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Feature-Based Image Selection and Interpolated-View
Augmentation for Sparse-View 3D Object Reconstruction in a Local
Environment
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Abstract Recent 3D reconstruction methods based on 3D Gaussian Splatting (3DGS) require many input
images and substantial computational resources, and often suffer from floating artifacts caused by
viewpoint gaps in sparse-view environments. To address these limitations, this paper proposes a
five-stage sparse-view 3D reconstruction pipeline performed entirely within an independent local
environment. In the pre-processing stage, sample images with evenly distributed viewpoints are selected
by farthest point sampling (FPS), which approximates viewpoint differences from image feature
distances without camera pose information, and object regions are extracted by a two-stage background
separation that refines salient object detection boundaries using brightness. During the training stage,
camera poses are estimated using feature-based structure-from-motion (SfM), followed by 3DGS
optimization to concentrate Gaussian primitives on the object regions. In the augmentation stage,
images interpolated between neighboring camera poses are added to the training set for self-augmented
retraining. Experiments on the NeRF dataset show consistent gains of +0.44 to +0.88 in PSNR and +0.01
to +0.04 in SSIM over the initial training stage, with absolute values of 10.55 to 13.20 dB and 0.38 to
0.58 measured by comparing background-removed renderings against original images with backgrounds.
These results demonstrate the feasibility of sparse-view 3D reconstruction in a local environment.

Key Words : Sparse-View 3D Reconstruction, 3D Gaussian Splatting, Farthest Point Sampling (FPS),
Interpolated-View Augmentation, Local Environment
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[Fig. 2] Overall architecture of the proposed
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[Fig. 3] Rendering results of the reconstructed 3D
object for each sample image count
(K =90, 80, 70, 60)
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