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Image Quality Assessment Based on Decomposed Large Kernel
Convolution and Multi-scale Attention

LIN Chong-cheng, WANG Tong-han " ,JIA Hui-zhen
(School of Information Engineering,East China University of Technology ,Nanchang 330013, China)

Abstract: In recent years, attention mechanisms have been widely used in the field of computer vision to simulate the perceptual process
of the human visual system (HVS). However,the application of self-attention models,such as Transformers,in image processing faces
challenges of high computational complexity and information loss. To address this, an image quality assessment method based on
decomposed large kernel convolution and multi—scale attention mechanisms ( LMA-BIQA) is proposed. This method employs a dual—
branch network design. One of the branches is based on the attention mechanism. Through large kernel convolution, the dependency rela-
tionships between long—range features in the image are captured to generate multi—scale attention features. The lightweight of the model
is achieved by decomposing large kernel convolution, which is used to extract advanced content features of the image. Another branch
uses the Natural Scene Statistics (NSS) method to extract the low-level quality features of the image to compensate for the information
loss caused by large kernel convolution during the cropping and scaling process. The proposed method demonstrates excellent
performance across four standard datasets: LIVE, CISQ, TID2013, and LIVE - C. The weighted average Spearman rank correlation
coefficient and Pearson linear correlation coefficient reach 0. 928 5 and 0. 937 5, respectively. Additionally, LMA -BIQA significantly
reduces computation time , with parameter count and computational time reduced by over 65% compared to the Re-IQA model, while
maintaining a high consistency with human subjective evaluations.

Key words: large — kernel convolutional decomposition; no —reference image quality assessment; natural scene statistics; multi — scale

attention mechanism;deep learning
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