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An improved Aleth-NeRF network based on S3IM
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(' School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China )

Abstract: As an improved neural radiance field (NeRF) method for low-light environments, Aleth-NeRF is capable of taking RGB low-
light images as input and achieving satisfactory results in 3D reconstruction and novel view synthesis. However, it still suffers from issues
such as blurred renderings and inaccurate geometric detail representation. To address these limitations, this paper proposes an improved
Aleth-NeRF network architecture. Specifically, a Gaussian convolution layer is introduced into the rendering branch to smooth low-light
images and rendered outputs, thereby suppressing noise and enhancing feature representation. In addition, an improved stochastic structural
similarity ( S3IM) loss function is designed to strengthen structural similarity constraints and improve the network’s capability in modeling
scene geometry. Experimental results on multiple low-light scene datasets demonstrate that the proposed method effectively improves
structural similarity (SSIM) and learned perceptual image patch similarity ( LPIPS) while maintaining a comparable peak signal-to-noise
ratio (PSNR). Specifically, SSIM is increased by 0. 003 on average, and LPIPS is reduced by 0. 006. The rendered results exhibit clearer
structural details and better geometric consistency compared to the original method, validating the effectiveness and robustness of the
proposed approach.
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Fig. 1 Improved Aleth-NeRF network architecture
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Fig. 2 Overview of the S3IM module
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Fig. 3  Comparison of brightness in rendered images.
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Tab. 1 Comparison of evaluation metrics between rendered normal-light images and ground-truth images across different methods
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