Point cloud completion via structured feature maps using a feedback network

Zejia Su
Shenzhen University
Shenzhen, China

zejiasu.36@gmail.com

Hui Huang
Shenzhen University
Shenzhen, China

hhzhiyan@gmail.com

Abstract

In this paper, we tackle the challenging problem of
point cloud completion from the perspective of feature
learning. Our key observation is that to recover the un-
derlying structures as well as surface details, given par-
tial input, a fundamental component is a good feature
representation that can capture both global structure
and local geometric details. We accordingly first pro-
pose FSNet, a feature structuring module that can adap-
tively aggregate point-wise features into a 2D structured
feature map by learning multiple latent patterns from
local regions. We then integrate FSNet into a coarse-to-
fine pipeline for point cloud completion. Specifically, a
2D convolutional neural network is adopted to decode
feature maps from FSNet into a coarse and complete
point cloud. Next, a point cloud upsampling network
is used to generate a dense point cloud from the partial
input and the coarse intermediate output. To efficiently
exploit local structures and enhance point distribution
uniformity, we propose IFNet, a point upsampling mod-
ule with a self-correction mechanism that can progres-
sively refine details of the generated dense point cloud.
We have conducted qualitative and quantitative exper-
iments on ShapeNet, MVP, and KITTI datasets, which
demonstrate that our method outperforms state-of-the-
art point cloud completion approaches.

1. Introduction

In this paper, we study the problem of point cloud com-
pletion, i.e. recovering a full point cloud given a partial ob-
servation. It is an important component of many real-world
applications, such as 3D data scanning [2], acquisition [28],
robot navigation [ 5] and so on.

Point cloud completion is a challenging task as it needs
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to recover both missing topological structures and geo-
metric details from incomplete input. Traditional meth-
ods [3, 19] used hand-crafted features like surface smooth-
ness or symmetry priors. Such empirical human-designed
features suffer from performance degradation under chang-
ing illumination and in the presence of severe occlusion.
Recently, deep neural network (DNN) based methods have
been introduced into this task and have achieved promis-
ing improvements. Early works [4, 27] voxelized the 3D
point cloud and applied a 3D convolutional neural network
(CNN) to the volumetric data to complete the shapes. Due
to the large computational cost of 3D CNNs, such methods
generally output shapes with limited details. Pioneered by
PointNet [22] and PointNet++ [23], other methods [47, 29]
directly complete 3D point clouds. Compared to using vox-
els, learning on 3D points is more scalable and efficient,
but also leads to the problem of feature learning due to the
inherent irregularity and sparseness of point clouds.

A common practice in previous methods is to apply
MLPs to point clouds in an encoder-decoder manner, where
per-point features are aggregated to a global feature vec-
tor via a max-pooling operation and then decoded into a
complete point cloud. Due to the use of pooling opera-
tions, these methods suffer from unavoidable information
loss which results in unsatisfactory shape structures and
blurred details in the missing regions. More recent methods
have been proposed to improve feature learning, including
use of shape priors [21], a skip-attention mechanism [36],
and so on [49, 42]. However, most of these methods adopt
feature vectors as the global representation and suffer from
non-uniform distributions of the dense prediction results,
due to the irregular and discrete nature of the point cloud,
especially when the input shapes have large missing parts.
As shown in Figure 1, the distributions of the point clouds
predicted by previous methods are uneven e.g. in regions
between the known and predicted parts.
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Figure 1. Our approach can generate complete point clouds from partial input with finer details and more uniform surface points compared

to state-of-the-art methods.

To tackle these challenges, we propose a new point cloud
completion method with two novel modules: FSNet for
structured feature learning, which captures well both global
structure and local geometric details of the input point
cloud, and IFNet, for progressive detail generation and uni-
formity enhancement. Given a partial input, point-wise fea-
tures are first extracted by an encoder and FSNet is then
applied to form a 2D structured feature map. Instead of a
max-pooling operation, FSNet relies on multi-head atten-
tion [30] to aggregate the features, where a learnable set
and the input features are used as queries and key-value
pairs, respectively, and the output matrices constitute the
structured feature map. By exploiting latent patterns among
local regions, FSNet can learn a global representation with
rich semantic information which is distinguishable at the in-
stance level. The 2D structured feature map then allows us
to utilize a 2D convolutional neural network as a decoder to
predict the complete structures and generate a coarse point
cloud as the input to the upsampling stage. Motivated by
the success of feedback mechanisms in the image super-
resolution task [9], we propose IFNet with a self-correction
strategy to upsample the coarse point cloud in a progressive
manner. A sparse encoding module is applied to extract
sparse features from the coarse point cloud and input, and
followed by an upsampling module to generate initial dense
features. The final dense point cloud is then iteratively re-
fined through IFNet, where details are progressively added
and uniformity is gradually improved by feeding back the
projection error to the initial dense features.

We have conducted experiments on ShapeNet, MVP and
KITTI datasets to evaluate our method. The results show
that our approach can outperform state-of-the-art methods.

To summarize, our contributions are as follows:

* FSNet, a novel feature aggregation network which
adaptively organizes the unordered features into a 2D
structured feature map, which can retain more infor-

mation and represent more fine-grained global features
than a feature vector,

* [FNet, an iterative feedback network to upsample and
refine the coarse completion via a multi-step self-
correction procedure, which can further exploit local
details and facilitate consolidation and uniformity of
the point cloud, and

* an evaluation of different algorithms on both synthetic
and real-world datasets, which shows that our ap-
proach outperforms state-of-the-art methods in terms
of both completion quality and surface uniformity.

2. Related Work

2.1. 3D shape completion

3D shape completion has drawn increasing attention in
recent years. Early geometric methods [3, 19] complete ob-
jects by leveraging predefined geometric features, such as
surface smoothness or symmetry priors. Since these meth-
ods rely on hand-crafted features, they are only valid un-
der particular circumstances. Recently, convolutional neu-
ral networks (CNNs) have been widely used for processing
regularly arranged data due to their ability to learn features.
Some methods [4, 27] introduce 3D voxel grids or distance
fields as the representation for 3D data, and utilize a 3D
CNN to complete objects. However, use of a 3D CNN leads
to large computational and memory costs that are cubic in
the resolution of the volumetric data, while reducing the res-
olution limits the processing of fine-grained shapes.

Recent works tend to adopt 3D point clouds as the repre-
sentations of 3D objects due to their convenience and flex-
ibility. Pioneered by Pointnet [22], several methods use
MLPs for point cloud completion under an encoder-decoder
framework, where per-point features are aggregated to a
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Figure 2. Pipeline.

global feature vector (GFV) by the max-pooling opera-
tion. PCN [47] and MSN [18] complete the point cloud
in a coarse-to-fine fashion. TopNet [29] introduces a hi-
erarchical tree-structure network that takes the geometric
structure into consideration. RL-GAN-Net [26] and Ren-
der4Completion [10] focus on adversarial learning to im-
prove the realism and consistency of the generated shape.
However, these methods suffer from loss of structural de-
tails, as they predict the point cloud only from a single
global vector.

To better preserve shape structures and complete surface
details, SA-Net [36] and ASHF-Net [51] introduce a skip-
attention mechanism to further revisit the low-level features
from the encoder. SoftpoolNet [34] proposes a soft pooling
module to replace the max-pooling operator, to keep more
information by considering multiple features. NSFA [49]
aggregates different features to represent the known and
missing parts separately. GRNet [42] and VE-PCN [31] in-
troduce 3D voxels as the intermediate representation to help
the network to infer the the complete shape. PF-Net [11],
DeCo [ 1], and PoinTr [46] only generate the missing part of
the object to preserve the spatial arrangements of the orig-
inal part. VRCNet [21] and ASFM-Net [39] improve the
global features by narrowing the distribution difference be-
tween the incomplete and complete point clouds. CRN [32]
and SnowflakeNet [40] generate the complete point cloud
in a progressive manner. Other notable work such as PMP-
Net [37] formulates completion as a point cloud deforma-
tion process, where point-wise paths are predicted to move
each point of the incomplete input to complete the point
cloud. SpareNet [41] proposes a style-based point genera-
tor with adversarial rendering for point cloud completion.
Cycle4Completion [35] improves completion quality by es-
tablishing a geometric correspondence between complete
shapes and incomplete ones.

2.2. Point cloud upsampling

Point cloud upsampling aims to generate a uniform
dense point cloud to represent the underlying surface of
the object within local patches. PU-Net [45] uses Point-
Net++ [23] to extract multi-scale features and expands the
features through multi-branch MLPs. With additional edge
and surface annotations, EC-Net [44] improves the edge
quality of PU-Net by formulating an edge-aware joint loss
to learn the geometry of edges. MPU [43] proposes a

progressive network to upsample points in multiple stages,
which requires supervision of intermediate outputs. PU-
GAN [17] presents a generative adversarial network (GAN)
to learn the distribution of dense point clouds. PUGeo-
Net [25] proposes a geometric-centric network by learn-
ing local parameterization and normal direction for each
point, which needs additional normal annotations. Recently,
PU-GCN [24] designed a novel feature expansion network
called NodeShuffle, which utilizes graph convolutional net-
works (GCNs) to encode local information.

3. Method

We now formally introduce our proposed method. As
shown in Figure 2, we use a two-stage pipeline which works
in a coarse-to-fine manner and consists of a coarse structure
completion stage and a point cloud upsampling stage. More
specifically, taking a partial point cloud P' 2 RN' 3 a5 in-
put, a novel feature structuring module FSNet firstly aggre-
gates point-wise features encoded from P! into a 2D struc-
tured feature map SFM and feeds it to a point cloud decod-
ing network to produce a coarse point cloud P¢ 2 RN 3,
where N' and N ¢ denote the numbers of input points and
points after coarse completion, respectively. Then, a sparse
encoding module and a novel iterative feedback network
IFNet are applied sequentially to upsample and refine the
coarse completion P¢, followed by an offset regression
module to obtain a dense point cloud P9 2 RN 3 with
fine-grained details, where N9 denotes the number of points
after dense completion.

3.1. Coarse Point Cloud Generation

3.1.1 Background

The goal of the first stage is to generate a coarse and com-
plete point cloud. The main challenge is to recover a coarse
shape that has correct global structures while maintaining
sufficient local geometric details with respect to the input.
To this end, we propose a feature structuring network, FS-
Net, that can adaptively aggregate point-wise features into a
2D feature map and then decode it into a coarse point cloud,
as shown in Figure 3 (a).






