Supplementary Materials for
“Neural Point Cloud Rendering via Multi-Plane Projection”

Peng Dai'* Yinda Zhang?*

Zhuwen Li%*

Shuaicheng Liu'f Bing Zeng'

"University of Electronic Science and Technology of China

2Google Research

We provide details about network architecture, eval-
uation details, other comparisons and results on various
datasets.

1. Network Architecture

The network architecture is provided in Table. 1, includ-
ing kernel size, stride, kernel dilation, activation function,
and feature channels. In short, our network is a UNet with
short-cut connection.

2. Evaluation Details

Our test set consists of four scenes from ScanNet [3]
and two scenes from Matterport3D [2]. The scene IDs
chosen from ScanNet are ‘scene0000_00’, ‘scene0010_-00’,
‘scene0016.00°, ‘scene0024_00°, and the first and fourth
scenes are also adopted in NPG [I]. The scene
IDs chosen from Matterport3D are ‘17DRP5sb8fy’ and
29hnd4uzFmX’.

We calculate PSNR and SSIM in standard way by using
the function provided by Matlab.

3. More Results
3.1. Multi-Plane Image and Weight

For the network outputs, we produce multiple planes of
images with their blending weights. Fig | visualizes one of
the output example. As can be seen, the blending weights
roughly reflects the depth of the scene since each plane cor-
responds to a specific depth in camera coordinate. Regard-
ing the color image, all the images seems to maintain the
scene layout reasonably well, while for each pixel the plane
with the correct depth are likely to provide the right color.

3.2. Compare with image inpainting

An alternative approach for point cloud rendering is to
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treat it as an image inpainting problem, which renders an in-
complete 2D image from the sparse point cloud and fill the
missing region. To compare with this baseline, we adopt
U-Net as backbone, and replace ordinary convolution oper-
ation with gate convolution (GateConv) [6] and sparse con-
volution (SparseConv) [5], which were proposed in SOTA
image inpainting methods to fill up irregular holes. We
compare our method to this image inpainting baseline, and
the results are shown in Fig 2. We find that directly inpaint
sparse point clouds images (Fig 2(a)) generates blurry re-
sults (Fig 2(b)(c)) compared to our results (Fig 2(d)). This
is presumably because that the color of directly projected
points are different with ground truth images due to view-
dependent effects (e.g. specular) and different exposure
time.

3.3. Textured mesh refinement

Even though choosing point cloud as intermediate is
flexible and saves time from mesh reconstruction, we also
compare to a mesh rendering based approach. We first ren-
der the textured mesh of the scene into the target camera
viewpoint (Fig 3(a)) and utilize neural network to refine
them. The comparison is shown in Fig 3(b). After refine-
ment, the missing region in textured mesh (re-projected) can
be roughly completed, but has less details than our results
(Fig 3(c)). Moreover, the PSNR and SSIM of refined im-
ages (re-projected textured mesh) are 22.208 and 0.86 re-
spectively in "scene0010_00’, and our results are 24.421 and
0.901.

3.4. Test on Creepy Attic

We test our method on Creepy Attic [4] which consists
of kinect captured RGB-D and digital camera captured high
quality RGB images. In Hedman et al. [4], camera param-
eters are generated via structure from motion (SFM), and
per-view depth images are obtained using multi-view stereo
(MVS). Due to the limited number of high-quality images,
our method firstly train on kinect captured images, then
fine-tune on digital camera captured RGB images. Fig 4
show some test results (randomly selected poses that never



Layers kernel size  stride  dilation channel.in channel_out actv inputs
conv0 IxIxl1 IxIx1 1 11 16 Irelu neural point features
convl 3x3%3 Ix1x1 1 16 32 Irelu conv0
maxpooll 2x2x2 2x2x2 - 32 32 - convl
conv2 3x3x%x3 Ix1Ixl1 1 32 32 Irelu maxpooll
maxpool2 2x1x1 2x1x1 - 32 32 - conv2
conv3 3x3x%x3 Ix1Ix1 1 32 64 Irelu maxpool2
maxpool3 2x2x2 2x2x2 - 64 64 - conv3
conv4 3x3x%x3 IxIx1 1 64 64 Irelu maxpool3
maxpool4 2x1x1 2x1x1 - 64 64 - conv4
conv5 3x3x%x3 Ix1x1 1 64 128 Irelu maxpool4
maxpool5 2x2x2 2x2x2 - 128 128 - conv5
convb Ix3x%x3 IxIx1 2 128 128 Irelu maxpool5
upl 2x2x2 2x2x2 1 128 128 - convb
conv’7 3x3x%x3 Ix1x1 1 256 128 Irelu upl+conv5
up2 2x1x1 2x1x1 1 128 64 - conv7/
conv§ 3x3%3 Ix1x1 1 128 64 Irelu up2+conv4
up3 2x2x2 2x2x2 1 64 64 - conv®
conv9 3x3x%x3 Ix1x1 1 128 64 Irelu up3+conv3
up4 2x1x1 2x1x1 1 64 32 - conv9
convl0 3x3x%x3 Ix1Ix1 1 64 32 Irelu up4+conv2
upS 2x2x2 2x2x2 1 32 32 - convl0
convll 3x3x%x3 IxIx1 1 64 32 Irelu upS+convl
rgbs IxIxl1 Ix1x1 1 32 3 - convll
blend weights IxIxl1 IxIx1 1 32 1 softmax convll

Table 1. Details of network architecture, where actv is the activation function. And up1-5 are transposed convolutions.

appear during training).

3.5. More Results on ScanNet

In this section, we show more results on ScanNet dataset
in Fig 5 and Fig 6. Our method is better than pix2pix in
terms of the visual quality. Compared to NPG [1], we per-
form especially better at the location with sparsity and oc-
clusion.

3.6. More Results on Matterport3D

We also show more results on Matterport3D dataset in
Fig 7 and Fig 8. Our results are significantly better than all
the other methods. Our camera frustum based point projec-
tion is more robust compared to z-buffer based projection
[1] when the point cloud is sparse, which is especially true
on large scenes from Matterport3D. As a result, our renders
are more complete and reflect correct occlusion.

3.7. Video for Temporal Consistency

To demonstrate the temporal coherence, we provide
video sequences on the same trajectories from NPG and our
method. We compare video temporal consistency synthe-
sized by different methods (e.g. ours, pix2pix, neural point
based graphic, direct render.) in different scenes.
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Figure 1. One example of multi-plane RGB images and blending weights. Left to right, up to down.




(a) Point clouds (b) GateConv (c) SparseConv (d) Our Results

Figure 2. Compare with image inpainting. (a) Re-projected 2D point clouds images with holes. (b) Results generated by using gate
convolution. (c) Results generated by using sparse convolution. (d) Results generated by our method. Directly apply image inpainting will
generate blurry results. (Zoom in for details)

(a) Mesh+Texture (b) Mesh+Texture (Refined) (¢) Our Results

Figure 3. Compare with textured mesh refinement. (a) Re-project textured mesh into 2D image plane. (b) Refined result through neural
network. (c) Result generated by our method. The missing region in (a) can be roughly completed through network, but the refined image
(b) has less details compared with our results (c). (Zoom in for detail)

Figure 4. Test results(second row) on Creepy Attic with corresponding colored point clouds(first row).



(a) Point clouds (b) pix2pix (c) NPG (d) Our results

Figure 5. More results on ScanNet. Our results are better than other methods, especially at the location with sparsity and occlusion. Zoom
in for details.



(a) Point clouds (b) pix2pix (c) NPG (d) Our results

Figure 6. More results on ScanNet. Our results are better than other methods, especially at the location with sparsity and occlusion. Zoom
in for details.



(a) Point clouds (b) pix2pix (c) NPG (d) Our results

Figure 7. More results on Matterport3D. Our method obtains higher performance than other baselines on this challenging dataset.




(a) Point clouds (b) pix2pix (c) NPG (d) Our results

Figure 8. More results on Matterport3D. Our method obtains higher performance than other baselines on this challenging dataset.




