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Abstract

NURBS surfaces are compact parametric representa-
tions widely used in Computer-Aided Design (CAD) model-
ing. Decomposing raw 3D data measurements into a set of
such elements is a challenging problem that existing meth-
ods approach by learning from CAD databases to both seg-
ment synthetic data and fit parametric shapes on each seg-
ment. Unfortunately, these methods generalize poorly to
raw data measurements, with low robustness to imperfect
data and complex objects and low scalability. To address
this issue, we propose NURBSFIT, an algorithm that fits
NURBS surfaces to unorganized 3D point clouds, such as
those generated by laser and photogrammetry acquisition
systems. Starting with a fine configuration of planar patches
that approximate the object geometry, our algorithm per-
forms merging operations that progressively regroup pairs
of adjacent patches into fewer, more expressive NURBS sur-
faces. This process is designed to be both robust and per-
formant with a series of technical ingredients that include
an energy that controls the global quality of a configuration
of NURBS surfaces and an efficient ordering of the merging
operations based on a cost-efficient quadric surface fitting
analysis. We show the potential of our algorithm on both
synthetic and real-world data and its efficiency against ex-
isting primitive fitting methods with results both simpler and
geometrically more accurate. Our implementation is avail-
able at: https://github.com/lizOnly/nurbsfit

1. Introduction

Widely used in Computer-Aided Design (CAD) for the de-
sign and production of 3D content, Non-Uniform Rational
Basis Splines (NURBS) surfaces are powerful geometric
tools for representing 3D shapes in a compact manner. In
particular, they can be easily edited by intuitive manipula-
tion of their control points [33]. During the past few years,
these tools have shown potential in reverse CAD modeling,
to capture objects with a CAD-based representation of 3D
data measurements [6, 26, 47].

Decomposing 3D data measurements – typically point
clouds – into a set of NURBS surface patches constitutes a

Figure 1. NURBSFIT. Our algorithm decomposes a 3D point
cloud (left) into few NURBS surface patches that approximate the
shape of the observed object (right, each NURBS is represented by
a colored surface patch). The input point cloud is here generated
by MultiView Stereo from the Tanks and Temples dataset [18].

key problem in reverse CAD modeling, with multiple ob-
jectives: we seek jointly (i) fidelity with a low geometric
error between the surface patches and the input data, (ii)
simplicity with as few as possible patches to represent the
structural parts of the object, and (iii) efficiency with algo-
rithms both scalable and robust to real-world data. Exist-
ing methods [10, 22, 24, 27, 37, 46] typically learn from
CAD databases how to group input data into geometrically
regular regions and how to combine them with parametric
functions that approximate their surface. These methods
perform well on point clouds ideally sampled from simple
CAD models, but they generalize poorly to more complex
objects and scenes, and to non-synthetic point clouds. Un-
fortunately, this lack of generalization strongly limits their
usability in real-world reverse CAD applications.

To address this issue, we propose NURBSFit, an algo-
rithm designed to also fit NURBS surface patches to imper-
fect, non-synthetic point clouds. By observing that recent
planar shape detection methods offer high efficiency while
accurately approximating freeform shapes by piecewise-
planar layouts, we adopt a bend-and-merge strategy from
such planar shape configurations. Instead of considering
a data clustering problem as in previous work, our ap-
proach consists of a progressive merging of pairs of adja-
cent NURBS patches after having been bent from a set of
planar shapes. The merging operations are proposed dy-
namically and prioritized based on a cost-efficient quadric



surface fitting analysis between the patches: this accumu-
lative formulation allows us to avoid the compute-intensive
refitting of all possible pairs of NURBS patches by simply
considering sums of covariance matrices. The gain of each
proposed merge is measured over the entire configuration
of NURBS, and operated effectively when positive.

We show the potential of our algorithm on different
datasets and its efficiency against existing methods. In par-
ticular, our algorithm outperforms competitors by a large
margin on real-world input data from the KSR42 dataset [2]
while remaining competitive on synthetic point clouds sam-
pled from CAD models of the ABC dataset [19].

2. Related Work
Our review of previous work covers models to fit paramet-
ric surface primitives to 3D point clouds, as well as reverse
CAD approaches that additionally assemble primitives.

Traditional methods. They focus on fitting simple prim-
itives – mostly planes and quadrics – with fast and scalable
iterative mechanisms [17]. RANSAC [36, 41] and region
growing [28, 32] are two popular approaches widely used
on real-world scans. Such mechanisms have been extended
to also discover and enforce geometric regularities in be-
tween primitives [23, 30] or detect primitives at multiple
structural scales [9, 21]. Interestingly, GoCoPP [48] refor-
mulated the fitting problem to approximate freeform shapes
with planar primitives. Partly inspired by this approach,
our method operates on more generic NURBS primitives
that cannot efficiently and optimally be computed by prin-
cipal component analysis as for planes. This leads us to
design a smart exploration strategy instead of massively
called, cheap geometric operators as in GoCoPP. From
such generic primitives, existing works [1, 7, 49] typically
rely on mapping functions that are unlikely to parametrize
patches correctly on topologically complex shapes, and
only perform well on simple, defect-free data. In con-
trast, our approach progressively merges patches from an
initial planar approximation of the 3D shapes into NURBS
patches, without unstable mapping operators.

Neural networks. Neural models typically learn to
jointly cluster the input points, identify the primitive type of
each cluster, and estimate its primitive parameters. These
methods often differ in some key design choices that in-
clude the embedding strategy and primitive types. The de-
fault set of primitive types usually includes planes, spheres,
cylinders, and cones [22, 27, 35]. Closer to our work,
ParSeNet [37] and HPNET [46] also consider open and
closed B-splines as primitive types, while Deepspline [11]
fits both B-spline curves and surface patches. Unfortu-
nately, the efficiency of these methods quickly drops with
real-world point clouds due to (i) a low scalability (the max-
imal number of primitives and input points are limited) and

(ii) a poor generalization (training relies on point clouds ide-
ally sampled from simple CAD models, typically the ABC
dataset [19]). To our knowledge, only PrimitiveNet [15]
proposes a scalable approach by learning local surface prop-
erties that are then aggregated by region growing. However,
this hybrid approach is limited to planes and quadrics.

Reverse CAD. Reconstructing CAD models requires not
only fitting surface primitives but also assembling them
into explicit 3D representations such as polygon surface
meshes or B-Reps. For planar primitives, existing methods
typically compute exact intersections using plane arrange-
ments [2, 14, 31, 40]. This efficient strategy can also be
used for quadrics, by embedding triangle surface meshes
into a polyhedral partition [16]. The assembly of more
complex primitives such as NURBS or freeform surface
patches is a more delicate task that usually requires mesh
trimming operations [4, 26, 45]. This scenario assumes a
correct connectivity graph between primitives, which can-
not be guaranteed in practice from real-world data. Some
neural models also operate with B-Reps, by recovering ge-
ometric primitives of different orders (i.e., corners, curves,
and surface patches) and their mutual topological rela-
tions [13, 20, 24, 25], or by directly learning the topological
structure between the object parts [39, 44]. Reverse CAD
can also be done with implicit representations by neural net-
works that learn sequences of constructive solid geometry
operations [34, 38, 47] or sketch extrusions [6]. In contrast,
our work does not address the primitive assembly problem
and focuses on the robust fitting of NURBS primitives.

3. Algorithm

Our algorithm takes as input a raw 3D point cloud. Note that
the latter is not limited in size, in contrast to those processed
by neural fitting models. It returns a set of NURBS primi-
tives that approximate the input point cloud. Each primitive
is characterized by (i) a NURBS surface patch through a
sparse grid of control points Cij , and (ii) a set of inliers,
i.e., the subset of input points that are interpolated by the
NURBS surface. Similarly to robust plane and quadric fit-
ting techniques, an input point is considered an inlier if
its distance to the NURBS surface is below a user-defined

ϵ

tolerance ϵ. This tolerance adsorbs
noise and other imperfections con-
tained in 3D scanned input point
data, a high value being recom-
mended with defect-laden data. A NURBS surface patch
is defined as the tensor product of two NURBS curves, us-
ing two independent parameters u and v so that the point of
the NURBS surface at (u, v) is given by

S(u, v) =
K∑
i=1

L∑
j=1

Rij(u, v)Cij
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Figure 2. Principle of NURBSFIT. Planar primitives are detected from the input points and used as the initial configuration (colored lines,
colored points and black points correspond to the detected planes, their inliers and outliers respectively). To guide the merging process,
an adjacency graph is built and quadric surface fitting errors are computed for each primitive (respectively dash black lines and colored
ellipses in the bottom frames). The first merge is operated in between the pair of adjacent primitives with the lowest cumulated quadric
fitting error (red thick line), before updating the adjacency graph and the quadric covariance matrices. The process is repeated until no
merging operation decreases the energy further.

where Rij(u, v) are the rational basis functions. More de-
tails on NURBS are can be found in [33].

3.1. Problem Formulation

The output NURBS primitives correspond to clusters of in-
liers that are each associated with a NURBS surface patch.
We denote a configuration of NURBS primitives by x =
(S,L) where S is a set of NURBS surface patches with a
fixed number of control points living in the continuous do-
main, and L is a set of (discrete) labels that specify whether
each input point is an outlier or an inlier to one of the
NURBS surface patches Si ∈ S. We measure the quality of
a configuration x by a three-term energy U of the form

U(x) = λfUf (x) + λsUs(x) + λcUc(x), (1)

where Uf , Us and Uc are the three energy terms for fidelity,
simplicity and completeness. These terms are normalized
between 0 and 1, and weighted by corresponding factors
λf , λs, and λc. This energy directly expresses the trade-off
existing in point-based fitting problems between (i) fidelity
with NURBS surface patches close to their inliers, (ii) sim-
plicity with a low number of primitives, and (iii) complete-
ness with a low ratio of outliers.

The fidelity term measures the mean distance error be-
tween the NURBS surfaces and their associated inlier points
across all patches. It is defined as

Uf (x) =
1

nin

|S|∑
j=1

nj
in∑

i=1

dϵ(p
j
i , Sj) (2)

where |S| is the number of NURBS primitives in config-
uration x, nj

in is the number of inlier points for the j-th
NURBS patch, nin is the total number of inlier points across
all patches, and dϵ(p

j
i , Sj) is the Chamfer distance between

the inlier point pji and the NURBS surface Sj .

The simplicity term encourages configurations with a
low number of primitives and is defined as

Us(x) =
|S|
|S0|

(3)

where |S0| is the maximum number of NURBS primitives
which is set as the number of primitives in the initial con-
figuration. We explain this point later when describing the
optimization process.

The coverage term favors configurations with a high ratio
of inliers and is defined as

Uc(x) = 1− nin

n
(4)

where n is the total number of input points.

3.2. Optimization

Minimizing energy U cannot be addressed with the tradi-
tional optimization toolbox, because the configuration x
lives in a mixed continuous-and-discrete solution space of
varying dimension and U is composed of both local and
global terms. Hence, we propose an efficient exploration
mechanism specific to our problem, which is based on
successive merging operations between NURBS primitives
from a good initial configuration, as illustrated in Figure 2.

This strategy is mostly motivated by the robustness and
efficiency of recent planar shape detection methods to ac-
curately approximate free-form shapes by piecewise-planar
layouts. Such a planar patch configuration can indeed be
considered as a good oversegmentation of the solution in
which local geometry changes are likely to be captured by
multiple planar patches. Starting from such a configuration,
our exploration mechanism proposes successive merges be-
tween two adjacent patches, guided by a priority queue that
ranks all possible merges according to a quality criterion.
A suggested merge is then performed if the energy of the
resulting configuration is lower than the current one. This



mechanism iterates these proposition-decision cycles until
no proposition from the priority queue can decrease the en-
ergy anymore. The pseudocode of this mechanism is sum-
marized in Algorithm 1. We now describe in detail each
technical component of the mechanism.

Algorithm 1 Pseudocode of NURBSFIT

1: Initialize configuration x
2: Initialize adjacency graph G, energy U and priority

queue Q
3: while Q ̸= ∅ do
4: i← pop(Q)
5: Compute top merging operation i and energy U ′

6: if U ′ < U then
7: Update configuration x by applying operation i
8: Update G, U and Q

9: end while
10: Finalize the surface patches of configuration x

Initial configuration. The initial configuration x is based
on the GoCoPP planar shape detection method [48]. This
choice allows us to start with an oversegmentation of planar
patches that (i) conforms to the local shape variations within
a user-defined tolerance distance, (ii) facilitates the subse-
quent merging operations by using the planar patches to de-
fine the supporting plane of the NURBS control point grid,
and (iii) is typically of good quality even for real-world,
defect-laden input data. GoCoPP directly returns a config-
uration of the form x = (S,L) defined in Section 3.1 with
S, the set of detected planes (which are a specific case of
NURBS surfaces with co-planar control points) and L, a set
of labels that specifies whether each point is an inlier to one
of the planes or an outlier. Given this initial configuration,
we compute an initial adjacency graph G between the pla-
nar patches. In practice, two patches are adjacent if at least
a pair of their respective inlier points are adjacent in the k-
nearest neighbor graph of the input point cloud.

Merging operation. The merging of two patches
constitutes the key atomic operation of our explo-
ration mechanism, which we perform by regrouping

Initialization

Optimization

the inliers of the two patches
and then fitting a new NURBS
surface to them. As illustrated
in the inset, we first initialize the
new NURBS surface by posi-
tioning its control points on the
best-fitting plane to the merged
inliers, i.e., the one obtained by
Principal Component Analysis (middle row with control
points represented by black dots). We organize them ac-
cording to a regular grid whose borders correspond to the
smallest rectangle containing the projected inliers in the
plane. We then optimize the position of the control points

with a variant of the learning-based model NURBSDiff [5]
that we adapt to our unsupervised problem (bottom row of
the inset). In particular, we replace the L2 loss between the
control points with the Chamfer distance between the input
point cloud and a set of points sampled from the NURBS
surface. We also add a Laplacian loss term over the pre-
dicted control points to better regularize the loss function.
We weight both loss terms by λ1 = 0.9 and λ2 = 0.1
in L = λ1LCD + λ2LLap, and use gradient descent for
optimization. More details on this revisited optimizer are
given in supplementary material. In contrast to the squared
distance minimization approach [43], our reformulation of
NURBSDiff is relatively fast. Once fitted, we update the
inliers and outliers by checking if they fall inside the fitting
zone defined by ϵ, and repeat the fitting.

Priority queue. A priority queue Q sorts all possible
merges between two patches that are adjacent in G, in a de-
scending quality order where the first is best. The qual-
ity criterion typically reflects the capacity of a merge to
decrease the energy, the best merges being those with the
strongest negative energy variation between the proposed
configuration and the current one. This would require an ex-
haustive computation and evaluation of all possible merges
in G, which is unfortunately too costly. Instead, we use a
cost-efficient quadric fitting analysis based on the principles
of Taubin’s normalized quadric fitting [42] to quickly pre-
dict the relevant merges. This is similar to Garland et al.’s
mesh simplification [12] but using general quadric surfaces
and not just plane quadrics. Recently, this has also shown
potential to analyze 3D point clouds [29, 50].

The fitting error e of the best quadric surface to a group
of points is computed from a generalized eigenvalue prob-
lem. The solution is found using a vector of quadric coeffi-
cients c, a covariance matrix M, and a gradient covariance
matrix N of the points. The fitting error is computed as

e =
cTMc

cTNc
, (5)

A key advantage of this method is that the covariance matrix
and gradient matrix over a union of point sets is simply the
sum of the individual matrices. This property is particularly
appealing when groups of points are progressively merged,
as it allows a fast error update.

We then organize the priority queue so that the possible

high quadric fitting error

low quadric fitting error

merges in G are sorted from the
lowest fitting error (Eq. 5) to the
highest one. As illustrated in the
inset, we favor merging between
two patches that have a similar
continuous geometry (bottom) and
penalize those with distinct shapes
separated by sharp creases (top). Experiments measuring
the impact of this quadric fitting-based strategy are provided



in supplementary material, as well as details on the quadric
fitting and error computation.

After assigning covariance and gradient covariance ma-
trices to each initial patch of a configuration x, we initialize
the priority queue Q by computing the quadric fitting error
of each possible merge (i.e., an edge of the adjacency graph
G) and sorting the merges by ascending error.

Updates. When a merging proposition at the top of the
priority queue allows an energy decrease, the merging oper-
ation becomes effective and the configuration x is updated
accordingly. Otherwise, the operation is discarded. The ad-
jacency graph G is also updated by collapsing the edge asso-
ciated with the merge. We finally update the priority queue
Q by (i) removing all merges associated with one of the two
former surface patches, (ii) recomputing the quadric fitting
error of the merges affecting the new NURBS surface patch,
and (iii) sorting these merges in the priority queue accord-
ing to their error. Optionally, we can discard merges with a
too high quadric-fitting error in order to converge faster.

Stopping criterion. The exploration mechanism stops
when there are no proposed merges in the priority queue
that can decrease energy.

Finalization. Once the exploration mechanism has con-
verged, we refine the borders of each NURBS patch by
removing parts that do not contain inlier points. More
concretely, this trimming process first projects the inlier
points into the UV-space of the NURBS surface and com-
putes their boundary by Alpha-shape [8]. This alpha shape
boundary is then intersected in the UV-space with the grid-
based mesh of the NURBS patch via a constrained Delau-
nay triangulation. Only the triangle facets located inside the
alpha shape are then kept. These 2D UV-triangles are then
lifted back to 3D to form the refined mesh-based represen-
tation of the NURBS patch.

Optimality. Our exploration mechanism is local and does
not guarantee to find the globally optimal solution. It relies
upon the presence of a good initial configuration, which is a
reasonable assumption given the capacity of GoCoPP to be
robust to imperfect data and to approximate the local geom-
etry while preserving sharp creases. In particular, Figure 3
illustrates this preservation capacity at various fitting toler-
ances, which is an important property to fit NURBS patches
on object parts of varying size. Note that the use of a non-
local optimization algorithm such as a Monte Carlo Tree
Search [3] is also possible. In practice, however, such a
strategy increases processing time by several orders of mag-
nitude for a final configuration that is only marginally better.

4. Experiments
Implementation details. NURBSFIT has been imple-
mented in Python. Our experiments were conducted on a

Initial planar patches Output NURBS patches

Figure 3. Initialization with configurations of varying complexity.
Initial planar patches (left) partition the input point cloud (top left)
while preserving the sharp creases, as we can see at the junction
between the avocado stone and the slice or between the slice and
the skin where no planar patch overlaps. This property is valid
from fine (top) to coarse (bottom) initial configurations, which al-
lows our algorithm to output consistent NURBS patches (right).
Model from the ABC dataset.

standard desktop PC with an Intel Core i7-10700K CPU
clocked at 3.8GHz with 32GB of RAM memory and an
NVIDIA RTX 3090 GPU running Ubuntu. In all experi-
ments, we fixed the number of control points per NURBS
patches to a 4 × 4 grid and the tolerance of a fit ϵ to 1% of
the bounding box diagonal to produce results with a level
of detail similar to that of competitors. Experiments on the
impact of grid size and fitting tolerance are provided in the
supplementary material. The energy weights λf , λs and λc

were set to 0.1, 0.4 and 0.5 respectively on synthetic data,
and to 0.3, 0.4 and 0.3 on real-world data where fidelity is
arguably more important than simplicity. For initialization,
we used GoCoPP [48] in its default setting, except for the
fitting parameter that we fixed as the value of ϵ for real-
world data, and as twice its value for synthetic data. This
choice is motivated by the fact that synthetic models are
significantly simpler and require fewer initial patches.

Datasets. We evaluated our algorithm on the ABC [19]
and KSR42 [2] datasets. The former is composed of sim-
ple CAD models from which we randomly selected 1,800
models to sample (synthetic) point clouds. The latter cor-
responds to 42 laser scans and point clouds generated by
Multiview Stereo on more challenging objects and scenes.
We excluded the irrelevant point clouds for our tasks, i.e.,
those describing piecewise planar structures such as indoor
scenes, and kept the freeform objects only. For fair compar-
isons, we down-sampled these point clouds to 10k points so
that they can be processed by the existing methods.

Evaluation metrics. We used five metrics to evaluate the
quality of the fitting. Three of them directly relate to the
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Figure 4. Visual comparisons on some synthetic (top) and real-world (bottom) models. Existing approaches suffer from various issues,
especially on the real-world data: imprecise segmentation (ParSeNet), overly complex decomposition (ComplexGen, with the geometric
refinement activated) and approximate fitting (Point2CAD). In contrast, our method produces simple and accurate configurations of prim-
itives without generalization issues between synthetic and real world data. The geometric accuracy of the primitives are illustrated by the
yellow-to-black point clouds showing the Chamfer distance from the input points to the output primitives (yellow: no error, black: ≥ 5%
of the bounding box diagonal). Note that the Point2CAD results use ParSeNet as input segmentation for the three synthetic models (top)
and our segmentation for the real-world ones (bottom).

objectives of fidelity, simplicity and completeness of our
energy minimization problem. The fidelity error EFid mea-
sures the mean distance between the output surface and the
inliers, i.e., the input points located at a distance lower than
ϵ from the output surface. The simplicity and completeness
scores correspond to the number of output NURBS patches
and the ratio of inliers, respectively. We also derived the P-
coverage score used in [37] into two new metrics P i

cov and

P o
cov to better distinguish between precision and recall with

respect to input data. In fact, P i
cov corresponds to the origi-

nal P-coverage score [37] with an asymmetric Chamfer dis-
tance from input to output. This measure penalizes missing
(or partially missing) primitives. In contrast, P o

cov uses the
asymmetric Chamfer distance from the output to the input
so that primitives too large and complex return a low score.
Detailed formulas of these scores are given in SM.



ABC dataset [19] KSR42 dataset [2]
EFid (↓) Compl. (↑) P i

cov (↑) P o
cov (↑) |N | EFid (↓) Compl. (↑) P i

cov (↑) P o
cov (↑) |N |

ParSeNet [37] 24.7 69.2 55.2 53.9 10.6 50.2 12.4 25.0 10.9 2.0
ComplexGen [13] 47.3 35.7 21.5 21.9 26.7 47.5 28.0 20.0 18.0 56.7
ComplexGen+ [13] 29.5 72.1 33.3 43.3 26.7 33.4 74.9 32.6 40.9 56.7
Point2CAD [26] 15.6 87.7 54.1 63.7 10.6 48.6 25.1 22.7 19.4 2.0
Point2CAD⋆ [26] 23.7 81.2 43.6 57.1 7.4 28.1 85.0 47.3 63.2 31.2
GoCoPP [48] 31.2 78.4 64.1 61.2 18.7 13.4 91.7 58.1 45.1 158.7
Ours 28.7 85.1 74.7 69.3 7.4 25.6 94.9 88.9 79.0 31.2

Table 1. Quantitative comparisons on ABC and KSR42. The scores are expressed in percent, except for |N | that refers to the average
number of primitives. The geometric refinement module is activated for ComplexGen+ and deactivated for ComplexGen. Point2CAD and
Point2CAD⋆ use the point segmentation of ParSeNet and of our algorithm respectively. Bold and underlined values indicate the best and
second best scores respectively.

Methods. We compared our algorithm to the primitive
fitting methods ParSeNet [37], ComplexGen [13] which
also refines primitives with mesh trimming operations, and
Point2CAD [26] which combines quadric primitives with
fine mesh patches. We used the authors’ models pre-trained
on the ABC dataset [19] under the same data split for
ParSeNet and ComplexGen. For the latter, two variants
were considered: with and without the activation of the ge-
ometric refinement module. For Point2CAD, we used the
author’s version with two variants of input segmentation:
one given by ParSeNet, and one by our algorithm. To mea-
sure the gain with our initialization, we also included Go-
CoPP [48] as a comparative method.

Results. Table 1 presents quantitative results on the two
datasets while Figure 4 shows the visual quality of the re-
sults on some representative models.

On the ABC dataset, our method exhibits a good capac-
ity to describe objects accurately with a few NURBS prim-
itives, with both the lowest average number of primitives
and the highest asymetric P-coverage scores. Complex-
Gen [13] tends to produce an overly complex description of
objects with redundant approximate primitives. The activa-
tion of the geometric refinement module helps primitives to
be more accurately fitted to the input points but does not al-
low a reduction in the number of primitives. ParSeNet [37]
returns more simple solutions that better cover input data
than ComplexGen [13]. In particular, the input points are

Figure 5. Visual results on Thingi10k models. Note in particular
how each helice blade is represented by one NURBS patch in the
middle model.

clustered more accurately, as shown in Figure 4 with more
nicely decomposed objects. Point2CAD [26], when com-
bined with ParSeNet segmentation, even improves the qual-
ity of the fit, both in terms of fidelity and completeness.
This gain is partly explained by the higher expressiveness
of the (nonparametric) mesh patches. Although geometri-
cally accurate, Point2CAD often suffers from confusion on
the primitive type, as shown in Figure 4 where the cylin-
drical part of the second top model is captured by a conical
primitive. Since our primitives are NURBS patches, we are
not affected by this issue, which typically degrades the P-
coverage scores. Finally, it is interesting to note that our
method strongly improves all the accuracy scores compared
to the GoCoPP initialization, while reducing the number of
primitives by more than half.

Our algorithm performs best on real-world point clouds
generated by common acquisition systems. The gain is
high for all the evaluation metrics, and particularly for the
asymmetric P-coverage scores. Only ParSeNet [37] and
Point2CAD [26] with ParSeNet input segmentation exhibit
a lower average number of primitives, that is, 2.0: this ex-
cessively low number illustrates the inability of ParSeNet
to correctly decompose complex unseen objects. Broadly
speaking, learning-based methods generalize poorly to real-
world point clouds in which the object decomposition into
parts is more difficult. ComplexGen produces overly com-
plex results with at least twice as many primitives as our re-
sults, while Point2CAD, even with our input segmentation,
often fails to fit geometrically accurate primitives. The Go-
CoPP initialization exhibits good robustness to real-world
data with, in particular, a low fidelity error. Our algorithm
exploits this robustness property while consolidating com-
pleteness and Pcov scores by a large margin and reducing
the number of primitives by a factor five.

Figure 5 shows that the unsupervised nature of our al-
gorithm offers good generalization capacity on a wide va-
riety of shapes, including CAD-based models from the
Thingi10k dataset [51] which are significantly more com-
plex than those of the ABC dataset.



Scalability. While the comparative study was done on
smaller data (10k points to satisfy the conditions of the
other methods), our algorithm works on much larger data.
As shown in Figure 6, it can digest input points of several
order magnitudes larger than the existing approaches and
process complex initial configurations with sub-linear scal-
ability behavior. Note that a high number of initial planar
patches allows a more accurate description of the complex
models. In contrast, a low number is usually preferable with
simple models as it reduces processing time without impact-
ing the output quality, as illustrated with the sphere model.

Application scenarios. Our primary objective in fitting
NURBS is reverse CAD. To fully reach this goal, a ro-
bust assembly method is required to produce standard
(connectivity-aware) CAD-based
representations, not just a set of
disconnected NURBS patches.
We leave this challenging task for
future work. Other potential uses
of NURBSFIT include (i) editing
shapes by intuitive manipulation
of the NURBS control points, as
exemplified in the inset where a
few clicks allow us to modify the
shape and orientation of the tail
(control points are represented by
red dots), (ii) segmenting point
clouds or (iii) compressing 3D data with a lightweight
representation made by a control point sequence.

Limitations. Our algorithm has some shortcomings.
Firstly, in our implementation, the number of control points
per NURBS patch is fixed. Ideally, this number should vary
according to the local geometry of the shape. However, ad-
justing the degree of NURBS without degrading the per-
formance of the exploration mechanism is a difficult chal-
lenge. Secondly, our NURBS patches are necessarily open
surfaces. Thus, a closed revolution surface is typically rep-
resented by one NURBS patch with disconnected borders
or two NURBS patches, as illustrated in Figure 6 (see the
right sphere). Third, while our algorithm is scalable and can
digest large point clouds, it remains relatively slow, requir-
ing typically a few minutes to process hundreds of thousand
input points. For large point clouds, it is therefore recom-
mended to start from a coarse planar patch configuration
to reduce the number of merging operations. Note that the
experiments were conducted with a basic sequential imple-
mentation that we did not optimize with a parallelization of
the geometric operations.

5. Conclusion
We presented NURBSFIT, an unsupervised method for
fitting NURBS surfaces to 3D point clouds. Our algo-

# input points

10k points
t: 1.8 min

100k points
t: 7.9 min

1M points
t: 32.2 min

|x0|: 6
t: 14 sec

|x0|: 50
t: 1.9 min

|x0|: 500
t: 11.3 min

# initial planar patches |x0|

Figure 6. Scalability analysis. The size of input data (top) and
the number of initial planar patches (bottom) have a direct impact
on the performances of our algorithm. A similar number of initial
patches were used in the top experiment whereas the same 50K
input points sampled on a sphere were used for the bottom one. t
refers to the total processing time (including initialization).

rithm consists of a progressive merging of pairs of adjacent
NURBS patches that is guided by a cost-efficient quadric
fitting analysis and controlled by an energy measuring the
quality of the NURBS patch configurations. We showed
the robustness and scalability of our algorithm on both syn-
thetic and real-world data, as well as its competitiveness
against existing approaches, especially from imperfect point
clouds generated by standard acquisition systems. This
opens the door to designing alternative strategies to deep
learning reverse CAD methods that mostly operate on sim-
ple CAD models from synthetic point clouds only.

In future work, we will investigate how to adjust the
number of control points per NURBS patches in an effi-
cient manner, potentially using a scale-space analysis of
the input data. We will also work on the assembly of our
NURBS patches into explicit CAD representations. Tradi-
tionally performed by error-prone trimming operations, we
will investigate a more robust strategy via the construction
of a space-partitioning data structure that conforms to the
NURBS surface patches.
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