for- Dense distinct query for end-to-end object detection
Cross-modality object detection [ C]. Pattern Rec- [C]. 2023 IEEE/CVF Conference on Computer
ognition. Cham: Springer, 2025: 236-252. Vision and Pattern Recognition (CVPR). June 17-

[23] LIC, PENG X M. Joint Transformer and Mamba 24, 2023, Vancouver, BC, Canada. 1EEE,
fusion for multispectral object detection[J]. Image 2023: 7329-7338.
and Vision Computing, 2025, 156: 105468. [31] FANG Q Y, WANG Z K. Cross-modality atten-

[24] HOU S, YANG M, ZHENG W S, et al. Multi- tive feature fusion for object detection in multispec-
Spectral Transformer Fusion via exploiting similari- tral remote sensing imagery [J]. Pattern Recogni-
ty and complementarity for robust pedestrian detec- tion, 2022, 130: 108786.
tion[J]. Pattern Recognition, 2025, 162: 111383. [32] ZHANG Y, YU H, HE Y J, e al/. Tllumination-

[25] HU J, NI L., PENG B, et al. WtCAFNet: a guided RGBT object detection with inter- and intra-
wavelet transform and cross-attention modality- modality fusion[J]. IEEE Transactions on Instru-
adaptive fusion network for multispectral object de- mentation and Measurement, 2023, 72: 2508013.
tection [J]. Signal Processing, 2026, 242: [33] ZHAO TY, YUAN M X, WEI X X. Removal
110446. and selection: Improving RGB-infrared object de-

[26] CHENG X L, GENG K K, WANG Z W, et al. tection via coarse-to-fine fusion [EB/OL]. 2024:
SLBAF-Net: Super-Lightweight bimodal adaptive arXiv: 2401.10731. https://arxiv. org/abs/2401.
fusion network for UAV detection in low recogni- 10731.
tion environment[ J]. Multimedia Tools and Appli- [34] CAOY, BINJC, HAMARIJ, et a/. Multimod-
cations, 2023, 82(30): 47773-47792. al object detection by channel switching and spatial

[27] LIANG M J, HU JJ, BAO C Y, et al. Explicit attention [C]. 2023 IEEE/CVF Conference on
attention-enhanced fusion for RGB-thermal percep- Computer Vision and Pattern Recognition Work-
tion tasks[J|. IEEE Robotics and Automation Let- shops (CVPRW). June 17-24, 2023, Vancouver,
ters, 2023, 8(7): 4060-4067. BC, Canada. 1EEE, 2023: 403-411.

fEBE A : BIRIEE:

Rk #R(2001—), 55, 1 HIE A, il
TR, EENETT R L
B2 B B bkl 77 1 A gE . E-
mail:zyg185551373@163. com

WL (1991—) , L, fm S M, I
+, B B AR S0, 2014 4F L2020
AF T A N K2 43 ) 3k + Fid 42
A7, 32N SR 3K 3l A P 15 4k T
J5 B WESE . E-mail ; sllin@fzu. edu.

cn

i



