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Abstract:

The segmentation and fitting of solid primitives to 3D point clouds is a complex task. Existing systems are
restricted either in the number of input points or the supported primitive types. This paper proposes a hybrid
pipeline that is able to reconstruct spheres, bounded cylinders and rectangular cuboids on large point sets. It
uses a combination of deep learning and classical RANSAC for primitive fitting, a DBSCAN-based clustering
scheme for increased stability and a specialized Genetic Algorithm for robust cuboid extraction. In a detailed
evaluation, its performance metrics are discussed and resulting solid primitive sets are visualized. The paper
concludes with a discussion of the approach’s limitations.

1

INTRODUCTION

The reconstruction of geometric primitives from 3D
point clouds is important in quality assurance and reverse engineering of mechanical structures and plays
a key-role for a lot of computer aided design modelling tasks. Building a robust primitive reconstruction pipeline is complex: It needs to account for noise
in the input point cloud, find all potential primitives
and estimate their parameters as precisely as possible.
We propose a hybrid pipeline for the robust segmentation and fitting of solid primitives that combines
the strengths of multiple approaches with a new technique for rectangular cuboid (or simply cuboid) generation based on Evolutionary Computing. A deep
neural network is adapted and trained to label points
from a point cloud with associated primitive types
(cylinder, sphere, plane). Then, the point cloud is
clustered based on point coordinate, surface normal
and primitive type label. A classic approach (efficient
RANSAC (Schnabel et al., 2007)) for primitive fitting
is applied to each cluster. Since the primitive fitting
step does not generate closed solids, we introduce an
additional step that estimates the height of cylinders
and generates cuboids based on fitted planes using a
Genetic Algorithm (GA).
The paper makes the following contributions:
• A modified deep neural network for primitive type
detection together with a fast training data set gen-

erator and a partitioning scheme for better scalability with respect to input point cloud size.
• An improved primitive fitting method that uses
density-based clustering to stabilize the stochastic
fitting process and to decrease parameter sensitivity.
• A cuboid generation scheme based on a GA that
assembles fitted planes to form cuboids.
• A full pipeline for the segmentation and fitting
of solid primitives that combines state-of-the-art
techniques with the aforementioned, newly developed components.
The rest of the paper is structured as follows: We review related works in Section 2. Section 3 describes
the tools that we use, followed by our proposed segmentation and fitting pipeline in Section 4. The evaluation (Section 5) discusses experimental results and
limitations. A conclusion together with future work is
given in Section 6.

2

RELATED WORK

Segmentation, primitive detection and primitive fitting are well studied problems in computer graphics,
computer aided design and related engineering disciplines. Several solutions have been proposed over the
years. In the following, we list some of the most rele-
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vant works. The reader is also referred to the surveys
on mesh segmentation (Shamir, 2008) and primitive
detection (Kaiser et al., 2019) for a broader overview
of existing works.

2017). Contrary to these approaches, our method is
not limited to cuboids. Additionally, we have no limitations, such as, all planes are required to be orthogonal to the main axes.

2.1

2.2 Machine Learning Approaches

Geometric Approaches

Segmentation, primitive detection and fitting are
some of the necessary steps in reverse engineering of
3D data, which is the process of recovering a computer model of a 3D shape from acquired data. See,
for example, (Várady et al., 1998; Marshall et al.,
2001; Benkő et al., 2001) and the references therein.
More recently, these problems of segmentation
and primitive detection have gained interest in the
computer graphics community. Some of the works
are only concerned with the segmentation of the input
point cloud (or triangle mesh) and assigning a primitive type (e.g. cylinder, plane, torus) to each cluster as, for example, in (Cohen-Steiner et al., 2004;
Lavoué et al., 2005).
For other applications, it is also necessary to recover the parameters (e.g. the radius and center of a
sphere) defining the primitives (Vanco and Brunnett,
2004; Attene et al., 2006; Schnabel et al., 2007; Li
et al., 2011; Le and Duan, 2017) in addition to the
segmentation and assignment of a primitive type to
each point.
A popular family of approaches relies on
RANSAC (Fischler and Bolles, 1981) and its variants. The efficient RANSAC method (Schnabel et al.,
2007) is a very fast RANSAC-based approach for
detecting primitives of different types in a 3D point
cloud, and recovering the corresponding parameters.
This approach is improved in (Li et al., 2011) by enforcing additional constraints during the fitting process (e.g. parallelism of the cylinders’ main axes).
There are two differences between these approaches
and ours: First, we apply RANSAC to a pre-clustered
(by primitive type) point cloud, which allows us to
limit the primitives to try and make the process more
robust and less parameter sensitive. Second, unlike
RANSAC that fits unbounded primitives (planes, unbounded cylinders, . . . ), we generate bounded primitives, in particular planes that are combined into
cuboids.
In some application domains, additional constraints are imposed on the primitives in consideration. For example, in the reconstruction of buildings
from 3D point clouds, only planes need to be detected
and fitted, see e.g. (Monszpart et al., 2015; Oesau
et al., 2016). These planes are then combined to form
cuboids (Xiao and Furukawa, 2014; Li et al., 2016)
or more complex polyhedral shapes (Nan and Wonka,

With the increase of available 3D data sets, learning based approaches have gained interest as possible
techniques for primitive detection and fitting.
Earlier works, such as (Kalogerakis et al., 2010;
Kim et al., 2013), are based on traditional machine
learning techniques for learning segmentation and labelling (Kalogerakis et al., 2010) or template shapes
corresponding to each part (Kim et al., 2013).
Most of the recent approaches are based on deep
learning, however. Segmentation of point clouds using deep learning is proposed in the PointNet (Qi
et al., 2017a) and PointNet++ (Qi et al., 2017b) papers.
In (Li et al., 2019), Li et al. propose an end-to-end
learning framework for segmenting, detecting and fitting primitives (plane, sphere, cylinder and cone) in
3D point clouds. It is interesting to note that this
approach relies on the point coordinates only, while
most methods (including the more classic and geometric approaches) usually assume as well the presence of the surface normal at each point in the input point cloud. Other approaches, such as (Zou
et al., 2017; Tulsiani et al., 2017), try to approximate the input 3D shape by predicting a collection
of cuboids. The approach described in (Paschalidou
et al., 2019) extends the previous works by replacing cuboid primitives with superquadric primitives.
Generalizing these primitives leads to the learning of
shape templates (Genova et al., 2019). Compared to
these approaches, our method is not limited to a single
primitive type (e.g. cuboids). Additionally, there is no
restriction on the size of the input point cloud, which
these deep learning-based methods usually have.

3

BACKGROUND

In this section, we give a brief description of the tools
that are used in our approach described in Section 4.

3.1 Farthest Point Sampling
Farthest Point Sampling (FPS) is used as in (Qi et al.,
2017a) to down-sample a point cloud to k points while
still covering a certain surface area uniformly. It is
based on the idea of iteratively selecting the next sample as the farthest away point from the set of points
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selected so far. We use a greedy implementation with
a O (n2 ) computational complexity (n is the number
of points in the point cloud to be down-sampled) that
meets our requirements in terms of point cloud size
and running time.

3.2

DBSCAN

Density Based Spatial Clustering of Applications
with Noise (DBSCAN) is a popular clustering method
introduced in (Ester et al., 1996). It works by starting from high density samples and expanding clusters
from these samples. This expansion is done by considering the samples in the neighborhood. Neighbors
are determined based on a given metric. We use DBSCAN for clustering neighbor points assigned to the
same primitive type (Section 4.2). In (Czerniawski
et al., 2018), DBSCAN is also used for point cloud
clustering but without an additional per-point primitive type label like in this work.

3.3

PointNet++

PointNet (Qi et al., 2017a) and its successor
PointNet++ (Qi et al., 2017b) are deep neural networks specialized in the processing of point clouds
(semantic segmentation, classification). PointNet++
offers better generalization capabilities and robustness than PointNet by learning the context of local
features. We use a variant of PointNet++ for assigning a label (primitive type) to each point in the input
point cloud (Section 4.2).

3.4

RANSAC

RANSAC (Fischler and Bolles, 1981) is a method for
estimating the parameters of a model (e.g. the parameters defining a plane) from a noisy data set. It works
by selecting a few points and directly determining the
parameters of the corresponding primitive. Then, all
points that are located on or near the fitted primitive’s
surface are collected. The process is repeated until the
probability that the fitted primitive best describes the
point cloud is above some threshold.
A RANSAC-based approach is used in our
pipeline for fitting the primitives’ parameters given
computed clusters of points (see Section 4.3). We
use the efficient RANSAC approach (Schnabel et al.,
2007).
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3.5 Genetic Algorithms
Genetic Algorithms (GA) are biology-inspired,
stochastic metaheuristics for solving optimization
problems. The optimization process of the GA starts
with a randomly initialized population of individuals
sampled from the problem’s search space. At each iteration, these individuals are ranked according to their
fitness score, obtained by evaluating a fitness function. The best creatures are selected to be the next
generation’s parents. The parents are then recombined by crossover and mutated to create offspring.
The new population is filled with the offspring together with selected surviving individuals from the
current population. This procedure is repeated until
a certain termination criteria is met. We use a GA for
combining fitted planes to cuboids (Section 4.4).

3.6 Signed Distance Functions
In this work, we represent primitives using the signed
distance function to their boundary. For a solid S,
its boundary surface ∂S is implicitly defined by the
zero level-set of its corresponding distance function
dS : {x ∈ R3 : dS (x) = 0}. The surface normal at
point x ∈ R3 is given by the gradient of the distance
function ∇dS (x), which has unit norm |∇dS (x)| = 1.
In this work, we consider the following primitives:
cuboids, spheres and cylinders.

4

CONCEPT

4.1 Pipeline
Our approach is summarized by the pipeline in Fig. 1.
It contains three major parts: The first part primitive
type detection predicts a primitive type label (plane,
sphere, cylinder) for each point in the input point
cloud O and clusters points using DBSCAN resulting
in homogeneous clusters of points associated to primitives of the same type. The clustering leads to more
stable results in the next part, the primitive fitting,
which uses the efficient RANSAC algorithm (Schnabel et al., 2007) to extract primitive parameters for
primitives in each cluster. Resulting cylinders are not
closed (i.e. their height is not determined) and planes
need to be combined to form solids (cuboids). This
is done in the last step, the solid primitive generation
step.

A Hybrid Approach for Segmenting and Fitting Solid Primitives to 3D Point Clouds

cylinder

height estimation

cuboid

solid primitive
generation GA

solid primitives

clustering

sphere

per-primitive FPS

RANSAC

detection

merge

spatial partitioning

pre-processing

pointcloud

FPS

solid primitive generation

primitive fitting
merge & duplicate removal

primitive type detection

Figure 1: The pipeline for the segmentation and fitting of solid primitives.

4.2

Primitive Type Detection

Pre-processing. To remove outliers from the input
point cloud, we use a simple density-based unsupervised outlier detection method (Breunig et al., 2000).
Additionally, we normalize the point coordinates so
that they fit into a unit cube. This assumption is used
in the primitive type detection step.
Spatial Partitioning. The input point cloud is partitioned in n × n × n boxes of equal dimensions using
the point cloud’s axis-aligned bounding box (AABB)
as the initial volume to partition (we used n = 2 in
the evaluation). This is done for two reasons: Firstly,
for better generalization, the model for primitive type
label prediction is trained on model partitions. Thus,
point cloud partitions are closer to what the network
has learned, which results in better predictions. Secondly, the network architecture requires a fixed maximum number of points per input point cloud (we use
2048 points). The partitioning circumvents this restriction for the complete input point cloud since prediction is done per-partition. See Fig. 6a for results of
this step.
Sampling and Detection. Since for performance reasons (both in training and prediction), the maximum
input point cloud size for the PointNet++-based detection step is set to 2048, FPS with k = 2048 is applied
to each point cloud partition. Then, primitive type label prediction is conducted on each partition, resulting in a label (the primitive type) for each point. For
better prediction results, we extended PointNet++ to
use not only point coordinates but also point normals
for training and prediction. See Fig. 6b for results.
Merge. All point cloud partitions are merged together
resulting in a single set of labeled points.
Clustering. The point set is now clustered using DBSCAN. For performance reasons, the Euclidean distance is used as the distance metric for DBSCAN.
This requires a 1-hot-encoding of the primitive type
label (e.g. a cylinder’s encoding is (1, 0, 0), a sphere’s
(0, 1, 0), . . . ) per point, together with its normalized
point coordinates and normal vector. Table 1 shows
the attributes of a single point as represented during

clustering. The collection of all such points is passed
to DBSCAN for clustering. The clustering process
consists of two stages: In the first stage, the input
point cloud is clustered using o p and on . Then, in the
second stage, resulting clusters are clustered again using o p and ot . This 2-level hierarchical approach delivered the best clustering results in our experiments.
Table 1: Attributes of a single point o: Coordinates, normal
vector and 1-hot-encoded primitive type vector.

o p = (px , py , pz ) on = (nx , ny , nz ) ot = (t0 ,t1 ,t2 )
The approach leads to clusters containing points
with the same primitive type label. Using the point’s
normal and position additionally decreases the number of primitive types per cluster. For most of our test
models this results in a 1 : 1 ratio between primitive
types and clusters. Fig. 6c illustrates examples of results obtained by the clustering step.

4.3 Primitive Fitting
RANSAC. The RANSAC primitive fitting method is
applied to each cluster separately. The input is the
sampled (using FPS) cluster point cloud. The list
of primitive types for RANSAC to consider is extracted from the cluster’s predicted primitive type labels available for each point. Based on our experiments, this results usually in a single primitive type
- in rare cases, however, this number could be higher.
The number of primitives to detect is reduced, as well,
by the clustering, e.g. for most planes only a single
primitive needs to be fitted per cluster. Both, the reduced number of primitive types to consider and the
smaller amount of primitives to detect, have positive
influence on the robustness and parameter sensitivity
of the RANSAC approach.
Merge and Duplicate Removal. To make the output
of RANSAC more robust, we run it multiple times on
each cluster (3 times in our experiments), collect the
fitted primitives from all the runs and merge the primitives that are close. This process works as follows:
Starting from the fitted primitives obtained from all
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the runs of RANSAC, we first form clusters of close
primitives. Then, within each cluster, we merge those
primitives. Two primitives are considered to be close
if their parameters are within a certain threshold. For
example, we consider two spheres to be close if the
distance between their centers is within some threshold, and similarly for their radii. Other primitives may
also involve comparing the angles between two directions and verify that they are within some threshold.
Merging close primitives is simply done by taking the
average of their defining parameters. For example,
for three close spheres, we would create a new sphere
with a radius, respectively center, equal to the average
of the three spheres radii, respectively centers.
Per-Primitive Sampling. We apply FPS (usually
with k = 100) to the point set associated to each fitted
primitive. This is done in order to reduce the computational effort for evaluating the objective function
(Equation 1) in the GA executed in the solid primitive
generation step.

4.4

Solid Primitive Generation

4.4.1

Spheres and Cylinders

Spheres are already bounded primitives, they don’t
need to be processed any further. For cylinders, the
height must be estimated. A simple approach is used:
Each point of the point cloud corresponding to a
cylinder is projected on its main axis. The distance
between the points that are farthest away is used as
the cylinder’s height. The downside of this method is
potentially wrong alignment to other connected primitives in case of missing scan points near the neighboring objects.
4.4.2

Cuboids

Cuboids are more difficult to reconstruct. Please note
that we use the term cuboid as an abbreviation for
a convex polyhedron with six rectangular and pairwise perpendicular faces (rectangular cuboid). Since
the plane primitive’s parameters are already estimated
by RANSAC, it is possible to formulate the cuboid
construction problem as a combinatorial optimization
problem over all fitted planes: Given a set of nP
planes P = {p0 , . . . , pnP −1 }, we would like to compute a cuboid set C = {c0 , . . . , cnC −1 } containing nc
cuboids that best represents the input point cloud O
according to an objective function F(C, O) to be maximized. Here O contains only those points from the
input point cloud that correspond to planes. To guarantee that plane sets form valid cuboids, we formulate
two constraints: 1) A cuboid must consist of exactly 6
42

planes, 2) A cuboid must contain planes that are pairwise parallel. Note that a plane from P can belong to
multiple cuboids.
To solve this combinatorial optimization problem,
a specialized GA, depicted in Fig. 2, is used. The
details about the GA are provided below.
Selection

Ghost Plane
Generation

Optimization

Initialization

Ranking

Parents

Variation

Crossover

Mutation
Population

Termination Check

Best Individual
Selection

Offspring

Result

Figure 2: The proposed GA for solving the combinatorial
cuboid generation problem with core GA parts in purple.

Ghost Plane Generation. So-called ghost planes
Pg are planes added to the initial set of fitted planes
Pf = P∪Pg . Ghost planes are necessary in cases, such
as, where one side of a cuboid is fully covered by a
non-planar primitive (e.g. a cylinder, as depicted in
Fig. 3) Without these ghost planes, the constraint that
a plane set (cuboid) needs to have 6 planes could be
violated in the general case. Ghost planes are generated for each existing plane in P by computing the 2D
convex hull of the (projected) points associated to a
particular plane. Then, the minimum-area rectangle
that fully contains the convex hull is computed using
the Rotating Caliper Algorithm (Shamos, 1978). One
plane is generated for each side of the rectangle. Each
generated plane is perpendicular to the original plane
and fully contains the rectangle side (see Fig. 3 for
a visual explanation). Since the generation process
results in a large number of (often) similar planes,
an additional filter mechanism is applied that merges
similar planes.
Population. Each individual of the GA’s population
is a cuboid set, where each cuboid is a set of exactly 6
planes. A user-defined maximum number of cuboids
nC max restricts the size of each individual.
Initialization. The population is initialized with a
set of individuals, where each individual is a cuboid
set. The cuboid set size is randomly chosen from
{1, . . . , nC max }. Cuboids are generated as follows: At
first, a random plane is chosen from Pf . Then, a plane
parallel to that plane is selected randomly. This is followed by a selection of a plane that is perpendicular to
the two already selected ones. Now, a plane parallel to
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cuboids that is actually covered by points of O:
A(C, O) =

Figure 3: Ghost plane generation. Top left: The left side of
the cuboid is completely covered by the cylinder. Thus, a
plane is missing to form the complete cuboid. Ghost planes
are generated for each existing plane (the cuboid’s front
plane serves as an example). Top right: 2D convex hull,
bottom left: Minimum-area rectangle, bottom right: The 4
generated ghost planes for the cuboid’s front plane (orange).

the third plane is selected. Finally, a plane perpendicular to all already selected planes is selected together
with its parallel companion. This results in a cuboid
fulfilling all constraints mentioned above. If a certain
selection does not lead to a valid cuboid, the process
is repeated.
Ranking. The fitness function F(C, O) determines
how well a set of cuboids C (an individual in the GA)
fits the point cloud O and reads:
F(C, O) = α · G(C, O) + β · A(C, O) − γ ·

|C|
nC max

∑c∈C |∂Oc |
,
∑c∈C |∂c|

(3)

where |∂Oc | is the area covered by points from O associated to the surface of cuboid c and |∂c| is the surface area of cuboid c.
For the area |∂Oc |, an approximation is computed
using an approach based on rasterization and applied
to each of the six planes of a cuboid c. At first, the
plane-based cuboid representation is converted to a
face-and-vertex-based representation using the Double Description Method (Fukuda and Prodon, 1995),
resulting in 6 quads each representing a side of the
cuboid. This is needed to get a bounded area per
cuboid side. For each quad, the subset of points from
O located on or near the quad is projected onto the
quad’s 2D plane. Then, the quad is rasterized using
a raster size dependent on the density of associated
points. For each raster cell, it is checked if it contains
a point. Cells that contain a point are accumulated and
multiplied by the raster cell area to get an approximation of the surface area covered by the point subset.
See Fig. 4 for a visual description of the method for a
single quad. In order to improve performance, scores

, (1)

where α, β and γ are weights and the last term is a
cuboid set size penalty term (|C| is the cardinality of
C). The geometry term G(C, O) counts the number
of points in the point cloud O whose distance to the
closest cuboid is below a certain ε p :
(
1
1, if minc∈C |dc (o p )| < ε p
G(C, O) =
,
∑
|O| o∈O 0, otherwise
(2)
where dc (·) is the signed distance function of the
cuboid c and |O| the number of points in O. Please
note that the points in O are re-projected to their corresponding plane in order to account for potential noise.
The geometry term computes a score based on the
number of points in O that are close enough to the surface of the closest cuboid in the cuboid set. However,
using only this metric is not enough: Even if all points
are close enough to a surface (and G(C, O) reaches its
maximum), cuboids might exist in the set that do not
contribute to the score since none of their surfaces is
the closest surface to any point. To avoid having these
additional cuboids in the set, we use two mechanisms:
First, a term to penalize large cuboid sets is used (the
third term in (1)). Second, we propose an additional
term A(C, O) that accounts for the surface area of the

Figure 4: The rasterization of a single cuboid side with the
covered area estimation in green.

are cached and re-used, Our tests have shown that the
cache has a hit rate of around 50%.
Selection and Variation. Two individuals are selected from the population as parents using a tournament selection. The crossover operator is applied to
both parents with probability pc . It exchanges randomly selected cuboid sequences (subsets with contiguous indices). The mutation operator is then applied to both parents with a probability of pm . Mutation comes in 4 different variants:
• New: Creates a whole new cuboid set.
• Replace: Replaces a randomly selected cuboid
with a newly created cuboid.
• Modify: Selects a cuboid randomly and finds a
new parallel plane for a randomly selected one.
• Add: Adds a randomly created cuboid to the
cuboid set.
The variant to use is chosen randomly. The selection and variation process is repeated until enough
43

GRAPP 2020 - 15th International Conference on Computer Graphics Theory and Applications

offspring for the new population is generated. In addition, a certain number of the best individuals is also
added to the new population.
Optimization. From all cuboid sets in the population, the ones with the highest relative area coefficient
c|
( |∂O
|∂c| ) are collected in a new cuboid set, which is then
added to the population. This elitist selection guarantees that a cuboid set exists with the best relative area
scores where other cuboid sets in the population offer
enough diversity to develop new best cuboid sets.
Termination Check and Best Individual Selection.
The GA is terminated if a certain number of iterations
has been reached or the best score has not changed
over a pre-defined number of consecutive iterations.
After termination, the best individual of the current
population is selected as the resulting cuboid set.

5

EVALUATION

5.1

5.1.1

Training of the Neural Network for
Primitive Type Detection
Data Generation

We developed a program for generating data sets
(point clouds with primitive type labels per point)
used for training our primitive type detection neural network. It is in parts similar to the one described in (Friedrich et al., 2019): A triangle mesh
(we used models from the ModelNet data set (Zhirong
Wu et al., 2015)) is sampled. Then, a k-Means clustering is applied to the sampled point cloud. For each
cluster, a primitive of random type (box, cylinder,
sphere) is fitted into the cluster as follows. The primitive’s orientation is estimated using Principal Component Analysis (PCA) applied to the cluster point
cloud. The primitive’s dimension is determined by
the cluster point cloud’s AABB dimensions, its position is the center of mass of the cluster point cloud.
Each point belonging to a box is labeled as plane as
well as all points belonging to the cap planes of cylinders.
This mechanism is efficient enough to generate
thousands of point clouds with primitive type labels
within hours. See Fig. 5 for an example.
5.1.2

Training

After data generation, our variant of PointNet++ is
trained on point clouds of about 100, 000 points each.
In addition to the point’s coordinates, we make use
of its estimated surface normal. To speed-up training,
44

Figure 5: A sample point cloud generated by our tool from
different views.

we extract points, which belong to the same primitive
from the initial point cloud in several subsets of 2048
points each. This procedure allows to handle larger
point cloud sizes while keeping inference and training times low. Additionally, we allow PointNet++ to
generalize further among the available points. Early
stopping prevents the model network from overfitting
to the training set. The prediction process is explained
in Section 4.2, primitive type detection.

5.2 Results of the Full Pipeline
We use 5 point clouds {PC1, . . . , PC5} with
{96.4k, 111.2k, 30.0k, 50.0k, 30.0k} points. The first
three columns in Fig. 6 show the results of the intermediate steps in the primitive type detection module,
whereas the last column shows the set of solid primitives obtained at the end of the full pipeline. Please
note that the goal here is not to reconstruct a complete solid model but instead to generate a set of simple solid primitives, describing the point cloud and
from which the model can be reconstructed, e.g. by
CSG operations. We measured wall-clock times for
the data sets shown in Fig. 6 on an Intel Core i77600U @ 2.9GHz with 16GB RAM.
Results for the primitive type detection step are
shown in Fig. 7. Within this step, the per-point primitive type prediction (Detection in Fig. 7) is the most
expensive in terms of computation times.
For the primitive fitting step (see Fig. 8), the
RANSAC iterations (we used 3 iterations) are
the dominant factor contributing to the durations,
whereas the merge process is < 10ms for all data sets
and thus negligible. Please note that with clustering,
we are able to detect all relevant primitives for each
model.
The results of the solid primitive generation step
(wall-clock time and number of iterations) are depicted in Fig. 9. We used an unoptimized, singlecore implementation of the GA, which could easily be parallelized for better performance. We ran
the GA with a population size of 150 individuals,
a maximum cuboid set size of 75 (nC max ), weights
(α = 1, β = 0.1, γ = 0.1) and a mutation and crossover
probability (pm , pc ) of 0.4 for a maximum of 100 it-

PC5

PC4

PC3

PC2

PC1
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(a) Spatial Partitioning.

(b) Detection (red: cylinders,
grey: spheres, orange: planes).

(c) Clustering.

(d) Final set of solid primitives.

Figure 6: Results of the different pipeline steps.

erations. Additionally, in case of 25 consecutive iterations without score improvement, the GA terminates
as well. For data sets PC1 and PC2, the maximum
number of iterations has been reached (see Fig. 9).
However, in both cases, the GA converged to a result
containing all necessary cuboids, as can be observed
in Fig. 6d. Since the GA is a non-deterministic algorithm, each run could result in potentially different
cuboid sets, all having the same fitness function value.
Thus, for example, in the case of PC5, cuboids made

of different plane combinations could be obtained as
a possible result.

5.3 Comparison to Other Approaches
In Fig. 10 we compare the number of detected surface primitives with and without clustering (as done
in primitive type detection). It shows that the primitive fitting step improves over plain RANSAC by increasing robustness (the variance of the number of
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Figure 10: Number of primitives with and without clustering. Variance is indicated by the black lines.
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primitives over multiple runs is decreased) and decreasing the number of redundant, as well as poorly
fitted primitives for all models with the exception of
PC5. For PC5, only planes need to be fitted, which is
a comparatively simple task that does not benefit from
additional clustering. Additionally, the solid primitive
generation step allows to generate solid primitives unlike RANSAC.
Compared to existing deep learning-based techniques, the proposed approach can handle larger point
clouds, does not rely on very specific training data
sets for particular model categories and does support
both, cuboids and capped quadric-based primitives
((Zou et al., 2017) and (Tulsiani et al., 2017) support
only cuboids, (Paschalidou et al., 2019) supports only
superquadrics and (Li et al., 2019) supports planes,
uncapped cylinders, uncapped cones and spheres).

60

20
PC 1 PC 2 PC 3 PC 4 PC 5

(b)

Figure 11: (a) Detection on a real-world scan severely corrupted by noise. Some planar parts are erroneously assigned
to a different type. (b) Perfect planes detection on the manually cleaned point cloud.

Here, we discuss issues found in the proposed approach that are left for future work.
Tolerance to Noise. The primitive type detection step
may fail on data corrupted by severe noise as shown in
Fig. 11a. For this example, a manual cleaning of the
data helps in detecting the correct types (Fig. 11b).
Please note that this manual pre-processing step was
not necessary for the evaluated data sets shown in
Fig. 6. We plan to improve our training data generator such that it implements a better scan simulation
instead of a simple mesh surface sampling with additional noise in order to increase robustness.
Redundant Primitives. Sometimes, our approach
can produce redundant cuboids, e.g. a cuboid that is
completely contained in another cuboid. This can be
controlled by tuning γ in (1).
Additionally, depending on the type of application
where the set of solid primitives produced by our approach is used, these problems may not be an issue at
all. One such example is when the set of solid primitives is used as the input to a CSG tree reconstruction

A Hybrid Approach for Segmenting and Fitting Solid Primitives to 3D Point Clouds

method such as (Fayolle and Pasko, 2016; Wu et al.,
2018; Du et al., 2018).
Missing Details. In some rare cases, fine geometric
details are not reconstructed correctly with the proposed approach. This can be mitigated by increasing
the point cloud density as well as the GA’s maximum
number of iterations. In addition, the objective function weights (Equation 1) can be tweaked for a specific data set. A reduction of parameter sensitivity is
planned for future work.
Unconnected Cylinders. Since the height of a cylinder is estimated using the associated point cloud, it
can happen that the cylinder is not connected to other
parts and small gaps appear between primitives. This
can be mitigated by adding cylinders to the GA to find
their optimal capping planes.

6

CONCLUSION

In this paper, a hybrid primitive segmentation and fitting pipeline is proposed. Our approach is capable of
handling large point clouds in reasonable time. As future work, we plan to tackle the limitations discussed
in Section 5.4. In addition, we plan to add extra shape
types, such as arbitrary convex polytopes.
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