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Abstract

Typical 3D reconstruction pipelines employ a combination of line-laser scanners and robotic actuators to produce a point
cloud and then proceed with surface reconstruction. In this work we propose a new technique to learn an Implicit Neural
Representation (INR) of a 3D shape S without directly observing points on its surface. We just assume being able to determine
whether a 3D point is exterior to S (e.g. observing if the projection falls outside the silhouette or detecting on which side of
the laser line the point is). In this setting, we cast the reconstruction process as a Positive-Unlabelled learning problem where
sparse 3D points, sampled according to a distribution depending on the INR’s local gradient, have to be classified as being
interior or exterior to S. These points, are used to train the INR in an iterative way so that its zero-crossing converges to the
boundary of the shape. Preliminary experiments performed on a synthetic dataset demonstrates the advantages of the approach.
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1. Introduction

Surface reconstruction is a central topic in Computer Vision and
Graphics. This process has wide-ranging applications across var-
ious fields such as cultural heritage [PTB20], 3D shape segmen-
tation [PBAT19], and industrial quality control [Hail7]. The task
can be approached through a variety of methods, with both tradi-
tional scanning techniques [PBC™ 18] and Machine Learning-based
models [HWW™*24, SS23]. Traditional methods typically involve
extracting a point cloud, followed by mesh generation to obtain
the surface [KBHO06, LLX*23]. Modern approaches often lever-
age machine learning models, particularly Multi-Layer Perceptrons
(MLPs). These models, however, tend to prioritize realistic render-
ing over precise surface reconstruction. One of the most represen-
tative class of models in this category is Neural Radiance Fields
(NeRF) [MST*21, XXP*22], which represents a significant ad-
vancement in realistic object rendering. Our method is tailored for
any machine vision scenario where an accurate 3D reconstruction is
needed. Most sensing devices, like laser scanners, give a sampling
of the object surface in terms of a (reasonably dense) point cloud
in space. For basic tasks the sparse point cloud is sufficient, but for
others, a volumetric description of the object occupancy is equally
important. However, creating voxel representations or triangulated
surfaces from a point cloud are complex tasks per se, sometimes
representing the most significant source of error in the final result.
This is particularly true when the point clouds are noisy due to non-
Lambertian reflecting materials [YWLG23] or if some regions can
not be directly observed because of self-occlusions [LLW*23].
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2. The Proposed Method

Our method is based on directly constructing an implicit represen-
tation of the object to reconstruct. The shape is described as an
occupancy function S : Q € R* — {—1...1} where a point (x,y,z)
is inside the object iff S(x,y,z) < 0 and outside when positive. The
given representation is implicit because the surface is not directly
encoded, but obtainable as the zero level-set of the function. To rep-
resent S, we rely on a coordinate-based neural representation as a
highly effective alternative over discrete representations like voxel
grids. Our choice is not driven solely by the popularity of such mod-
els, but is justified by some properties that we can exploit for the
reconstruction process. In particular: (i) Implicit Neural Represen-
tations (INR) are continuous functions (mathematically speaking,
not accounting for the floating point approximations) so there is no
need to discretize the space, and (ii) INRs are analytically derivable
with respect to the input. Therefore, a neural occupancy network
can convey information about the surface location (zero level-set)
and the surface normal (VS) without numerical differentiation.

2.1. Occupancy estimation as a PU learning problem

A straightforward way to train S is to provide a dataset of 3D points
labelled as 1 if outside the object and —1 if inside. This labelling
is reasonable in computer graphics applications where a triangular
mesh is already known, but an implicit representation is needed for
rendering purposes. On the other hand, sensing devices used for
3D reconstruction can reliably determine if a point is exterior to an
object (i.e. should be labelled as 1) but not if it is interior.
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Figure 1: Left: average reconstruction error increasing the iterations for uniform and gradient-based sampling. Center: surface error
increasing the number of views for different approaches. Right: per-vertex error for our approach and point-based surface reconstruction.

Suppose a simple space-carving application where we observe
an object from multiple points of view. By extracting the silhou-
ette (with any suitable foreground-background segmentation) we
can reliably state if any 3D point is exterior to the object simply
by checking if the projection falls outside the silhouette. Indeed,
seeing the background implies that no solid matter is occluding the
light ray exiting the camera. Note however that, from a single im-
age, if the projection falls inside the silhouette we cannot state cer-
tainly that it is an interior point. The same applies to a laser scanner,
where a 3D point is surely exterior if its projection falls on the side
of the projected laser line where the epipole of the laser projector is
located. When applied to a neural-based occupancy function, this
asymmetry in determining if a point is interior or exterior can be
cast as a Positive-Unlabelled (PU) learning problem [JS19, BD20].

2.2. Reconstruction pipeline

Assume to observe an object from different points of view with
instruments capable of determining if a 3D point x € R is surely
exterior to the object. That is, if x is exterior the label will be 1 (with
no error). Otherwise, the "unknown label" 0 is given, meaning it is
impossible to determine if the point is in or out. All the 3D points
X1{,Xp,... are realizations of a continuous (3-dimensional) random
variable X generating points on the object’s surface according to a
probability density function f. Moreover, we assume to know the
extent of a bounding box B containing the object. The proposed
reconstruction pipeline then proceeds as follows:

0. initialization Let f be a continuous uniform distribution in f.
This reflects the initial uncertainty of the surface, equally likely
in B. Let S be the INR initialized with random weights.

1. sampling Sample M 3D points X,...xy from X and use the
data acquired from the optical sensors to assign a label (1 or
0) to each point. This results in a sequence (x,/}), ..., (Xa, lm)
of Positive-Unlabelled data. This operation is performed with
Gibbs’ sampling using the (discretized) CDF of f.

2. PU learning Solve a PU learning problem to assign the un-
known points (x;,0) to either the exterior (x,1) or interior
(xi, —1) classes. We use a K-NN classifier as discussed in [JS19].

3. train Use the labelled data to train S until convergence. In our
setup, each x; and /; are the input and expected values to learn,
respectively. Binary cross-entropy is used as the loss function.

4. f update Use ||VS|| as a proxy to compute a new empirical
PDF f. Since the surface is the zero-level set of S, and it is
constant inside or outside the object, the magnitude of VS is
related to the likelihood of a point to lie on the object’s surface.
Therefore, we compute ||[VS|| on a uniform discrete grid in B
and normalize so that it sums to one to make it a distribution.

S.loop Return to step 1 and use the updated f to sample a new
set of points. The process is repeated until a specified amount of
iterations is reached.

The idea is to train the INR iteratively: in each iteration, a set of
points are randomly sampled from a distribution exhibiting higher
density closer to the object surface. In this way, we reserve more
data where the function abruptly changes, and therefore more in-
formation is needed.

3. Experiments and Conclusion

Preliminary experiments were performed with a new syn-
thetic dataset created using the state-of-the-art raytracer Mitsuba
[JSR*22] to simulate line laser scanners observing an object rotat-
ing on a turntable. We included 6 different meshes from the Stan-
ford Scanning Repository. Figure 1 displays some results in term of
average surface accuracy (point-based RMSE) with respect to the
ground truth. In the leftmost plot we show the average error during
the training process for our model using a simple uniform sampling
and the proposed gradient-based sampling updated at each itera-
tion. As the number of iteration increases, the gradient-based sam-
pling offers a better accuracy in representing the surface. The cen-
tral plot shows the average error increasing the number of acquired
views: we report results for uniform sampling, gradient sampling
(proposed) as well as a standard point-based triangulation followed
by surface reconstruction as proposed in [KBH06]. Compared to
point-based reconstructions, our method can better represent the
object surfaces even with a smaller number of views. Finally, we
show a qualitative plot of the object "dragon" where per-vertex er-
ror is displayed for our method and the point-based one: we can
observe a relevant improvement in some areas where the acquired
point cloud is sparse due to self-occlusions. As a future work, we
plan to include a more in-depth analysis of the method capabilities,
involving experiments on the PU classification approach, a dataset
extension and real-world scenarios.
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