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Abstract

: CNC tools contribute to the production of high-precision and consistent results. However, employing

damaged CNC tools or utilizing compromised numerical control can lead to significant issues, including equipment
damage, overheating, and system-wide errors. Typically, the assessment of external damage to CNC tools involves
capturing a single viewpoint through a camera to evaluate tool wear. This study aims to enhance existing methods by
using only a single manually focused Microscope camera to enable comprehensive external analysis from multiple
perspectives. Applying the NeRF (Neural Radiance Fields) algorithm to images captured with a single manual focus
microscope camera, we construct a 3D rendering system. Through this system, it is possible to generate scenes of
areas that cannot be captured even with a fixed camera setup, thereby assisting in the analysis of exterior features.
However, the NeRF model requires considerable training time, ranging from several hours to over two days. To
overcome these limitations of NeRF, various subsequent models have been developed. Therefore, this study aims to
compare and apply the performance of Instant NGP, Mip-NeRF, and DS-NeRF, which have garnered attention

following NeRF.
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Fig. 3. The main pipeline of the NeRF algorithm.
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Fig. 4. Schematic illustration of NeRF rendering process
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Fig. 5. Diagram of Multi-resolution Hash Encoding method
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4. DS-NeRF (Depth-supervised NeRF)
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Fig. 9. Background removal algorithm application results
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Table 1. Computing environment for training NeRF models

CPU AMD Ryzen 7 5800H
GPU NVIDIA RTX 3070
RAM DDR4 16.0GB

Cuda Version 11.7

Cudnn Version 8.8.1

Nvidia Driver 525.147.05
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Table 2. Comparison of rendering results in NeRF models

Evaluation Metrics

Nerf Models Time Peak
. PSNR | SSIM | LPIPS
(approximately) VRAM
NeRF 2 hours 29.560 | 0.933 | 0.073
6540 MB
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Mip-NeRF 1 hour 27770 | 0.920 | 0.093
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DS-NeRF 1 hour 289451 0930 | 0.087
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DS-NeRF-Long 3 hours 30.340 | 0.943 | 0.068
Instant NGP 1 minute | 27.187 | 0.927 | 0.076 | 2168 MB
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