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Neural radiation field reconstruction based on feature point-guided
interference identification

REN Hao, LI Shaobo, GONG Mao, WANG Bo

(School of Automation and Electrical Engineering, Inner Mongolia University of Science and Technology, Baotou Inner Mongolia 014010, China)

Abstract: To address the challenge of achieving high-quality 3D reconstruction with Neural Radiation Fields (NeRF)
under the influence of occluding objects, a method based on the collaborative optimization of Structure-from-Motion
(SfM) and the Segment Anything Model (SAM) was propose. Building upon the Scale-Invariant Feature Transform
(SIFT) algorithm within the SfM reconstruction process, geometric inconsistencies in dynamic scenes were leveraged
for feature point identification and matching. Unmatched feature points were treated as dynamic occluders, guiding
the SAM model—capable of point-guided segmentation—to perform dynamic occluder segmentation and generate a
static scene mask. Based on the segmentation results, mask-aware volumetric rendering was used to predict colors and
a quadruple loss function was established: comprising reconstruction loss, structural consistency loss, adversarial loss,
and self-supervised patching loss. These objectives were jointly optimized to constrain the color output in patched
regions. After iterative training, consistent restoration of geometric structure and appearance in occluded areas across
multiple viewpoints was achieved. The radiometric integrity was preserved while occlusions were removed. Validation
on public dynamic scene datasets demonstrated that the mask-based volumetric rendering combined with joint
optimization produced an average Peak Signal-to-Noise Ratio (PSNR) improvement of 5.24 dB over baseline models
and mainstream occlusion removal methods, alongside a 35% reduction in Learned Perceptual Image Patch Similarity

(LPIPS). This approach established a new paradigm for 3D reconstruction in complex dynamic environments.
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Fig. 1 Algorithm flowchart for this paper
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Table 1 Feature point segmentation accuracy evaluation
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Fig. 3 Yoda dataset rendering effect ((a) Interference image; (b) The image after elimination; (c) NeRF; (d) 3DGS)
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Fig. 4 Android dataset rendering effect ((a) Interference image; (b) The image after elimination; (c) NeRF; (d) 3DGS)
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Fig. 5 Carb dataset rendering effect ((a) Interference image; (b) The image after elimination; (c) NeRF; (d) 3DGS)
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Fig. 6 Corner dataset rendering effect ((a) Interference image; (b) The image after elimination; (c) NeRF; (d) 3DGS)
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Fig. 7 Station dataset rendering effect ((a) Interference image; (b) The image after elimination; (c) NeRF; (d) 3DGS)
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Table 3 Post-reconstruction effect evaluation

L Yoda Android Crab
i LPIPS | Loss PSNR 1 LPIPS | Loss PSNR 1 LPISP | Loss PSNR 1
NeRF 0.36 0.07 20.46 0.29 0.03 22.03 0.18 0.06 22.65
3DGS 0.14 0.02 27.08 0.16 0.04 23.88 0.09 0.02 27.75
NeRF-W 0.16 0.03 26.64 0.25 0.03 20.62 0.15 0.03 2691
MipNerf360 0.23 0.02 23.75 0.18 0.02 21.81 0.09 0.02 26.25
On-the-go 0.19 0.03 28.96 0.13 0.04 23.10 0.11 0.03 27.55
AT VE 0.11 0.01 27.55 0.13 0.02 25.32 0.09 0.01 28.01
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Fig. 8 Failed partitioning cases ((a) Interference image; (b) Successful segmentation; (c) Successful reconstruction;

(d) Failure segmentation; (e) Failure reconstruction)
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