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CAP-UDF: Learning Unsigned Distance Functions
Progressively From Raw Point Clouds With

Consistency-Aware Field Optimization
Junsheng Zhou, Baorui Ma , Shujuan Li, Yu-Shen Liu , Member, IEEE, Yi Fang , and Zhizhong Han

Abstract—Surface reconstruction for point clouds is an impor-
tant task in 3D computer vision. Most of the latest methods resolve
this problem by learning signed distance functions from point
clouds, which are limited to reconstructing closed surfaces. Some
other methods tried to represent open surfaces using unsigned
distance functions (UDF) which are learned from ground truth
distances. However, the learned UDF is hard to provide smooth
distance fields due to the discontinuous character of point clouds.
In this paper, we propose CAP-UDF, a novel method to learn
consistency-aware UDF from raw point clouds. We achieve this
by learning to move queries onto the surface with a field consis-
tency constraint, where we also enable to progressively estimate a
more accurate surface. Specifically, we train a neural network to
gradually infer the relationship between queries and the approx-
imated surface by searching for the moving target of queries in
a dynamic way. Meanwhile, we introduce a polygonization algo-
rithm to extract surfaces using the gradients of the learned UDF.
We conduct comprehensive experiments in surface reconstruction
for point clouds, real scans or depth maps, and further explore
our performance in unsupervised point normal estimation, which
demonstrate non-trivial improvements of CAP-UDF over the state-
of-the-art methods.

Index Terms—Normal estimation, point clouds, scene reconst-
ruction, surface reconstruction, unsigned distance functions.

I. INTRODUCTION

R ECONSTRUCTING surfaces from 3D point clouds is
vital in 3D vision, robotics and graphics. It bridges the gap

between raw point clouds that can be captured by 3D sensors
and the editable surfaces for various downstream applications.
Recently, Neural Implicit Functions (NIFs) have achieved
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promising results by training deep networks to learn Signed
Distance Functions (SDFs) [1], [2], [3], [4] or occupancies [5],
[6], [7], [8]. With the learned NIFs, we can extract a polygon
mesh as a continuous iso-surface of a discrete scalar field
using the marching cubes algorithm [9]. However, the NIFs
approaches based on learning internal and external relations
can only reconstruct closed surfaces. The limitation prevents
NIFs from representing most real-world objects such as cars
with inner structures, clothes with unsealed ends or 3D scenes
with open walls and holes.

As a remedy, state-of-the-art methods [10], [11], [12] learn
Unsigned Distance Functions (UDFs) as a more general repre-
sentation to reconstruct surfaces from point clouds. However,
these methods can not learn UDFs with smooth distance fields
near surfaces, due to the discontinuous character of point clouds,
even using ground truth distance values or large scale meshes
during training. Moreover, most UDF approaches failed to ex-
tract surfaces directly from unsigned distance fields. Particu-
larly, they rely on post-processing such as generating dense
point clouds from the learned UDFs for Ball-Pivoting-Algorithm
(BPA) [13] to extract surfaces, which is very time-consuming
and also leads to surfaces with discontinuity and low quality.

To solve these issues, we propose a novel method named
CAP-UDF to learn Consistency-Aware UDFs Progressively
from raw point clouds. We learn to move 3D queries to reach
the approximated surface progressively with a field consistency
constraint, and introduce a polygonization algorithm to extract
surfaces from the learned UDFs from a new perspective. Our
method can learn UDFs from a single point cloud without
requiring ground truth unsigned distances, point normals, or a
large scale training set. Specifically, given queries sampled in
3D space as input, we learn to move them to the approximated
surface according to the predicted unsigned distances and the
gradient at the query locations. More appealing solutions [14],
[15], [16], [17] have been proposed to learn SDFs from raw point
clouds by inferring the relative locations of a query and its closest
point in the point cloud. However, since the raw point cloud is
a highly discrete approximation of the surface, the closest point
of the query is always inaccurate and ambiguous, which makes
the network difficult to converge to an accurate UDF due to the
inconsistent or even conflicting optimization directions in the
distance field.

Therefore, in order to encourage the network to learn a
consistency-aware and accurate unsigned distance field, we
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propose to dynamically search the optimization target with a spe-
cially designed loss function constraining the consistency in the
field. We also progressively infer the mapping between queries
and the approximated zero iso-surface by using well-moved
queries as additional priors for promoting further convergence.
To extract a surface in a direct way, we propose to use the gradient
of the learned UDFs to determine whether two queries are on
the same side of the approximated surface or not. In contrast
to NDF [10] which also learns UDFs but outputs dense point
clouds for BPA [13] to generate meshes, our method shows great
advantages in efficiency and accuracy due to the straightforward
surface extraction.

With the ability of learning a consistency-aware and accurate
unsigned distance field, we make a step forward and extend our
method [18] for unsupervised point normal estimation, where
our superior performance is demonstrated by both quantitative
and qualitative results with the state-of-the-art unsupervised
and supervised normal estimation methods. Furthermore, we
evaluate the performance of our method using point clouds from
depth sensors and show great advantages over the state-of-the-
art NeRF-based [19] or TSDF-based [20], [21] methods using
RGB-D images, where we only take depth maps as input without
requiring colored images.

Our main contributions can be summarized as follows.
� We propose a novel neural network named CAP-UDF that

learns consistent-aware UDFs from raw point clouds with-
out requiring ground truth distance values or point normals.
Our method gradually infers the relationship between 3D
query locations and the approximated surface with a field
consistent loss.

� We introduce an algorithm for directly extracting high-
fidelity iso-surfaces with arbitrary topology using the gra-
dients of the learned UDFs.

� We conduct comprehensive experiments in surface recon-
struction for synthetic point clouds, real scans or depth
maps, and further explore our performance in the unsu-
pervised point normal estimation task. The experimental
results demonstrate our significant improvements over the
state-of-the-art methods under the widely used bench-
marks.

II. RELATED WORKS

Surface reconstruction from 3D point clouds has been studied
for decades. Classic optimization-based methods [13], [22],
[23], [24] tried to resolve this problem by inferring continuous
surfaces from the geometry of point clouds. With the rapid
development of deep learning [25], [26], [27], [28], [29], [30],
[31], [32], [33], the neural networks have shown great potential
in reconstructing 3D surfaces [18], [34], [35], [36], [37], [38],
[39], [40], [41], [42], [43], [44], [45]. In the following, we will
briefly review the studies of deep learning based methods.

A. Neural Implicit Surface Reconstruction

In the past few years, a lot of advances have been made in 3D
surface reconstruction with Neural Implicit Functions (NIFs).
The NIFs approaches [1], [2], [5], [6], [7], [46], [47], [48],

[49] use either binary occupancies [5], [6], [7], [8] or signed
distance functions (SDFs) [1], [2], [3], [4] to represent 3D shapes
or scenes, and then use the marching cubes [9] algorithm to
reconstruct surfaces from the learned implicit functions. Earlier
studies [1], [5], [8] use an encoder [5], [8] or an optimization
based method [1] to embed the shape into a global latent code,
and then use a decoder to reconstruct the shape. To obtain
more detailed geometry, some methods [2], [7], [46], [50], [51],
[52], [53], [54], [55] proposed to leverage more latent codes
to capture local shape priors. To achieve this, the point cloud
is first split into different uniform grids [2], [46], [53] or local
patches [50], [51], [52], and a neural network is then used to
extract a latent code for each grid/patch. Some recent methods
propose to learn NIFs from a new perspective, such as im-
plicit moving least-squares surfaces [47], differentiable poisson
solver [56], iso-points [57], point convolution [58] or predictive
context learning [54]. However, the NIFs approaches can only
represent closed shapes due to the characters of occupancies and
SDFs.

B. Learning Unsigned Distance Functions

To model general shapes with open and multi-layer surfaces,
NDF [10] learns unsigned distance functions to represent shapes
by predicting an unsigned distance from a query location to
the continuous surface. However, NDF merely predicts dense
point clouds as the output, which requires time-consuming
post-processing for mesh generation and also struggles to retain
high-quality details of shapes. In contrast, our method is able
to extract surfaces directly from the gradients of the learned
UDFs. Following studies use image features [11] or query side
relations [59] as additional constraints to improve reconstruction
accuracy, some other works advance UDFs for normal estima-
tion [12] or semantic segmentation [60]. However, these meth-
ods require ground truth unsigned distances or even a large scale
meshes during training, which makes it hard to provide smooth
distance fields near the surface due to the discontinuous character
of point clouds. While our method does not require any addi-
tional supervision but raw point clouds during training, which
allows us to reconstruct surfaces for real point cloud scans. In
a differential manner, a concurrent work named MeshUDF [61]
meshes UDFs from the dynamic gradients during training using
a voting schema. On the contrary, we learn a consistency-aware
UDF first and extract the surface from stable gradients during
testing. Moreover, our surface extraction algorithm is simpler
to use, which is implemented based on the marching cube
algorithm.

C. Surface Reconstruction From Raw Point Clouds

Learning implicit functions directly from raw point clouds
without ground truth signed/unsigned distances or occupancy
labels is more challenge. Current studies introduce sign agnostic
learning with a specially designed network initialization [14],
constraints on gradients [16] or geometric regularization [15]
for learning SDFs from raw data. Neural-Pull [17] uses a new
way of learning SDFs by pulling nearby space onto the sur-
face. However, they aim to learn signed distances and hence
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Fig. 1. Overview of CAP-UDF. Given a 3D query qi � Q1 as input, the neural network predicts the unsigned distance f(qi) of qi and moves qi against the
direction of gradient at qi with a stride of f(qi). The field consistency loss is then computed between the moved queries q�i and the target point cloud P as the
optimization target. After the network converges in the current stage, we update P with a subset of q�i as additional priors to learn more local details in the next
stage. Finally, we use the gradients of the learned UDFs in the field to model the relationship between different 3D grids and extract iso-surfaces.

can not reconstruct complex shapes with open or multi-layer
surfaces. In contrast, our method is able to learn a continuous
unsigned distance function from point clouds, which allows
us to reconstruct surfaces for shapes and scenes with arbitrary
typology.

III. METHOD

In this section, we present CAP-UDF, a novel framework
to learn consistency-aware UDFs progressively from raw point
clouds. We introduce the schema of learning UDFs from raw
point clouds in Section III-A with the consistency-aware field
optimization shown in Section III-B. We propose the progressive
surface approximation strategy in Section III-C. The gradient-
based surface extraction algorithm for UDFs is described in Sec-
tion III-D. We further extend CAP-UDF to unsupervised point
normal estimation in Section III-E. The overview of CAP-UDF
is shown in Fig. 1.

Method overview: We design a neural network to learn UDFs
that represent 3D shapes and scenes. Given a 3D query location
q = [x, y, z], a learned UDF f predicts the unsigned distance
value s = f(q) � R. Current methods rely on ground truth
distance values generated from continuous surfaces and employ
a neural network to learn f as a regression problem. Different
from these methods, we aim to learn f from a raw point cloud
P = {pi, i � [1, N ]} without using ground truth unsigned dis-
tances. Furthermore, these methods require post-processing [10]
or additional supervision [59] to generate meshes. On the con-
trary, we introduce an algorithm to extract surfaces directly from
f using the gradient field �f .

A. Learn UDFs From Raw Point Clouds

We introduce a novel neural network to learn a continuous
UDF f from a raw point cloud. We demonstrate our idea us-
ing a 2D point cloud S in Fig. 1(a), where S indicates some
discrete points of a continuous surface. Specifically, given a
set of query locations Q = {qi, i � [1,M ]} which is randomly
sampled around S, the network moves qi against the direction of
the gradient gi at qi with a stride of predicted unsigned distance
value f(qi). The gradient gi is a vector that presents the partial
derivative of f at qi = [xi, yi, zi], which can be formulated as
gi = �f(qi) = [�f/�x, �f/�y, �f/�z]. gi indicates the direc-
tion of the greatest unsigned distance change in 3D space, which
points the direction away from the surface, therefore moving qi
against the direction of gi will find a path to the surface of S.
The moving operation can be formulated as:

zi = qi � f(qi) ×�f(qi)/||�f(qi)||2, (1)

where zi is the location of the moved query qi, and
�f(qi)/||�f(qi)||2 is the normalized gradient gi, which indi-
cates the direction of gi. The moving operation is differentiable
in both the unsigned distance value and the gradient, which
allows us to optimize them simultaneously during training.

The four examples in Fig. 2 show the distance fields learned
by Neural-Pull [17], SAL [14], NDF [10] and our method for
a sparse 2D point cloud P which only contains 13 points. One
main branch to learn signed or unsigned distance functions for
point clouds is to directly minimize the mean squared error
between the predicted distance value f(qi) and the Euclidean
distance between qi and its nearest neighbour in P , as proposed
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Fig. 2. The level-sets show the distance fields learned by (a) Neural-Pull,
(b) SAL, (c) NDF, and (d) Ours. The color of blue and red represent positive
and negative distance, respectively. The darker the color, the closer it is to the
approximated surface.

in NDF and SAL. However, as shown in Fig. 2(c), NDF leads
to an extremely discrete distance field. To learn a continuous
distance field, NDF introduces ground truth distance values
extracted from the continuous surface as extra supervision,
which prevents it from learning from raw point clouds. SAL
shows a great capacity in learning SDFs for watertight shapes
using a carefully designed initialization. However, as shown in
Fig. 2(b), SAL fails to converge to a multi-part structure since the
network is initialized as a single layer shape prior. Neural-Pull
uses a similar way as ours to pull queries onto the surface,
thus also learns a continuous signed distance field as shown in
Fig. 2(a). However, the nature of SDF prevents Neural-Pull from
reconstructing open surfaces like the “1�� on the left of Fig. 2(a).
As shown in Fig. 2(d), our method can learn a continuous level
set of distance field and can also represent open surfaces.

One way to extend Neural-Pull directly to learn UDFs is to
predict a positive distance value for each query and pull it to
the nearest neighbour in P . However, for shapes with complex
topology, this optimization is often ambiguous due to the dis-
continuous character of raw point clouds. Hence, we resolve this
problem by introducing consistency-aware field learning.

B. Consistency-Aware Field Learning

Neural-Pull leverages a mean squared error to minimize the
distance between the moved query zi and the nearest neighbour
ni of qi in P :

L =
1
M

�

i�[1,M ]

||zi � ni||22. (2)

Fig. 3. Illustration of optimizing with different losses. (a) The initial distance
field. (b) The distorted field with local minimum caused by inconsistent opti-
mization with naive loss in (2). (c) Optimizing with our consistency-aware loss
in (3) leads to correct and continuous distance field.

However, the direct optimization of the loss in (2) will form a
distorted field and lead some queries to get stuck in the local
areas due to the conflict optimization which makes the network
difficult to converge. We show a 2D demonstration of learning
UDFs for a double-deck wall using the loss (2) in Fig. 3(b).
Given p1 and p2 as two discrete points in two different decks
of the wall, q1 and q2 are two queries whose closest neighbours
are p1 and p2, respectively. Optimizing the network using q1
and q2 by minimizing (2) or our proposed loss in (3) will
lead to an unsigned distance field as in Fig. 3(a). Assuming
in the next training batch, q3 and q4 are two queries whose
closest neighbours are p3 and p4. If we use the loss in (2),
the optimization target of q3 is to minimize L = ||z3 � p3||22.
Notice that the target point p3 is located on the lower surface,
however the opposite direction of gradient around q3 is upward
at this moment. Therefore, the partial derivative �L/�z3 leads to
a decrease in the unsigned distance value f(q3) predicted by the
network. The case of q4 is optimized similarly. An immediate
consequence is that the inconsistent optimization directions will
form a distorted fields that has local minima of unsigned distance
values at q3 and q4 as in Fig. 3(b). However, this situation causes
other query points around point q3 or q4 to get stuck in the
distorted fields and unable to move to the correct location, thus
making the network hard to converge.

To address this issue, we propose a loss function which can
keep the consistency of unsigned distance fields to avoid the con-
flicting optimization directions. Specifically, instead of strictly
constraining the convergence target before forward propagation
as (2), we first predict the moving path of a query location qi
and move it using (1) to zi, then look for the surface point
pi in P which is the closest to zi and minimize the distance
between zi and pi. As shown in Fig. 3(c), after moving q3 against
the gradient direction with a stride of f(q3) to z3, the closest
surface point of z3 lies on the upper deck, so the distance fields
remain continuous and are optimized correctly. In practice, we
can achieve this by using the Chamfer distance as a loss function,
formulated as:

LCD =
1
M

�

i�[1,M ]

min
j�[1,N ]

||zi � pj ||2
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