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Improvement of Image Reconstruction Method Based on Generative
Adversarial Network

SHI Xue-jie, WANG Tong-xi, XIANG Hua
(School of Computer Science, Yangtze University ,Jingzhou 434023, China)

Abstract; Aiming to address the problems of fuzzy edges, texture loss, and the inability to effectively capture detailed information at
different scales in the SRGAN image super—resolution reconstruction algorithm,we propose an improved multi—scale—aware triple dense
generative adversarial network (MSRTD-GAN). The algorithm replaces the original residual block in the generator with a triple dense
block (RRTA) ,enhancing the models ability to extract key image details. It also introduces the receptive field block (RFB) ,improving
the model “s sensitivity to multi — scale details. Additionally, in the up - sampling process, a combination of depthwise separable
convolutions and pixel rearrangement techniques is adopted to reduce computational cost while effectively pre—serving detail and texture
information. The generator’s objective function combines five loss functions to enhance detail recovery and overall image quality. Addi-
tionally ,a pyramid structure is introduced in the discriminator,enabling the model to analyze images at multiple scales and evaluate image
quality more comprehensively. Experimental results show that the PSNR and SSIM metrics of the reconstructed images produced by the
MSRTD-GAN algorithm reach 29.36 dB and 0. 863, respectively , representing improvements of 0. 68 dB and 0.015 over SRGAN. The
reconstructed images also exhibit more pronounced edge contours and clearer texture details. These results demonstrate the effectiveness
of the proposed algorithm in improving overall image reconstruction quality.

Key words: generating adversarial networks; pyramidal structures; super — resolution reconstruction; receptive field block; residual in

residual dense block ; triple attention
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