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Study on an Efficient Semantics-Guided Image Demoiré

Framework

YAN Song, LI Min, ZHANG Yusen, SHI Hao
(Rocket Force University of Engineering, Xi’ an 710025, China)

ABSTRACT: StableMoiré, a semantics—guided framework for moiré removal, was proposed to
enhance the model's understanding of the image content and reduce randomness in the generation
process. First, to address semantic drifts during the generation process, images were encoded in—
to latent and contrastive language—image pretraining (CLIP) spaces using a VAE and CLIP image
encoder, respectively. Moiré-related information in the latent space was extracted using cross—at—
tention mechanisms, allowing the model to focus on the parts of the images that were related to
the moiré pattern, thereby avoiding the interference of redundant information. Subsequently, to
address the significant randomness in semantic guidance for pretrained text—to—image models, a
residual injection-based image detail preservation module was proposed, preventing it from devi-

ating from the pixel information of the original image during the generation process. The results
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show that StableMoiré performs better in terms of moiré removal. Compared with PromptIR, a

similar baseline algorithm, StableMoiré improves its peak signal-to—noise ratio and structural simi-

larity index measure by 0.509 2 and 0.011 3, respectively, while reducing the Fréchet inception

distance and kernel inception distance by 0.03 and 0.66, respectively.
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Fig. 1 Process of obtaining a single-task model through

fine-tuning of a large pretrained model
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Table 1 Quantitative evaluation results of comparative
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StableMoiré 28.98 0.90 154909 0.8826
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Table 2 Numbers of training parameters required for

different models

WIRFS ZHE/M
DMCNNC(ICIP 2018) 1.43
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StableMoiré 2.83
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Fig. 5 Image semantics inferred from BLIP text prompt pre- and post-adjustment
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