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1. Supplemantary Materials
1.1. More Visual Results

Figures (1 3 4 5) show all visual comparisons between Ner-
facto [TWN™23] and our method on the Blender dataset [MST™*20].
Figures (6 7 8) present the results of Nerfacto and our approach on
the DTU dataset [JDV* 14]. The comprehensive visual comparisons
show that our method achieves more accurate geometries compared
to the Nerfacto baseline.

1.2. Reconstruction Results on Transparent Objects

To further exploit the practicality of our method, we implement our
method based on Instant-NGP [MESK22] and conduct an experi-
ment on 2 scenes of the transparent DexNeRF [IAKG20] datasets,
shown in Fig. 2

1.3. Additional Ablation Study

As stated in the paper, the first term in Eq. 1 introduces ambiguity
in the extracted geometry and incurs additional computational over-
head. To further demonstrate our statement, we have conducted an
additional ablation study on four scenes. The results in Tab. 1 indi-
cate that dropping this term leads to a more accurate reconstruction
of the geometry.
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Table 1: Ablation study on dropping the first term in Eq. 1.

Scene Scand0 Scan65 Scanl06 Hotdog

w/odrop  0.87 0.99 0.98 1.12

w/ drop 0.81 091 0.74 0.69

1.4. Comparisons with Gaussian Splatting-based methods

Our approach focuses on NeRF-based geometry reconstruction.
However, to further demonstrate the effectiveness, we also compare
our proposed method with representative GS-based approaches, in-
cluding 3DGS [KKLD23], SuGaR [GL24], G-Surfel [DXX*24],
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2DGS [HYC*24], GOF [YSG24], and SpikingGS [ZLM*24], on
both the Blender [MST*20] and the DTU [JDV*14] datasets. Ex-
periments conducted on the Blender dataset in Tab. 2 demonstrate
that our method outperforms all these GS-based methods, high-
lighting its effectiveness and superiority in geometry reconstruc-
tion. Comparative results on the DTU dataset, shown in Tab. 3,
are suboptimal since the DTU dataset is captured from partial
views, which results in the background being under-optimized in
our method. Background modeling is beyond the scope of this work
and is left for our future investigation.

Table 2: Quantitative ~Comparisons on the Blender
dataset [MST*20] with GS-based approaches. We measure the
performance by Chamfer distance x 102, The red and blue num-
bers indicate the first and the second performer for each scene.

Scene Chair Drums Ficus Hotdog Lego Mat. Mic Ship Avg.
3DGS [KKLD23] 2.76 3.62 8.38 5.38 244 292 317 218 3.86
SuGaR [GL24] 0.67 1.08 0.57 1.42 073 095 087 1.19 094
G-Surfel [DXX*24] 0.75 0.78 0.56 1.77 093 1.08 099 235 1.15
2DGS [HYC*24] 0.40 1.83 0.66 1.41 0.87 093 1.13 111 1.04
GOF [YSG24] 1.23 1.33 0.59 1.18 072 072 0.70 135 098

SpikingGS [ZLM*24]  0.45 1.38 0.69 113 0.81 094 0.61 096 0.87

Ours 0.75 0.63 0.43 0.69 0.64 041 040 125 0.65
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Table 3: Quantitative Comparisons on the DTU dataset [JDV* 14] with GS-based approaches. We measure the performance by Chamfer
distance. The red and blue numbers indicate the first and the second performer for each scene.

Scan 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Avg.
3DGS [KKLD23] 214 153 208 1.68 349 221 143 207 222 175 179 255 153 152 150 1.96
SuGaR [GL24] 147 133 1.13 061 225 171 1.15 163 1.62 1.07 079 245 098 098 0.79 1.33
G-Surfel [DXX*24] 0.66 093 054 041 106 1.14 085 129 153 0.79 082 158 045 045 0.53 0.88
2DGS [HYC*24] 048 091 039 039 1.01 083 081 136 127 0.76 0.70 140 040 040 0.52 0.80
GOF [YSG24] 052 091 040 037 1.11 0.88 0.72 1.18 126 0.75 0.72 0.88 046 046 0.55 0.76
SpikingGS [ZLM*24] 0.63 0.80 0.50 0.46 1.04 1.01 087 115 132 061 073 1.19 044 044 048 0.79
Ours 094 125 081 048 1.00 09 1.14 121 170 1.17 0.73 133 1.14 085 053 094
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Figure 1: Reconstruction results on the Blender dataset [MST*20]
(Chair, Drums).
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Figure 2: Reconstruction results on the DexNeRF
dataset [IAKG20]. The first row is a synthetic scene. The
second row is a real-world case.
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Figure 3: Reconstruction results on the Blender dataset [MST*20] Figure 4: Reconstruction results on the Blender dataset [MST"20]
(Ficus, Hotdog). (Lego, Materials).
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Figure 5: Reconstruction results on the Blender dataset [MST*20]
(Mic, Ship).
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Figure 6: Reconstruction results on the DTU dataset [JDV* 14]. From top to bottom: Scan 24; Scan 37; Scan 40; Scan 55; Scan 63.
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Figure 7: Reconstruction results on the DTU dataset [JDV* 14]. From top to bottom: Scan 65; Scan 69; Scan 83; Scan 97; Scan 105.
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Figure 8: Reconstruction results on the DTU dataset [JDV* 14]. From top to bottom: Scan 106; Scan 110; Scan 114; Scan 118; Scan 122.
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