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Abstract

Existing deep learning-based methods have difficulty effectively handling blur with diverse sizes and directions,
which leads to a degradation of image deblurring performance. To address this issue, this paper proposes a novel
Local Adaptive Blur Attention-Based Neural Network(LABA-Net). The proposed Spatial-wise Square Module(SSM)
learns the spatial properties of blur across multiple directions and adaptively captures positional correlations.
Additionally, the Symmetrical Square Depth-wise Overparameterized Convolution(SSDO) effectively incorporates spatial
information and expands the receptive field by utilizing multiple dilation rates, thereby improving deblurring

performance.
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Table 1. Quantitative comparison of GoPro dataset[8] and proposed method

Methods Year PSNR [dB] [24]| SSIM [24] MS-SSIM [25] VIF [26] MSE [27]
DeepDeblur [8] 2017 27.83 09151 09377 04709 134.99
DeblurGAN [12] 2018 25.02 0.8474 0.8739 0.3544 251.90

SRN [9] 2018 30.24 09348 0.9574 0.5171 71.72
PSS-NSC [11] 2019 30.96 09420 0.9641 0.5325 64.39

DMPHN [10] 2019 31.39 0.9477 0.9684 0.5486 56.87
MTRNN [29] 2020 31.12 09447 0.9665 0.5482 62.70
DBGAN [40] 2020 31.18 0.9462 0.9652 0.5454 61.51
MSCAN [16] 2021 31.23 09452 0.9655 0.5499 61.29
MIMO-UNet [15] 2021 31.72 0.9503 0.9686 0.5621 %4.78
XYDeblur [17] 2022 3092 0.9436 0.9638 0.53%4 6543
BANet [18] 2022 3254 09573 09744 0.5887 44.31
LACA-SSN [30] 2023 31.43 0.9469 0.9664 0.5535 59.01
MRDNet [34] 2024 31.71 09499 0.9682 0.5620 55.56
LABA-Net 2024 32.96 0.9606 0.9769 0.6029 39.61
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