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Infrared Image Enhancement Algorithm Based on
Improved CA-ESRGAN

Han Long", He Huihuang, Zhao Yating, Chen Chu, Ma Zhiyuan
(School of Electrical &. Control Engineering, Heilongjiang University of Science &. Technology, Harbin 150022, China)
Abstract: In complex environments commonly encountered during routine inspection of power equipment, such
as low illumination, occlusion, and dense distributions of small targets, infrared thermal imaging often suffers
from poor clarity and blurred edges. To address these issues, an improved CA-ESRGAN-based infrared image
enhancement algorithm is proposed. Firstly, L.LDConv is used to replace the standard convolution, dynamically
adjusting the convolution kernel sampling positions to enhance the model’s adaptability to complex inspection
conditions. Secondly, SCSA is adopted to replace the original channel attention mechanism, strengthening
the capture of both local details and global contextual information. Finally, R-RaGAN is introduced to optimize
the adversarial training process, improving image quality and training stability. Experiments conducted on the
FLIR public dataset and an infrared dataset collected from a substation demonstrate that well performance on
both datasets the is achieved by the proposed algorithm. In particular, on the substation dataset, PSNR, SSIM,
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and LPIPS are improved by 1. 84 dB, 0. 038 1, and 0. 013 1, respectively, compared to the best-performing

baseline, further confirming its effectiveness in enhancing infrared image quality under complex real-world

conditions.

Key words: infrared image enhancement; super-resolution reconstruction; linear deformable convolution;

collaborative attention; counteract losses
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Tab.1 Comparison of objective metrics in contrast experiments
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