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Comparative analysis of the deep-learning-based super-resolution

methods for generating high-resolution texture maps
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Abstract

As display resolution increases, many apps also tend to include high-resolution texture maps. Recent advancements in deep-
learning-based image super-resolution techniques make it possible to automate high-resolution texture generation. However,
there is still a lack of comprehensive analysis of the application of these techniques to texture maps. In this paper, we selected
three recent super-resolution techniques, namely BSRGAN, Real-ESRGAN, and SwinlR (classical and real-world image SR),
and applied them to upscale texture maps. We then conducted a quantitative and qualitative analysis of the experimental results.
The findings revealed various artifacts after upscaling, which indicates that there are still limitations in directly applying super-

resolution techniques to texture-map upscaling.
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Figure 1: Degradation model of BSRGAN [6]
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Figure 2: Degradation model of Real-ESRGAN [7]
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Figure 3: Architecture of SwinIR [8]
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Figure 4: Average ALIP and PSNR comparison by category. Lower HLIP and higher PSNR values are better, respectively. Due to SwinIR
ignoring the alpha channel, we excluded the RGBA results (including synthesized images) from SwinIR (grey and yellow bars).
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Figure 5: Representative artifact patterns appeared in output images after super-resolution. All images were upscaled after downscaling
except mountains which was downscaled after upscaling.
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Figure 6: Qualitative comparisons of output images after super-resolution by category. The green and red squares represent the best
and worst quality based on our visual comparison, respectively. The number below each image is the HLIP value (lower is better), and
our best and worst choice may differ from the HLIP values. The HLIP value of SwinIR in Gradient256 was not inserted into the figure
because its original (four channels) and output images (three channels) have a different number of color channels.
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Real-ESRGAN only
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Figure 7: Comparison of results applying texture super-resolution and DLSS to the Sponza scene. As depicted in the figure, the combi-
nation of Real-ESRGAN and DLSS provided the clearest image quality.
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