
A Additional results

A.1 Frequency ablation study

We perform an ablation study on the coarse-to-fine parameter αd and the number of frequency bands
L. In Fig. 6, we show the surface reconstruction results of the DTU Buddha model under different
frequency parameters. Each model is trained for 300K iterations. In the first row we show the results
of surface reconstruction quality under different coarse-to-fine parameters αd. It can be seen that
when the parameter is too small, the surface reconstruction tends to be oversmoothed. When the
parameter is too large, many artifacts will appear in the reconstruction results. We adopt αd = 0.5
for our model. In the second row we show the effect of different numbers of frequency bands on the
reconstruction results when the coarse-to-fine parameter αd is fixed. We can observe that many details
such as the cracks of the Buddha are not included in the reconstruction results when the number of
frequency bands is too small. When the number of frequency bands is too large, although the details
increase, high-frequency noise is also introduced, which will cause the reconstructed model to be
unnatural. We adopt L = 16 as the number of frequency bands of our model.

Figure 6: Frequency ablation study. First row: the reference image and the reconstructed surface
using different coarse-to-fine parameters αd with L = 16. Second row: the reconstructed surface
using different numbers of frequency bands L with αd = 0.5.

A.2 Adaptive transparency ablation study

In Fig. 7, an ablation experiment for adaptive transparency is shown. We compare the reconstruction
results without using the adaptive transparency strategy. We selected the Lego model from the
NeRF-synthetic dataset, the skull model (scan65) from the DTU dataset and the dog model from
the BlendedMVS for validation. For the Lego model in the first column, we find that the adaptive
transparency strategy can better deal with regions with holes. Holes can be better unclogged during
reconstruction. For the skull model in the second column, since there are only a few training images
on the right side of the skull, the cheekbones are difficult to reconstruct accurately, but our method
can better reconstruct these regions. For the dog model in the third column, because the belt is a fine
part, it is not easy to be reconstructed well by the network. The strategy using adaptive transparency
can better focus on these regions and reconstruct surface details better.

A.3 Additional reconstruction results

In this section, more qualitative results are provided. Fig. 8 and Fig. 9 show additional comparisons
with NeuS [30] and Volsdf [32] on the DTU dataset, the NeRF-Synthetic dataset, and the BlendedMVS
dataset.
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