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Abstract: Single-frame image deblurring remains an inherently ill-posed problem. Furthermore, existing dif-
fusion models suffer from high inference latency, while state space models lack sufficient cross-modal inter-
action capabilities. To overcome these limitations, we propose an end-to-end Event-fusion Multi-head Atten-
tion Network (EFMAN) that exploits high-frequency spatiotemporal priors from event cameras for high-qual-
ity image restoration. Specifically, a cross-modal adaptive attention mechanism is designed to precisely align
asynchronous high-frequency event streams with synchronous RGB features in both spatial and temporal di-
mensions, thereby compensating for exposure deficiencies. To mitigate the impact of inherent sensor noise, a

Feature Enhancement Attention (FEA) module bolsters feature robustness against noise via global context
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modeling. Additionally, a Lightweight Channel-Spatial Attention (LCSA) module is integrated to adaptively
recalibrate feature responses while substantially alleviating computational redundancy. These components are
optimized by a multidimensional joint loss function—encompassing pixel, feature, and gradient domains—to
synergistically enforce multi-scale constraints, ensuring consistency between micro-textures and global topo-
logies. Extensive experiments demonstrate that EFMAN significantly enhances deblurring performance while
maintaining efficient inference. Compared to state-of-the-art methods, our approach achieves maximum
PSNR and SSIM improvements of 1.19 dB and 0.005 on the GoPro dataset, and 0.38 dB and 0.003 on the
REBIlur dataset, respectively. By effectively addressing the challenges of multi-modal alignment and noise in-
terference, EFMAN strikes an optimal balance between restoration quality and computational efficiency,

making it highly suitable for clear image reconstruction in high-dynamic-range and rapid-motion scenarios.
Key words: image deblurring; event camera; multi-modal fusion; feature enhancement; attention mechanism
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(1) MFFM (Multi-branch feature fusion module)

(2) PFR (Planar feature refinement)
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Fig. 5 Schematic architecture of the LCSA module within the GA Encoder
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Tab.1 Configuration of the experimental environment
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Tab.2 Configuration of the experimental parameters
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Tab.3 Quantitative performance comparison of various models on the GoPro dataset

Method oot PSNR SSIM Params(M) FLOPs(G) Infer?r‘g:)“me
Events Image

DeblunGAN-v25 x v 29.55 0.934 60.90 415 35.2
SRNPI x v 30.26 0.934 10.25 52.8 45.1
MPRNet?*" x v 32.66 0.959 20.10 1455 78.3
HINett® x v 32.71 0.959 88.67 170.5 85.4
Restormer!'” x v 32.92 0.961 26.13 140.7 82.1
IRNeXt?" x v 33.16 0.962 13.21 32.5 30.8
ChaIRP® x v 33.28 0.963 15.02 38.6 36.4
NAFNet™” x v 33.69 0.967 67.89 63.2 48.6
FFTformer*” x v 34.21 0.969 16.6 45.8 423
EFNet?J v v 35.46 0.972 8.47 25.3 24.5
DiffEvent*! v v 35.55 0.972 35.41 210.6 450.5
STCNet™*! v v 36.45 0.975 14.35 48.2 38.6
MAENet!' v v 36.07 0.976 12.80 42.1 35.4
EFMAN(ours) v v 36.65 0.977 6.59 15.2 28.5
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Fig. 6 Visual comparison of deblurring results obtained by various models on the GoPro dataset

# 4 HiEE7E REBlur HiEE _EXTEE R

Tab.4 Quantitative performance comparison of various models on the REBlur dataset

Method tnput PSNR SSIM Params(M) FLOPs(G) Inference Time (ms)
Events Image

SRN x \ 35.10 0.961 10.25 52.8 45.1
NAFNet x \ 35.48 0.962 67.89 63.2 48.6
Restormer x \ 35.50 0.959 26.13 140.7 82.1
HINet x \ 35.58 0.965 88.67 170.5 85.4
EFNet S \ 38.12 0.975 8.47 253 245
DiffEvent v v 38.23 0.974 35.41 210.6 450.5
STCNet V N 37.78 0.976 14.35 482 38.6
MAENet v v 38.46 0.978 12.80 42.1 354
EFMAN(ours) V \ 38.50 0.978 6.59 15.2 28.5
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Fig. 7 Visual comparison of deblurring results obtained by various models on the REBlur dataset
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Tab.5 Quantitative results of the ablation study

Structure
Model PSNR  SSIM
FEA LCAS Loss CBAM
Base x x x x 3420 0936
FHA \/ x x x 3731 0.955
FHB x \ x x 37.63  0.967
FHC x x N x 3743 0.968
FHD \/ x \ J 37.85  0.972
EFMAN \ J \ x 3850  0.978
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Tab. 6 Progressive Ablation Study of Loss Functions

(RiA=E 7 PSNR SSIM
Base({L45 £pix) 34.20 0.936
Base + Lper 35.68 0.948

Base + Lpe, + th 36.95 0.961
Base + Lyer + Ly + Ly 37.43 0.968
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(c) LCSA
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(d) IR pREL
(d) Loss
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Fig. 8 Visual results of the ablation study
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Tab.7 Quantitative performance comparison on the object detection task

Model Car Bus Truck Two-wheel Pedestrian mAP@0.5: 0.95
Blur 0.855 0.877 0.723 0.488 0.485 0.743
DiffEvent 0.861 0.874 0.727 0.505 0.478 0.746
STCNet 0.872 0.882 0.726 0.525 0.477 0.747
MAENet 0.868 0.897 0.731 0.529 0.489 0.750
EFMAN (Ours) 0.887 0.905 0.740 0.533 0.505 0.754
Reference 0.895 0913 0.746 0.536 0.510 0.758
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Fig. 9 Comparison of object detection performance before and after applying the deblurring method
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