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Design of a Dual Network based Neural Architecture for a

Cancellation of Monte Carlo Rendering Noise
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Abstract

In this paper, we designed a revised neural network to remove the Monte Carlo Rendering noise contained in the ray tracing
graphics. The Monte Carlo Rendering is the best way to enhance the graphic’s realism, but because of the need to calculate more than
thousands of light effects per pixel, rendering processing time has increased rapidly, causing a major problem with real-time
processing. To improve this problem, the number of light used in pixels is reduced, where rendering noise occurs and various studies
have been conducted to eliminate this noise. In this paper, a deep learning is used to remove rendering noise, especially by
separating the rendering image into diffuse and specular light, so that the structure of the dual neural network is
designed. As a result, the dual neural network improved by an average of 0.58 db for 64 test images based on PSNR,
and 99.2296 less light compared to reference image, enabling real-time race-tracing rendering
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Fig. 2. Diffuse light and Specular light distribution chart in
64 test images.
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