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Figure 4: Novel-view synthesis and corresponding error maps (MSE) on the real dataset.

masked scenario. We attribute this improvement to the fact that other methods rely on object masks
for reconstruction, and imperfect masks can negatively affect their performance. In contrast, our
self-supervised method accurately segments the object, especially in challenging regions.

As shown in Fig. 3, our approach produces reconstructions with fine details and accurate geometry.
When reconstructing sharp, outward spikes in the Dmask, baseline methods fail to capture these
features accurately: 2DGS tends to produce exaggerated edge effects, while NeuS exhibits eroded
features. In contrast, our method effectively captures these intricate details, significantly outper-
forming the baselines. Similarly, in the case of the Rooster, the adverse impact of noisy masks on
2DGS and NeuS is evident, particularly in the gap between the head and tail. 2DGS erroneously
reconstructs this gap as part of the foreground object, leading to inaccuracies. However, our method
effectively segments the object and background components, maintaining a clear distinction and
avoiding such errors. This underscores the robustness of our approach in reconstructing objects
without reliance on masks.

Real dataset Synthetic dataset
Methods PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS #

w
/m

as
k NeuS 21.35 0.854 0.149 26.96 0.902 0.058

2DGS 25.10 0.915 0.065 26.16 0.931 0.063

w
/o

m
as

k NeuS 18.36 0.456 0.458 19.41 0.648 0.280
2DGS 12.00 0.469 0.637 15.64 0.693 0.471
D-3DGS 23.42 0.807 0.201 19.76 0.787 0.201
S2GS (ours) 31.86 0.946 0.047 33.89 0.969 0.037

Table 2: Novel-view synthesis metrics on both real and synthetic datasets. We report the PSNR ↑,
SSIM ↑, and LPIPS ↓ for rendering quality.

5.2.2 NOVEL-VIEW SYNTHESIS.

Table 2 presents a detailed comparison for the novel-view synthesis task. Results show that S2GS
outperforms others by a large margin. We provide novel-view renderings and visualize the corre-
sponding mean squared error (MSE) maps in Fig. 4. Compared to D-3DGS without masks, our
method achieves a substantial improvement in rendering quality. When comparing with NeuS and
2DGS under the masked condition, our method generally shows an improvement of over 20%. From
the error map comparison with 2DGS, we observe that S2GS maintains performance comparable to
2DGS in the interior region, which is expected, but exhibits significantly less error at the boundaries
due to correctly modeling the background.
5.2.3 ANALYSIS OF THE OBJECT SEGMENTATION MASK.

We evaluate the segmentation mask quality on the synthetic dataset by comparing the results of
2DGS, SAM, and our proposed method, S2GS. For 2DGS, segmentation masks are generated based
on opacity, while for S2GS, we leverage the confidence map. The results indicate that our method
achieves superior segmentation accuracy compared to 2DGS and even outperforms SAM, as mea-
sured by mask IoU. This demonstrates that our self-supervised method effectively handles challeng-
ing segmentation scenarios, improving overall reconstruction quality.
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Figure 5: Qualitative analysis of the segmentation masks.

The segmentation mask of the real dataset is shown in Fig. 5. As shown in the first row, although
SAM generally achieves compelling segmentation results, it struggles to segment perfectly in dif-
ficult regions (see the Dmask and Rooster). Errors in the segmentation masks are propagated to
2DGS, leading to incorrect segmentation. Similar to the reconstruction results in Fig. 3, our method
achieves precise segmentation even in challenging regions. This analysis further demonstrates the
value of our approach, showing that we can improve reconstruction efficiency while also overcoming
segmentation mask inaccuracies.

5.2.4 ABLATION STUDY.

Table 4 demonstrates the impact of different regularization components on the base model, evalu-
ated on the real dataset using Chamfer-L1 distance and PSNR metrics. Adding regularization terms
to the base model results in improvements in both metrics. However, the full model, which incor-
porates all three regularization terms, achieves the best Chamfer-L1 but exhibits a slight decrease
in PSNR, indicating trade-offs associated with combining all regularization terms. Overall, these
results highlight that incorporating specific regularization terms can enhance the geometric recon-
struction quality of the 3D model. The local consistency loss term Llc proves to be highly effective
in improving both metrics. The segmentation regularization terms (L2ds andL3ds), which aid in sep-
arating moving objects from the static background, enhance geometric reconstruction by achieving
the best geometric accuracy but at the cost of a slight decrease in rendering quality.

Method 2DGS SAM Ours
IoU 0.876 0.933 0.977

Table 3: Analysis of the mask quality.
We report the mask IoU on the synthetic
dataset.

Metrics base +Llc +Ls + Llc full
Chamfer-L1 ↓ 0.1328 0.1296 0.1302 0.1272

PSNR ↑ 32.25 32.85 32.93 31.86
Table 4: Ablation study of regularization terms on the
real dataset. We report Chamber-L1 for 3D reconstruc-
tion and PSNR for novel-view synthesis.

6 CONCLUSION

We propose a novel method, S2GS, for self-supervised segmentation of Gaussian splats in the
3D reconstruction of moving objects, particularly applicable to automatic 3D scanning. Our ap-
proach demonstrates robustness to cluttered backgrounds, enabling high-quality 3D model recon-
struction without the need for object masks. Compared to other state-of-the-art methods, although
Deformable 3D Gaussian Splatting (Yang et al., 2024) operates without object masks, it performs
significantly worse than our method. Furthermore, we outperform our base method 2DGS even when
it utilizes high-quality object masks. Future work involves extending the self-supervised Gaussian
segmentation feature of S2GS to more general moving object scenarios.
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