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Abstract

We investigate the problem of learning category-specific 3D shape reconstruction
from a variable number of RGB views of previously unobserved object instances.
Most approaches for multiview shape reconstruction operate on sparse shape
representations, or assume a fixed number of views. We present a method that
can estimate dense 3D shape, and aggregate shape across multiple and varying
number of input views. Given a single input view of an object instance, we propose
a representation that encodes the dense shape of the visible object surface as well
as the surface behind line of sight occluded by the visible surface. When multiple
input views are available, the shape representation is designed to be aggregated
into a single 3D shape using an inexpensive union operation. We train a 2D CNN
to learn to predict this representation from a variable number of views (1 or more).
We further aggregate multiview information by using permutation equivariant
layers that promote order-agnostic view information exchange at the feature level.
Experiments show that our approach is able to produce dense 3D reconstructions
of objects that improve in quality as more views are added.

1 Introduction

Learning to estimate the 3D shape of objects observed from one or more views is an important
problem in 3D computer vision with applications in robotics, 3D scene understanding, and augmented
reality. Humans and many animals perform well at this task, especially for known object categories,
even when observed object instances have never been encountered before [27]. We are able to infer
the 3D surface shape of both object parts that are directly visible, and of parts that are occluded
by the visible surface. When provided with more views of the instance, our confidence about its
shape increases. Endowing machines with this ability would allow us to operate and reason in
new environments and enable a wide range of applications. We study this problem of learning
category-specific 3D surface shape reconstruction given a variable number of RGB views (1 or more)
of an object instance.

There are several challenges in developing a learning-based solution for this problem. First, we need
a representation that can encode the 3D geometry of both the visible and occluded parts of an object
while still being able to aggregate shape information across multiple views. Second, for a given
object category, we need to learn to predict the shape of new instances from a variable number of
views at test time. We address these challenges by introducing a new representation for encoding
category-specific 3D surface shape, and a method for learning to predict shape from a variable number
of views in an order-agnostic manner.

Representations such as voxel grids [6], point clouds [9} [17], and meshes [[11} 40] have previously
been used for learning 3D shape. These representations can be computationally expensive to operate
on, often produce only sparse or smoothed-out reconstructions, or decouple 3D shape from 2D

33rd Conference on Neural Information Processing Systems (NeurIPS 2019), Vancouver, Canada.


geometry.stanford.edu/projects/xnocs

(c) (d)

Figure 1: An input RGB view of a previously unseen object instance (a). Humans are capable of
inferring the shape of the visible object surface (original colors in (b)) as well as the parts that are
outside the line of sight (separated by red line in (b)). We propose an extended version of the NOCS
map representation to encode both the visible surface (c¢) and the occluded surface furthest from
the current view, the X-NOCS map (d). Note that (c) and (d) are in exact pixel correspondence to
(a), and their point set union yields the complete 3D shape of the object. RGB colors denote the XYZ
position within NOCS. We learn category-specific 3D reconstruction from one or more views.

projection losing 2D-3D correspondence. To overcome these issues, we build upon the normalized
object coordinate space maps (NOCS maps) representation [39]—a 2D projection of a shared
category-level 3D object shape space that can encode intra-category shape variation (see Figure[I). A
NOCS map can be interpreted as a 3D surface reconstruction in a canonical space of object pixels
directly visible in an image. NOCS maps retain the advantages of point clouds and are implicitly
grounded to the image since they provide a strong pixel-shape correspondence—a feature that allows
us to copy object texture from the input image. However, a NOCS map only encodes the surface
shape of object parts directly in the line of sight. We extend it to also encode the 3D shape of object
parts that are occluded by the visible surface by predicting the shape of the object surface furthest
and hidden from the view—called X-NOCS maps (see Figure[I). Given a single RGB view of an
object instance, we aim to reconstruct the NOCS maps corresponding to the visible surface and the
X-NOCS map of the occluded surface. Given multiple views, we aggregate the predicted NOCS and
X-NOCS maps from each view into a single 3D shape using an inexpensive union operation.

To learn to predict these visible and occluded NOCS maps for one or more views, we use an encoder-
decoder architecture based on SegNet [3]. We show that a network can learn to predict shape
independently for each view. However, independent learning does not exploit multiview overlap
information. We therefore propose to aggregate multiview information in a view order-agnostic
manner by using permutation equivariant layers that promote information exchange among
the views at the feature level. Thus, our approach aggregates multiview information both at the
shape level, and at the feature level enabling better reconstructions. Our approach is trained on a
variable number of input views and can be used on a different variable number of views at test time.
Extensive experiments show that our approach outperforms other state-of-the-art approaches, is able
to reconstruct object shape with fine details, and accurately captures dense shape while improving
reconstruction as more views are added, both during training and testing.

2 Related Work

Extensive work exists on recognizing and reconstructing 3D shape of objects from images. This
review focuses on learning-based approaches which have dominated recent state of the art, but we
briefly summarize below literature on techniques that rely purely on geometry and constraints.

Non-Learning 3D Reconstruction Methods: The method presented in requires user input to
estimate both camera intrinsics and multiple levels of reconstruction detail using primitives which
allow complete 3D reconstruction. The approach of [38] also requires user input but is more data-
driven and targets class-based 3D reconstruction of the objects on the Pascal VOC dataset. [4] is
another notable approach for class-based 3D reconstruction a parametric 3D model and corresponding
parameters per object-instance are predicted with minimal user intervention. We now focus on
learning-based methods for single and multiview reconstruction.

Single-View Reconstruction: Single-view 3D reconstruction of objects is a severely under-
constrained problem. Probabilistic or generative techniques have been used to impose constraints
on the solution space. For instance, uses structure from motion to estimate camera parameters



and learns category-specific generative models. The approach of [9]] learns a generative model of
un-ordered point clouds. The method of [15] also argue for learning generative models that can
predict 3D shape, pose and lighting from a single image. Most techniques implicitly or explicitly
learn class-specific generative models, but there are some, e.g., [36], that take a radically different
approach and use multiple views of the same object to impose a geometric loss during training. The
approach of [42] predicts 2.5D sketches in the form of depth, surface normals, and silhouette images
of the object. It then infers the 3D object shape using a voxel representation. In [[13]], the authors
present a technique that uses silhouette constraints. That loss is not well suited for non-convex objects
and hence the authors propose to use another set of constraints coming from a generative model
which has been taught to generate 3D models. Finally, [44] propose an approach that first predicts
depth from a 2D image which is then projected onto a spherical map. This map is inpainted to fill
holes and backprojected into a 3D shape.

Multiview Reconstruction: Multiple views of an object add more constraints to the reconstructed
3D shape. Some of the most popular constraints in computer vision are multiview photometric
consistency, depth error, and silhouette constraints [[18,41]]. In [20], the authors assume that the pose
of the camera is given and extract image features that are un-projected in 3D and iteratively fused
with the information from other views into a voxel grid. Similarly, [[16] uses structure from motion to
extract camera calibration and pose. [23]] proposes an approach to differentiable point-cloud rendering
that effectively deals with the problem of visibility. Some approaches jointly perform the tasks of
estimating the camera parameters as well as reconstructing the object in 3D [[17, 145].

Permutation Invariance and Equivariance: One of the requirements of supporting a variable
number of input views is that the network must be agnostic to the order of the inputs. This is not
the case with [6] since their RNN is sensitive to input view order. In this work, we use ideas of
permutation invariance and equivariance from DeepSets [29, 43]]. Permutation invariance has been
used in computer vision in problems such as burst image deblurring [2]], shape recognition [35]], and
3D vision [28]. Permutation equivariance is not as widely used in vision but is common in other
areas [29}130]. Other forms of approximate equivariance have been used in multiview networks [7]].
A detailed theoretical analysis is provided by [25].

Shape Representations: There are two dominant families of shape representations used in literature:
volumetric and surface representations, each with their trade-offs in terms of memory, closeness to
the actual surface and ease of use in neural networks. We offer a brief review and refer the reader to
[L,134] for a more extensive study.

The voxel representation is the most common volumetric representation because of its regular grid
structure, making convolutional operators easy to implement. As illustrated in [6] which performs
single and multiview reconstructions, voxels can be used as an occupancy grid, usually resulting
in coarse surfaces. [26] demonstrates high quality reconstruction and geometry completion results.
However, voxels have high memory cost, especially when combined with 3D convolutions. This
has been noted by several authors, including [31]] who propose to first predict a series of 6 depth
maps observed from each face of a cube containing the object to reconstruct. Each series of 6 depth
map represent a different surface, allowing to efficiently capture both the outside and the inside
(occluded) parts of objects. These series of depth maps are coined shape layers and are combined in
an occupancy grid to obtain the final reconstructions.

Surface representations have advantages such as compactness, and are amenable to differentiable
operators that can be applied on them. They are gaining popularity in learning 3D reconstruction with
works like [[19], where the authors present a technique for predicting category-specific mesh (and
texture) reconstructions from single images, or explorations like in [9]], which introduces a technique
for reconstructing the surface of objects using point clouds. Another interesting representation is
scene coordinates which associates each pixel in the image with a 3D position on the surface of the
object or scene being observed. This representation has been successfully used for several problems
including camera pose estimation [37]] and face reconstruction [[10]. However, it requires a scene- or
instance-specific scan to be available. Finally, geometry images [[12] have been proposed to encode
3D shape in images. However, they lack input RGB pixel to shape correspondence.

In this work, we propose a category-level surface representation that has the advantages of point
clouds but encodes strong pixel-3D shape correspondence which allows multiview shape aggregation
without explicit correspondences.



Figure 2: Given canonically aligned and scaled instances from an object category [5], the NOCS
representation [39] can be used to encode intra-category shape variation. For a single view (a), a
NOCS map encodes the shape of the visible parts of the object (b). We extend this representation
to also encode the occluded parts called an XgNOCS map (c). Multiple (X-)NOCS maps can be
trivially combined using a set union operation () into a single dense shape (rightmost). We can also
efficiently represent the texture of object surfaces that are not directly observable (d). Inputs to our
method are shown in green boxes, predictions are in red, and optional predictions are in orange.

3 Background and Overview

In this section, we provide a description of our shape representation, relevant background, and a
general overview of our method.

Shape Representation: Our goal is to design a shape representation that can capture dense shapes of
both the visible and occluded surfaces of objects observed from any given viewpoint. We would like
a representation that can support computationally efficient signal processing (e.g., 2D convolution)
while also having the advantages of 3D point clouds. This requires a strong coupling between image
pixels and 3D shapes. We build upon the NOCS map [39] representation, which we describe below.

The Normalized Object Coordinates Space (NOCS) can 4
be described as the 3D space contained within a unit cube
as shown in Figure 2. Given a collection of shapes from
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a category which are consistently oriented and scaled, we ?) LN
build a shape space where the XYZ coordinates within :
NOCS represent the shape of an instance. A NOCS map —

is a 2D projection of the 3D NOCS points of an instance ‘

as seen from a particular viewpoint. Each pixel in the

NOCS map denotes the 3D position of that object point

in NOCS (color coded in Figure 2). NOCS maps are

dense shape representations that scale with the size of the Figure 3: We use depth peeling to extract
object in the view—objects that are closer to the camera X-NOCS maps corresponding to differ-
with more image pixels are denser than object further —ent ray intersections. The top row shows
away. They can readily be converted to a point cloud by 4 intersections. The bottom row shows
reading out the pixel values, but still retain 3D shape—pixel ~our representation which uses the first
correspondence. Because of this correspondence we can and last intersections.

obtain camera pose in the canonical NOCS space using the direct linear transform algorithm [14].
However, NOCS maps only encode the shape of the visible surface of the object.

—
-

Depth Peeling: To overcome this limitation and encode the shape of the occluded object surface, we
build upon the idea of depth peeling [8] and layered depth images [33]. Depth peeling is a technique
used to generate more accurate order-independent transparency effects when blending transparent
objects. As shown in Figure 3, this process refers to the extraction of object depth or, alternatively,
NOCS coordinates corresponding to the kK" intersection of a ray passing through a given image
pixel. By peeling a sufficiently large number of layers (e.g., k = 10), we can accurately encode the
interior and exterior shape of an object. However, using many layers can be unnecessarily expensive,
especially if the goal is to estimate only the external object surface. We therefore propose to use 2
layers to approximate the external surfaces corresponding the first and last ray intersections. These
intersections faithfully capture the visible and occluded parts of most common convex objects. We



























