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Reference image generation algorithm for image quality

evaluation

Peng Luo, Jia Liu
Engineering University of PAP Xi’ an, Shaanxi 710086

Abstract: At present, image quality evaluation algorithms are set according to specific features. To accurately evaluate
unknown distortion types, this paper proposes a new deep learning network for image quality evaluation, IQA-GAN, based
on the excellent performance of GANSs in the field of image generation and image completion. The experimental results show
that the evaluation accuracy of the designed model is in the same order as that of the existing non-reference image quality

evaluation methods, but it does not require the original image as a reference, which has obvious advantages.
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