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Abstract

This master thesis investigates 3D point cloud classification by analysing the
differences between traditional methods and deep learning approaches on the
ModelNet10 Dataset. Before deep learning became the reference of point cloud
classification and segmentation with the emergence of PointNet in 2017 that
managed to consume the set of points directly in the network, traditional methods
with feature descriptors were used to perform the same task. This thesis focuses
on a comparison in terms of accuracy, performance and interpretation between
2 methods for a point cloud classification task: a traditional method based on
point feature histogram and PointNet, the reference deep learning method. It also
describes the theoretical architecture of these methods and a particular feature
selection approach using a margin-based iterative algorithm (SIMBA). Finally, it
also presents an in-depth analysis of PointNet++, an enhanced version of PointNet,
and a comparison of Farthest Point Sampling, the default sampling algorithm used
in PointNet++, and K-Means, an alternative used in its place.
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Introduction

Over the past few years, point cloud technologies have emerged and have become
essential in many sectors, from object recognition for autonomous vehicles to virtual
and augmented reality. With the rapid development of these technologies, 3D
sensors such as lidars and RGB-D cameras have become increasingly accessible
and widely commercialized. While 2D image processing technologies have reached
maturity, point clouds offer a detailed 3D representation of the world around us.

For a long time, due to the unordered and irregular nature of the points, 3D point
cloud data has been processed indirectly by converting it into various forms, such as
meshes, multi-view representations or voxel grids. However, in 2017, PointNet [1]
revolutionized point cloud processing for classification and segmentation by enabling
the direct use of a set of points within a deep neural network. Since the introduction
of PointNet, many methods have been developed based on this innovative approach.

The PointNet method belongs to the large family of deep learning methods.
And these methods are often regarded as «black boxes». Indeed, it is difficult to
interpret how these complicated networks work. Yet all the methods used today
in point cloud processing are based on deep learning. So I thought it would be
interesting to compare this method with the traditional techniques used previously,
both in terms of performance and accuracy and for the interpretation of features
on the point cloud.

Prior to PointNet, manually designed rules were used to extract meaningful
features, based on statistical and/or geometric properties, such as Conditional
random fields (CRF) [2], Markov random fields (MRF) [3] or local descriptors as
Scale Invariant Feature Transform descriptor (SIFT) [4] or descriptors defined by
feature histograms, such as Fast Point Feature Histograms (FPFH) [5] or Signatures
of Histograms of OrientaTions (SHOT) [6].
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Given the great number of methods, I have chosen to focus on the technique
described in the article «Real-Time Object Classification in 3D Point Clouds Using
Point Feature Histograms» [7] which, as its name suggests, uses point feature
histograms.

The aim of my master thesis is thus to analyze this traditional method in details
and compare it with the deeplearning PointNet approach.

To go further in the comparison I decided, in a second and last stage to have
a closer look at PointNet++, the improved version of PointNet, and carry out
an in-depth analysis of the various algorithms used in this method. In particular,
I chose to explore the impact of K-means algorithm, a variant of the sampling
and grouping techniques used by the initial method, to better understand their
respective contributions to the processing and classification of 3D point clouds.
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Chapter 1

3D datasets and task description

1.1 Point Cloud Data representation
In the field of point cloud processing, various approaches have been developed

for representing 3D objects. Here are the most commonly used techniques:

Depth Multi-view Voxels Mesh Pointcloud

Figure 1.1: Data representation

Pixel representation (depthmap)

Pixel representation is the most familiar representation, representing a scene as
a series of pixels. To capture information from a point cloud, a 3D scene or object
can be projected onto a 2D one, such as a depthmap.

Multi-view representation

Multi-view representation consists in taking several 2D views from different
angles, in order to represent a scene in 3D.
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Volumetric representation

Volumetric representation is a grid of binary voxels (1 if the voxel is occupied
and 0 otherwise)

Mesh

A mesh is a representation composed of vertices, edges and faces that define
the geometry of a three-dimensional object.

Point cloud

The point cloud is made up of a multitude of points with 3D coordinates (x,y,z),
and sometimes a 4th coordinate such as intensity or color.

Graph

Points can also be represented as the nodes of a graph, taking into account the
proximity of points and taking advantage of the geometric structure of the point
cloud.

1.2 Applications and tasks description
Point cloud processing has applications in many different fields, reflecting its

growing importance in modern technology. In the field of autonomous cars, it can
be used to recognize obstacles on the road for safe driving. It can also be used in
the manufacturing industry for quality control and industrial process automation.
It also aids 3D reconstruction in medical imaging for more advanced diagnostics. It
is also used in archaeology, environmental management and many other applications.

Behind all these applications lie a number of specific tasks described below.

Shape classification

Shape classification consists in assigning a category or a predefined label to an
object, based on its features.

Object detection

Object detection consists in locating specific objects in an image or a video.
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Classification Detection

Figure 1.2: Classification and detection

Segmentation

There are two types of segmentation:

• Semantic segmentation consists in associating each point of the scene with a
class label.

• Instance segmentation does the same job as semantic segmentation but also
differentiates between instances of the same class.

Semantic Instance

Figure 1.3: Segmentation

Point clouds are also processed for other tasks such as tracking, image recogni-
tion, image generation and room layout estimation.
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1.3 3D datasets

Figure 1.4: Datasets description

Among all existing 3D datasets (some of which are presented in the above
Figure), I decided to carry out my research with ModelNet10 [8].

ModelNet10 is a 3D dataset that is widely used in machine learning. This
dataset is designed to provide researchers with a comprehensive clean collection
of 3D CAD models. The dataset contains synthetic 3D objects and is part of a
big dataset (the ModelNet40 dataset). ModelNet10 contains 10 categories of 3D
objects:

Figure 1.5: ModelNet10 data description
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I have chosen this dataset for several reasons:
First of all, because a great deal of classification research has already been carried
out and the results obtained will be easily comparable with other methods that
have used this dataset.
Secondly, compared to many datasets (especially datasets with real-world objects or
scenes), it contains a large number of samples, which contributes to more efficient
training and testing.
Thirdly, it is also easy to transform these mesh objects into point clouds: the points
can be randomly sampled from the surface of the mesh and the size of the number
of points sampled can be adapted. Finally, the ModelNet10 dataset is also perfectly
suited for label classification, unlike other datasets which focus on other specific
tasks such as segmentation.

Figure 1.6: Point cloud sampling of 3D mesh of ModelNet10

Dataset creation

For my research, I decided to build a multitude of different datasets to gradually
complicate classification. I varied two parameters:

• The number of classes from 2 to 10

• The number of sampled points (respectively 128, 256, 512, 1024 and 2048
points)

The dataset is also normalized between 0 and 1.
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1.4 Classification methods
There is a wide range of techniques used to perform point cloud classification

or segmentation, each tailored to different data types and applications. The ma-
jority of these techniques rely heavily on deep learning methods, which have been
proven highly effective for processing and analyzing complex three-dimensional
data. These methods exploit deep neural networks to automatically extract features
from point clouds and use them to distinguish or segment different objects or regions.

To provide an overview of current approaches, here is a summary table of some
of the most commonly used methods in the field:

Figure 1.7: Classification methods

However, while exploring this field, I also chose to look at traditional methods
for classifying point clouds, i.e. those that do not use deep learning. These more
classical approaches are often based on geometric, statistical or algorithmic concepts,
and can offer advantages in terms of simplicity, interpretability and performance
on specific datasets or in contexts where computational resources are limited.
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Chapter 2

Traditional methods

The idea of traditional methods is to define a set of local or global features as
final feature vector and then give this vector to an SVM [9], Adaboost [10], random
forest [11] or K-nearest neighbors [12] for classification. The construction of these
global and local features is based on statistical and/or geometric characteristics:
there are many methods that extract feature local to a single point as for example
3D Shape Contexts [13] or spin images [14] but the main problem of these methods
(that are well suited for object recognition) is that they easily have an increased
dimensionality. In fact, we can have 200 to 1000 features for one single point. And
that great dimensionality inevitably implies a huge computation time. With this
in mind, it was interesting to analyze a method that aims at real-time performance
by opting for simpler features. This method is described by M. Himmelsbach et
al. in the paper «Real-time Object Classification in 3D Point Clouds Using Point
Feature Histograms» [7] and will be detailed in this chapter. This paper outlines
a LIDAR-based perception system for ground robot mobility, which includes 3D
object detection, classification, and tracking. However, our focus will be solely on
the classification aspect. It mainly uses local features extracted from 2 other papers
(Lalonde features [15] and Anguelov features [3])which will also be explained in
this chapter.

Figure 2.1: Occupancy grid with objects detected by segmentation, represented by
3D bounding boxes [7]
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2.1 3D Point cloud classification
Let us start with looking at the process of classifying a 3D point cloud of n

points, each defined by its coordinates (x,y,z).
The first step in this process is to analyze the local structure of each point in

the cloud by identifying its immediate neighborhood. This step is essential for
extracting relevant local features, a procedure commonly referred to as feature
extraction.

Once the local features have been extracted, the feature selection phase takes
place, which consists in identifying which of the extracted features are the most
relevant for effectively differentiating between two sets of points. This step is crucial
for improving the performance of the classification model by focusing on the most
significant information.

Once the features have been selected, they are used by a classifier, whose task
is to analyze these features to determine the appropriate class for each set of points
(see Figure below)

Figure 2.2: 3D Pointcloud classification

Evaluation criteria

The evaluation methods usually chosen for the classification of 3D objects are
overall accuracy and mean class accuracy.

The overall accuracy formula for a class i is:

Acci = TPi + TNi

TPi + TNi + FPi + FNi

(2.1)

with

• TPi (True Positives for class i): number of correctly classified instances of
the class i.

• FPi (False Positives for class i): number of times that the model classified an
instance as class i while it belongs to another class.
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• TNi (True Negatives for class i): number of times that the model correctly
classified an instance of another class as not belonging to class i.

• FNi (False Negatives for class i): number of times that the model classified
an instance as another class while it belongs to class i.

The mean class accuracy for N classes of objects is:

mAcc = 1
N

N∑
i=1

Acci (2.2)

2.2 Feature descriptors
In our case, the point cloud draws all its information from the 3D coordinates

of the points (x,y,z). This represents an extremely large amount of data (number
of points x3 for each instance). If we have 256 points, this represents 768 different
features. The aim here is to find global and local features that best represent the
point cloud, in order to give them to a SVM that will perform the classification.

Feature descriptors can be used to represent geometric properties of the neigh-
borhood of a point. There are two 3D shape classification steps :

1. Extract features from an object point cloud capturing the distribution of
local and global features.

2. Train a SVM classifier to discriminate class of interest.

2.3 Feature extraction

2.3.1 Global features
Global features are features that do not involve any local computations. In

Himmelsbach et al. [7], they called it «object level features».
Let M be the number of points and i = 1...M , the 4 object level features are
defined as:

• Maximum Object Intensity: Imax = max Ii

• Mean Object Intensity: µI =
∑

Ii

M

• Object Intensity Variance : σI = ∑
i (Ii − µI)2

• Object Volume V
Since ModelNet10 does not provide information on the intensity or color of points,
the various global features associated with intensity will not be used.
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2.3.2 Local features
Local features are features that will represent the distribution of the neigh-

borhood of all points in the point cloud. Initially, features will be calculated
for all points on the object, but we want to give a representation specific to the
object itself, rather than staying within the point level feature. This is why a
histogram will be built for each feature, based on the calculation of the feature
on all individual points. The feature vector we use will be the concatenation of
these local feature histograms and the scalar values of the global features. The
histogram is constructed by uniform binning.

Figure 2.3: Point local features with neighborhood

Lalonde features

The local point statistics are estimated by using the distribution of the 3D
points. A decomposition into principal components of the covariance matrix of
each point is used to represent this local spatial point distribution.

With a set of points Xi = (xi, yi, zi)T for i = 1..M and X̄ = 1
N

∑M
i=1 Xi, let us

define the symmetric positive definite covariance matrix for a set of M points:

1
N

M∑
i=1

(Xi − X̄)((Xi − X̄)T

The principal components of the covariance matrix are the sorted eigenvalues
λ0 >= λ1 >= λ2 with corresponding eigenvectors e⃗0, e⃗1, e⃗2.
The 3 features that they define are linear combinations of the eigenvalues extracted
via Principal Component Analysis (PCA). Each feature expresses a very specific
spatial distribution of the point neighborhood. These are illustrated below.

12



Figure 2.4: Lalonde features

1. When λ0 ≈ λ1 ≈ λ2, nothing can be concluded about the distribution. The
points are dispersed or scattered.
The Lalonde feature of «Scatter-ness»is defined as LScatter = λ0.

2. When λ0 ≫ λ1 ≈ λ2, there is one dominant direction and this reflects a linear
distribution of points
The Lalonde feature of «Linear-ness»is defined as L⃗Linear = (λ0 − λ1)e⃗0. To
calculate the features, we will only take the scalar value of this feature, as
we do not need to take the direction into account. The Lalonde feature of
«Linear-ness»becomes LLinear = (λ0 − λ1)

3. When λ0 ≈ λ1 >> λ2, there are two dominant directions and this can be
likened to a solid surface.
The Lalonde feature of «Surface-ness»is defined as L⃗Surface = (λ1−λ2)e⃗2 and
can be reduced to LSurface = (λ1 − λ2).

Let us now look at specific examples of ModelNet10 point clouds to illustrate
these Lalonde features.
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Figure 2.5: on the left: Chair example sampled with 2048 points, on the right: the
corresponding histogram of Lalonde

Figure 2.6: on the left : Toilet example sampled with 2048 points, on the right:
the corresponding histogram of Lalonde

If we compare the 3 histograms for an example of a chair and toilet respectively,
the biggest difference is in the number of points in the [0.8,1] area of the L-scatter
feature. We can see that +/− 200 points out of 2048 fall within this zone. This
means that λ0 is very high, and that there is a dominant direction for these 200
points. This is confirmed by the fact that a good proportion of these 200 points are
also found in the last bar of the L-linear feature. This means that λ0 >> λ1 and
thus there is quite a bit of linear structure in the point cloud. Indeed one might
think that the points on the chair legs are responsible for this dominant direction
in the matrix’s eigenvalues. In fact, the toilet, which clearly has no linear structure,
has no points in these areas. The last L-surface feature confirms that for the chair,
we have λ0 >> λ1 ≈ λ2
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Anguelov features

As described in the paper [7], only one feature of the 2 presented by Anguelov
et. al is used. A cylinder of radius rang and height hang is constructed around the
query point pq. This cylinder is then divided into n parts Ai of equal size and we
count the number of points inside each zone (See on Figure 2.7). We thus add n
more histograms to our final feature vector.

Figure 2.7: Illustration of Anguelov features

Figure 2.8: Anguelov feature histogram example with 3 bins and 4 parts

15



2.4 Feature selection based on margin
In the previous sections, various features were identified, but there remains the

question of the right number of bins to represent each histogram. We do not want
the number of bins to be too high, because then we would have a lot of features
which means a higher computation time. And we also do not want the number to
be too low, because then the classifier would have too little information to correctly
distinguish between the different samples. So we need to strike a balance between
accuracy and performance.

It is also important to avoid having many weakly relevant features or redundant
features, as this would lead to the curse of dimensionality. In other words, as the
number of features increases, the training set will have to grow exponentially in
order to generalize as well as possible. This would then become very expensive in
terms of computational resources and that is not what we want.

What we want is to choose a subset of relevant features that will enable us to
correctly predict the samples in our test set. This is called feature selection.

In this section, we will use an iterative Search Margin Based Algorithm called
Simba [16] to estimate how relevant or irrelevant a set of features is.

But unlike M. Himmelsbach et al. who already fixed the parameter values
of local features and used Simba only to find the number of bins to use in the
histogram, we will also use Simba to find the best parameters for the Anguelov
and Lalonde features. So we will use Simba to estimate the best radius, the right
number of neighbors and the right number of bins for the histogram. Then we will
look at the same thing for the Lalonde features (radius, height and number of parts
to cut out the optimal cylinder, as well as the number of bins). The point cloud
will be normalized between 0 and 1 to also have all parameters between 0 and 1.

In the paper [16], the relevancy of a set of features is determined by the margin
it induces. A margin is a geometric measure used to evaluate the confidence of a
classifier with respect to its decision. The larger the margin, the more relevant the
features are for classifying the dataset. There are several definitions of the margin.

The first one is the sample margin, which corresponds to the distance between
the classifier’s decision boundary and the new instance and the second one is the
hypothesis margin, it is the maximum distance that a sample point can be moved
without changing the label of the new instance (See Figure 2.9).
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Sample Margin Hypothesis Margin

Figure 2.9: Margins

An important fact is that the hypothesis margin lower bounds the sample
margin. In other words, the hypothesis margin is the smallest possible margin that
can be obtained on the training samples, and any margin observed on these samples
will be at least as large as the hypothesis margin. We will be using the hypothesis
margin in the SIMBA algorithm. More specifically, the hypothesis margin of an
instance f with respect to a point cloud P can be defined as:

θp(f) = 1
2(∥f − nearmiss(f)∥ − ∥f − nearhit(f)∥)

where:
• nearhit = closest point to f in P with the same label

• nearmiss = closest point to f in P with a different label
Let P be a point cloud, f be an instance and w be the weight vector over the

feature set, the margin of f is:

θw
p = 1

2(∥f − nearmiss(f)∥w − ∥f − nearhit(f)∥w)

where ∥z∥w =
√∑

i w2
i z2

i

Normalization requires max w2
i = 1

With the training set S, they define the evaluation function as:

e(w) =
∑
f∈S

θw
s\f (f)
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2.4.1 Iterative Search Margin Based Algorithm (Simba)
The goal is to find the weight vector w that maximizes the evaluation function

e(w). To achieve this, the algorithm uses a gradient ascent and this can be done
because the function is smooth almost everywhere. Let S be the sample of all point
clouds instances. The gradient of e(w) evaluated on a feature i is:

(∇e(w))i = ∂e(w)
∂wi

=
∑
f∈S

∂(θw
S\f (f))
∂wi

= 1
2

(
(fi − nearmiss(f)i)2

∥f − nearmiss(f)∥w

− (fi − nearhit(f)i)2

∥f − nearhit(f)∥w

)
wi

Algorithm 1 Simba
Let S ← dataset with features and label of each instance
Let N ← number of features
Let M ← number of samples in S
Let T ← number of iterations of the algo

1. Initialize weights to unit vector w = (1, 1, ..., 1)
2. for t = 1...T

(a) Pick randomly an instance f from S
(b) Calculate nearmiss(f) and nearhit(f) with respect to S \ {f} and w

(c) for i = 1...N

∆i = wi

2

(
(fi − nearmiss(f)i)2

∥f − nearmiss(f)∥w

− (fi − nearhit(f)i)2

∥f − nearhit(f)∥w

)

(d) w = w + ∆
3. w ← w2

∥w2∥∞
where (w2

i ) := (wi)2

The time complexity of Simba is O(TNM).
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2.4.2 Point feature histograms
We will determine the optimal parameters of the local features by using Simba.

Bins

As you can see from the graph below, it is not easy to find the optimum
number of bins, as it depends heavily on the classes tested, but is also subject to
an enormous amount of randomness (due to step 2a) of Simba). So, in a balance
between performance and accuracy, I decided to choose a number of bins = 5 for
the rest of my research. Indeed, we can see that from 5 bins upwards, the margin
is decent, and we can see that increasing the number of bins does not always add a
huge margin.

Figure 2.10: Choice of size of the Lalonde histogram

Lalonde parameters

I also used Simba’s algorithm to determine the optimal Lalonde radius. In order
to do this I calculated the Lalonde feature margins for a set of different datasets
with different numbers of points ranging from 2 different classes as performed to
determine the number of bins to 10 different classes. All this while varying the
number of points between 512, 1024 and 2048 points. It was not possible to take
a smaller number of points, as the margin values then obtained become negative,
making it more difficult to judge the accuracy of the results.
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Figure 2.11: Choice of size of the Lalonde histogram

The bars obtained on the figure 2.11 are the means of the margin observed for
all datasets. In view of the results of the graph, I fix rang = 0.6

Anguelov parameters

I did the same experiments to determine the optimal values of the Anguelov
features. I started by setting the number of bins to 5, as is the case for the Lalonde
features. Then I evaluated the following 3 parameters : hang = the height of the
cylinder, rang = the radius of the cylinder and npartang = the number of parts
dividing the cylinder.

Figure 2.12: Margin analysis with respect to number of parts in Anguelov features
for Bathtub-bed data with 512 points
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On Figure 2.12, a boxplot of values for 4 different values of n_parts is plotted.
Margins are calculated with a number of bins equivalent to 5, a radius ranging from
0.1 to 0.5, and a height ranging from 0.1 to 0.5 on the Bathtub-bed dataset with
512 points. Furthermore, this result was confirmed by analyzing larger datasets.
The graph clearly shows that dividing the cylinder into 3 parts gives the best
margin. So I fix n_partsang to 3.

All that remains now is to determine the best parameters for cylinder radius
and height (see Figure 2.13). In view of the results of the graph, I fix hang = 0.2
and rang = 0.5

Figure 2.13: Margin analysis with respect to height (hang) and radius (rang) of
cylinder in Anguelov features for Bathtub-bed data with 512 points

Final feature vector

The final feature vector is then composed of 1 scalar value V from global features,
3 histograms of Lalonde and 3 histograms of Anguelov features each contributing
with 5 bins. The final feature vector is :

f = (V, H5
Lscatter

, H5
Llinear

, H5
Lsurface

, H5
A1 , H5

A2 , H5
A3)

The dimension of f is 31.

2.4.3 Simba algorithm accuracy check
After encountering difficulties in determining the best parameters for local

features and observing some unexpected results, I decided to check the accuracy
of the Simba algorithm. To do this, I used the ModelNet dataset with a variable
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number of classes and tested different local feature parameters. I calculated both
the margin via Simba and the classification performance of the SVM based on
constructed point feature histograms. By analyzing the raw results obtained and
constructing several graphs based on these results, I found that the margin was
not systematically correlated with the accuracy obtained by SVM.

Here are some typical raw results that I tried to analyse:

Figure 2.14: Raw results of bathtub bed dataset with 256 sampled points of accuracy
and margin of Anguelov features obtained with SVM and SIMBA algorithm
respectively

These data are organized as follows :

• the columns correspond to the number of bins from 2 to 10
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• each row is a combination of a 3 Anguelov parameters

1. n_partang : number of parts the cylinder is divided
2. rang : the radius of the cylinder
3. hang : the height of the cylinder

So each value in the table represent the result for a single combination of 4
parameters (it is a pivot table). On the left: SVM accuracy results. On the right:
the margins calculated via SIMBA algorithm.
In purple: the maximum values for accuracy and their corresponding values of
margin.
In blue: the maximum value of margin.

If we look only at these values, we can see that the maximum margin does not
correspond to the maximum accuracy. However if we check for some values, there
still seems to be a correlation between margin and accuracy. In order to check the
correlation, we will generalize this table by isolating one parameter at a time and
calculating the aggregated means according to the number of bins.

Let us have a look at the table generated by isolating Anguelov Npart parameter

Figure 2.15: Comparison of margin and accuracy wrt to the number of bins for
choice of the n_part parameter of Anguelov with the dataset bathtub-bed with
256 sampled points
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The above figure gives us a lot of information: it is clear that npart = 4 is a
really bad choice, both margin and accuracy are much lower for this choice. We
also see that there is a great correlation between margin and accuracy as great
values in margin are also great in accuracy.

When it comes to determining the optimal value of a parameter, it is crucial not
to lose sight of the fact that the search for this value is based on a dual objective:
maximizing model performance while minimizing computation time. These two
aspects must be balanced to obtain a result that is not only efficient in terms of
accuracy, but also viable in terms of computational costs.

The best choice for npart for this dataset would be 3: fewer histograms to
calculate and a great performance.We can see that starting from 5 bins we reach an
accuracy plateau for npart = 3. So it is best to choose a lower number of bins if we
can capture the necessary information with them. The logical choice is then 5 bins.

The same selection procedure was used to evaluate the best parameters for the
cylinder radius and height. However, if we look at datasets with more or fewer
classes and with a different number of sampled points, we observe that it is very
difficult to choose a combination of parameters that is suitable for all datasets. It
would be necessary to perform the analysis for all datasets one by one and define
the best parameters each time, but this would take an enormous amount of time,
especially for datasets with a large number of samples.

I also assessed the correlation between accuracy and margin as a function of the
number of bins (see Figure 2.16). The Figure shows that the correlation is effective
(Pearson correlation coefficient = 0.65) for bathtub-bed dataset. The Figure 2.17
however, shows the correlation comparison for the bathtub-bed-chair-desk dataset
with 256 sampled points and here we see that in spite of the clear correlation for 3
and 4 bins, correlations reach negative values for the most bins (Pearson correlation
coefficient = 0.29).

These results finally confirmed my initial impression: the relationship between
margin and accuracy is highly variable and varies according to the number of
classes, the number of points sampled and the parameters used.
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Figure 2.16: Correlation between accuracy and margin as a function of the number
of bins for bathtub-bed dataset with 256 sampled points

Figure 2.17: Correlation between accuracy and margin as a function of the number
of bins for bathtub-bed-chair-desk dataset with 256 sampled points

In view of both correlation between margin and accuracy and the difficulty of
choosing the best combination of parameters, it is hard to have complete confidence
in the SIMBA algorithm, but it does give us some good pointers on the choice of
parameters. That is why I decided to set reasonable values for the parameters,
again with an eye to both performance and computation time.
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Final choice of local parameters

After these checks, I finally chose the following parameters for the Lalonde
features:

• rlal = 0.5

• nbrbins = 5

and the following parameters for the Anguelov features:

• Npart = 3

• hang = 0.5

• rang = 0.3

• nbrbins = 5

2.5 SVM for classification
Once the final feature vector has been constructed, it now needs to be given as

input to a classifier. The classifier selected for this study is the well-known Support
Vector Machine (SVM) classifier [9] but we could also have used an Adaboost
model or a KNN. To identify the most appropriate parameter values, a grid search
was performed. This technique made it possible to vary the penalty parameter
C as well as the value of the kernel coefficient γ while using the RBF (Radial
Basis Function) kernel. This approach optimized model performance by finding
the parameter combination best suited to the data. The best parameters found are
C = 1 and γ = 0.0001.
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Chapter 3

Deeplearning: PointNet

Before the PointNet method emerged in 2017, the point cloud was systematically
transformed into a regular format such as a volumetric representation, a mesh
or a multi-view representation. Point clouds are not evenly distributed in space
(i.e. it is possible to have a huge density of points in one place and a minority in
another) and they are randomly sorted without any link between them. In fact, you
could have a specific point on the rabbit’s ears and then a point on its tail. This
irregularity and disorder meant that pointclouds could not be directly processed
by the deeplearning methods of the time. Charles R. et al. then found a way to
give an unordered pointcloud as input to a neural network. In the paper [1], they
presented both a theoretical demonstration and an experimental analysis of the
results obtained.

3.1 Multilayer perceptron (MLP)
PointNet is essentially made up of several
chained MLPs, so it is a good idea to start
by defining what an MLP is. A multi layer
perceptron is a type of artificial neural net-
work composed of fully connected layers
of neurons including input layer, hidden
layers and an output layer. The hidden
layer and the output layer apply transfor-
mations followed by a nonlinear activation
function that enables to capture complex
relationships. This allows the model to
go beyond linear relationships.
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h
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3.2 Point Cloud properties
The way PointNet works is based on three major features of a set of points:

Let P be a set of n points in Rn

1. Order Invariance: A point cloud is a set of points with no established order,
whereas pixel sets in an image, or voxel grids in a volumetric representation
are well-ordered sets allowing easy processing. Indeed, the position of a pixel
in an image in the grid corresponds to the pixel’s position in the image. This
proprety implies that the network needs to be invariant to the permutation
of the points (i.e. invariant to n! permutations)

2. Interaction among points: the points belong to a distance-metric space,
indicating that the points are not isolated. Instead, the point’s neighborhood
contains its most important information. Indeed, a single point whose only
information is its x,y,z coordinates gives us no relevant information to describe
the whole set of points. It is the local interaction between points that will
provide our neural network with relevant information.

3. Transformation Invariance: when processing a point cloud, any transformation
such as point rotation or point translation must not change the class in which
the point cloud is classified.

3.3 PointNet Architecture

Figure 3.1: PointNet Architecture (Charles R. Qi et. al. [1])

PointNet’s architecture can be seen in Figure 3.1, and we will describe the
classification part in more details below.
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Since the input is unordered, the solution found by the author is to use a
symmetric function (in this case, the max pooling function) to aggregate the in-
formation from all the points. A symmetric function takes a vector of n points as
input and returns a vector that is invariant to the input order.

A symmetric function can be defined as a function that always returns the same
value no matter the order of the arguments (no matter any permutation πi). For
example f = max or f = ∑

xi.

f(x1, x2, .., xn) ≡ f(xπ1 , xπ2 , , .., xπn) (3.1)

The objective is to develop a family of symmetric functions using neural networks.
The approach involves approximating a general function defined over a set of points
by applying a symmetric function to the transformed elements within the set.

f(x1, x2, .., xn) ≈ g(h(x1), h(x2), .., h(xn)) (3.2)

The author has observed that, in the situation described below, f is symmetric if g
is symmetric.

f(x1, x2, .., xn) ≈ γ ◦ g(h(x1), h(x2), .., h(xn)) (3.3)
This enabled him to build a first version of PointNet: PointNet vanilla (See

Figure 3.2).

Figure 3.2: PointNet Vanilla
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Description of PointNet Vanilla architecture:

• The function h projects raw points into a high dimensional embedding space.
This is approximated by a multi-layer perceptron (MLP).

• The function g (Max pool) extracts global features from the point cloud’s
embedding. The author chooses the max pooling symmetric function. He
tested with average pooling and weigthed average pooling but he observed that
max pooling achieved the best results. The max pooling function calculates
the maximum value of parts of a feature map in order to downsample the
feature map (see Figure 3.3).

• The function γ (MLP) will apply an additional transformation to optimize
the global representation for improved classification accuracy.

Figure 3.3: 2x2 Max pooling function example

PointNet (vanilla) as defined in Figure 3.2 does not respect the 3rd property
(transformation invariance), it is still variant under rigid transformations. The
simplest way to do this is to align all input set to a canonical space before feature
extraction. In other words, before meaningful features are extracted from the data,
the inputs are aligned or normalized to minimize variations due to differences in
orientation, position or scale between data sets. This ensures that feature extraction
is relevant and not based on arbitrary small variations or orientations in the input
data.
The transformation net layer (T-net) is used to normalize the input data points
using an affine transformation matrix (i.e. a combination of rotations, translations
and possibly other linear transformations). This network is a miniature version of
the entire PointNet network.

The second property (point interaction) relates to the segmentation part so it
will not be discussed.
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3.4 Hyper-parameter selection
Ideally, hyper-parameter fine tuning should be used to identify the best parame-

ters. The various hyper-parameters we can play with to improve model performance
are defined below:

1. Optimizer = defines how model weights and biases are updated in the training
process

2. Number of epochs = the number of algorithm runs during training phase

3. Batch size = the number of samples propagated through the neural network

4. Learning rate = parameter that defines the step size of gradient descent.
It therefore influences the evolution of model weights and how fast we will
converge to minimum loss and optimal weights.

5. Batch normalization momentum (bn momentum)

I decided to set these hyper-parameters to reasonable values for all datasets
after exploring several possible configurations. The results obtained are surely not
optimal, but they already provide a solid basis for comparison with those obtained
by the traditional method using local descriptors. Here are the values used to
calculate all future results. For the choice of optimizer, learning rate, batch size,
these are the values specified in article [1] to obtain the results for ModelNet40.

1. Optimizer: Adam optimizer

2. Number of epochs = 100

3. Batch size = 32

4. Fixed learning rate = 0.001

5. Fixed batch normalization momentum = 0.5

Unlike Charles et.al, who use a decay rate for batch normalization that starts with
0.5 and gradually increased to 0.99, and an adaptive learning rate (divided by 2
every 20 epochs), I decided to fix the learning rate and the bn momentum. I also
chose a number of epochs of 100, which I thought was reasonable for PointNet to
converge for most datasets.
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Chapter 4

Deep Learning: PointNet++

PointNet++ [17] is an enhanced version of PointNet [1], widely used in many
fields of application related to 3D point clouds. In our case, this method is particu-
larly interesting for its 3D point cloud classification and segmentation capabilities,
although only the classification part will be presented here.

PointNet++ has been developed to overcome one of PointNet’s main limitations:
its inability to capture local structures. This weakness reduces PointNet’s ability
to identify fine-grained patterns and generalize efficiently to complex scenes. Point-
Net++ introduces hierarchical processing to capture local structures by subdividing
point clouds into successive local regions.

Since the appearance of PointNet and PointNet ++ in 2017, several deriva-
tive methods have been developed to improve their performance and address
their limitations. These include PointWeb [18] (2019) which offers an Adaptive
Feature Adjustment module to improve interaction between points and solve prob-
lems of information exchange and feature refinement, DGCNN [19] (2019) which
uses graphs to model relationships between points and enrich local features and
RandLA-Net [20] (2021) which uses random point sampling and introduces a new
local feature aggregation module for preserving geometric features. We can also
mention Point-BERT [21] or Point-MAE [22] that are also derived from Pointnet++.

Pointnet ++ can be used for a wide range of applications, such as classification,
segmentation, navigation for autonomous robots, or analysis of specific structures
(e.g. PAN: Improved PointNet++ for Pavement Crack Information Extraction
[23] extracts accurate pavement crack information in order to help with routine
maintenance and reduce the risk of traffic accidents).
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4.1 Hierarchical Point Set Feature Learning

Figure 4.1: Hierarchical Point Set Feature Learning architecture [17]

Charles R. et al. first introduce Hierarchical Point Set Feature Learning. The
principle of this hierarchical neural network is to divide a point cloud into local
regions (sampling and grouping step), extract local features from these regions
(PointNet step), then repeat this process in a hierarchical fashion, progressively
abstracting larger and larger local regions.

Here, N represents the total number of points in the point cloud, d denotes the
spatial dimension (typically x, y, z coordinates), and C refers to additional features
associated with each point, such as intensity or color.

Once we have reduced the abstraction to a small number of points, we use
PointNet again to generate a final feature vector of dimension (1, C ′). This vector
is then passed through a fully connected layer, which produces the scores associated
with the different classes. These scores then allow us to classify the initial point
cloud into the most relevant class.

4.1.1 Sampling layer
The idea is to divide the set of points into local regions of points by selecting

specific points that will be the centroids of these regions. To achieve this, the
farthest Point Sampling algorithm (FPS) is used. For the same number of centroids,
FPS offers more uniform coverage of the point cloud than a simple random sampling.
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Iterative Farthest Point Sampling (FPS)

Algorithm explanation (see Figure 4.2 for illustration):

1. At beginning (when no centroids are sampled)

• Pick randomly a first centroid C0 from the point cloud.
• Calculate the distances from all points to the centroid.
• The farthest point from the first centroid (global maximum of the

distances) becomes a new centroid (C1).

2. When several centroids are sampled:

• Calculate the distances from all points remaining (all points that are
not sampled) from the last chosen centroid.

• For each point remaining, take the smallest distance separating it from
a centroid (local minima).

• The point with the higher distance (global maximum of local minima)
becomes a new centroid.

Repeat this step until M centroids are sampled.

Figure 4.2: Farthest Point Sampling illustration

4.1.2 Grouping layer
Once the points have been sampled, the grouping layer finds the neighborhood

of all the centroids to create local regions of points. To achieve this objective, the
authors of the paper [17] used two methods, which are described below.
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Ball Query

Ball query method allows to identify neighboring points within a specific radius
around a centroid by computing the Euclidean distance

d(c, pi) =
√

(xpi
− xc)2) + (ypi

− yc)2) + (zpi
− zc)2)

which measures the distance between the centroid c and a point pi in the point
cloud. Given a chosen radius r, a point pi belongs to the neighborhood of a centroid
c if d(c, pi) < r. In the implementation, the number of neighbors per local region is
bounded below K. However, the local number of neighbors may be smaller than
K, making K variable and centroid dependent.

K-Nearest-Neighbors (KNN)

KNN is an alternative query for finding neighborhood of centroid where we
fix the number of neighbors K and find the K-nearest neighbors. The method for
finding neighbors is simple: calculate the Euclidean distances between the centroid
and all points and select the K smallest distances.

This method allows to have a fixed number of neighbors, but if the distribution
of points is not uniform, it can end up with neighbors that are very far apart.

The ball query method, on the other hand, ensures a fixed local region size
regardless of point density which is preferable for local pattern recognition tasks
because it enables the extraction of more consistent and transferable local features
across space. This is why Charles R. et al. chose to use the ball query method
rather than KNN. However, it should be stressed that the impact of this decision
may vary according to the data used and the nature of the task.

4.1.3 PointNet layer
At the end of the sampling and grouping stage, we obtain N ′ local regions of

K neighbors (with K varying according to the region) to which we will apply a
mini-PointNet.

In this phase, the coordinates of the points in each region are expressed in
relation to the local centroid. Thus, for each point pi with i = 1..K located around
the centroid c, the relative 3D coordinates are calculated as follows:

xpi
= xpi

− xc, ypi
= ypi

− yc, zpi
= zpi

− zc

On the input side, the data are represented by a tensor of dimensions N ′×K×(d+C).
At the output of this layer, each local region is represented only by the features
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of its centroid and those describing its neighborhood. The output therefore has a
dimension of N ′ × (d + C ′).

4.2 PointNet ++: Non-uniform sampling density
The challenge with Point Set Feature Learning is that it often happens that

the point cloud is not uniformly dense i.e. with some parts extremely sparse and
others extremely dense. This implies that features learned in dense point cloud
may not generalize well for a sparse point cloud.

To address this, Charles R. et al. introduced a robust feature learning with den-
sity adaptive PointNet Layers. They called this hierarchical network: PointNet++.
In this network, each abstraction layer captures local patterns at multiple scales
and integrates them adaptively based on the density of the points in the region
There exists two types of density adaptive layers that are illustrated in Figure 4.3.

Figure 4.3: (a) Multi-Scale grouping (MSG) (b) Multi-Resolution grouping (MRG)
[17]

Multi-Scale grouping (MSG)

This method groups points around a centroid on several scales, using several
different radii. The network is trained to develop an optimized approach for
combining multi-scale features by randomly dropping out input points with a
randomized probability for each instance (random input dropout).

• Pros: ability to capture complex local structures

• Cons: computationally expensive, as it runs PointNet for different scales at
each centroid.
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Multi-Resolution grouping (MRG)

The features of a region at a given level Li are obtained by concatenating two
vectors. The first vector summarizes the features of each sub-region of the lower
level Li−1, using the set abstraction level. The second vector is derived by directly
processing all raw points in the local region using a single PointNet. MRG is faster
than MSG since feature extraction in large-scale neighborhoods at the lower levels
is avoided.

SSG vs. MSG

PointNet++ offers two main variants for grouping points: SSG (Single Scale
Grouping) and MSG (Multi-Scale Grouping). These approaches differ in the
way they deal with the local characteristics of the point cloud. SSG extracts
local information using a single scale, while MSG combines local features at
multiple scales, better capturing the complexity of areas of non-uniform density.
Experimental results on Modelnet10 show that, although both methods achieve
similar performance on the training set (∼ 96%), MSG outperforms SSG on the
validation (∼ 94% vs. ∼ 91-92%) and test sets (∼ 90% vs. ∼ 84-87%). This
demonstrates the increased efficiency of MSG in complex scenarios. However, this
performance improvement comes at the cost of significantly higher computation
time, as MSG requires the extraction of local features at multiple scales, thus
increasing its computational complexity.

4.3 K-means vs. FPS
In PointNet++’s original algorithm, the sampling and grouping phase is per-

formed by applying the Farthest Point Sampling (FPS) method to identify cluster
centroids, followed by a ball query to group neighboring points around these cen-
troids. A pertinent question arose as to the choice of the FPS method in this
context.

In the paper [17] by Charles R. Qi et al. the authors justify the use of FPS by
highlighting its excellent spatial coverage of the point cloud. Indeed, centroids are
selected to maximize the distance between them, which favors optimal data disper-
sion. This ensures that the sampling effectively represents the overall structure of
the pointcloud.

To extend this analysis, I wanted to explore how an algorithm like K-means
clustering would react when replacing FPS in the PointNet++ model. Unlike
FPS, K-means minimizes intra-cluster variance, i.e. it identifies dense clusters of
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points in the cloud. This approach could offer an interesting alternative, by concen-
trating sampling on areas of high density rather than maximum spatial distribution.

This section gives a detailed presentation of the K-Means algorithm, followed by
an explanation of its parallel implementation in C++/CUDA. Finally, a comparative
analysis is made between sampling and grouping based on K-Means, and those
performed using Farthest Point Sampling combined with the Ball Query method.

4.3.1 Description of K-means
K-Means is one of the most popular clustering algorithms. Clustering consists

in grouping data with similar features. In our specific case, it involves grouping
the points that are spatially closest to each other.

Here are the main steps of the K-Means algorithm for a pointcloud xyz of N
points:

1. K Assignement: choose the num-
ber of clusters K

2. Initialization: select K centroids
at random among points in xyz

3. Cluster Assignement: assign
each point of xyz to the closest cen-
troid by calculating euclidean dis-
tance between each point and each
centroid

4. Updating: update centroids posi-
tion by calculating mean of all data
points assigned to each cluster

5. Repeating: repeat steps 3 and 4
until convergence

Figure 4.4: K-means clustering
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4.3.2 K-means CUDA implementation
To investigate how ModelNet10 classification worked with PointNet++, I used

a tensorflow implementation [24] by David Griffith (a research scientist in 3D com-
puter vision and scene understanding). This implementation is based on the original
paper [25] by Charles R.Qi, an Ai researcher from Stanford University. In these 2
implementations, the major point cloud processing operations (custom operations
and kernels) used for sampling and grouping are designed in C++ and integrated
into the tensorflow library via tf.load_op_library. These operations are designed in
C++ to be compatible with CUDA (Compute Unified Device Architecture), a tech-
nology developed by NVIDIA which uses graphic processor units (GPUs) instead
of central processing units (CPUs). The use of these GPUs enables calculations
to be carried out in parallel, drastically reducing calculation times for large datasets.

As the sampling and grouping methods are implemented in parallel, I have also
implemented the K-Means algorithm in C++/CUDA. Here are the main features
of this implementation:

First, let us define the various terms specific to GPU parallelization in CUDA:

• Threads are the smallest units of execution in CUDA. Each thread executes
a part of the kernel code independently and has a unique identifier in its
block (threadIdx.x)

• CUDA manages threads into a thread block that has a unique identifier
blockIdx.x

• gridDim.x is the number of blocks

• blockDim.x is the number of threads per block

Figure 4.5 illustrates the CUDA Architecture for a unique grid of 2 blocks with 4
threads each. With this architecture, 8 calculations can be performed in parallel.

Figure 4.5: CUDA Architecture
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Let us use an example of two nested loops in C++ to illustrate how CUDA
distributes work between blocks and threads:
f o r ( i n t i=blockIdx . x ; i<b ; i+=gridDim . x ){

f o r ( i n t j=threadIdx . x ; j<n ; j+=blockDim . x ){
f l o a t x = datase t [ i ∗n∗3 + j ∗3 + 0 ] ;
f l o a t y = datase t [ i ∗n∗3 + j ∗3 + 1 ] ;
f l o a t z = datase t [ i ∗n∗3 + j ∗3 + 2 ] ;

These two loops, which are repeated in my K-means implementation in C++,
make it possible to process several point clouds simultaneously and access each of
the n points individually.
Let dataset be the point cloud coordinates of size (b× n× 3) where b is the batch
size (number of training examples used in one iteration of model training.), n the
number of points in the point cloud and 3 represents the x, y and z coordinates.
The vector is flattened into a 1D structure of size (b · n · 3) to facilitate data access
in a linear memory layout, ensuring compatibility with CUDA’s memory model
and enabling efficient indexing.

On Table 4.1, we can see how we can recover the values x,y,z by the repartition of
threads and block of CUDA for b=6 pointclouds of n=10 points and gridDim.x=2,
blockDim.x=4. In the table, we look at block of index 0 and we see that we can get
indices of the xyz coordinates of the 10 points of the first pointcloud by indexation
of threads in the block. The same principle applies to the block 1. These two blocks
work in parallel, and once the execution of one is complete, index i is incremented
to a new value (for example, after the end of execution for i=0, the block with index
0 then processes i=2). Threads work in the same way, first executing calculations
for indices marked in blue, then those marked in red and finally those marked in
black.

blockIdx.x i threadIdx.x j i*n*3 +j*3 + 0 i*n*3 +j*3 + 1 i*n*3 +j*3 + 2
0 0,2,4 0 0,4,8 0,12,24 1,13,25 2,14,26

1 1,5,9 3,15,27 4,16,28 5,17,29
2 2,6 6,18 7,19 8,20
3 3,7 9,21 10,22 11,23

1 1,3,5 0 0,4,8
1 1,5,9
2 2,6
3 3,7

Table 4.1: Example of indexing and distribution of threads and blocks in memory

40



Algorithm 2 K-means CUDA implementation
CUDA: Calculations of the various functions are carried out using the parallel
work of 32 blocks of 512 threads each. All vectors are flattened.
b← batch size: CUDA −→ for (int i=blockIdx.x;i<b;i+=gridDim.x)
n← nbr of points: CUDA −→ for (int j=threadIdx.x;j<n;j+=blockDim.x)
m← nbr of clusters: CUDA −→ for (int k=threadIdx.x;k<m;k+=blockDim.x)
dataset← point cloud coordinates (b · n · 3)
centroids← centroids coordinates (b ·m · 3)
clusters← cluster indexes for each point (b · n)
cluster_sums← sum of coordinates of each cluster (b ·m · 3)
cluster_sizes← size of clusters (b ·m)
cluster_SSE ← Sum of squared error of each cluster (b ·m)
Let maxIter ← max number of iterations

1. kmeans_centroids_Initialization : initialize centroids to the first m points
of each object in the batch.

2. While t < maxIter

(a) kmeans_Cluster_ assignement :
• Scans each point in the dataset.
• For each centroid, calculates the euclidean distance between the

point and the centroid.

distance = (xc − x)2 + (yc − y)2 + (zc − z)2

• Identifies the nearest centroid of each point and updates clusters.
(b) kmeans_centroids_update:

• Resets cluster sums and sizes.
• Calculates the sums of the coordinates of the points assigned to

each cluster, as well as the cluster sizes.
• In order to prevent a possible empty cluster, calculates the Sum of

squared errors (SSE) of each cluster to measure its dispersion. The
larger the SSE, the more is the cluster dispersed.

• Identifies empty clusters and reassigns the centroid for each, choos-
ing the point that contributes most to the SSE of the most dispersed
cluster.

• Recalculates centroid position (weighted average)

centroids[i ∗m ∗ 3 + k ∗ 3 + 0] = cluster_sums[i ∗m ∗ 3 + k ∗ 3 + 0]
cluster_sizes[i ∗m + k]
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4.3.3 Replacing FPS by K-means for sampling

FPS K-means

Figure 4.6: Sampling phase comparison between FPS and K-means

We looked at the impact of using the K-Means algorithm to replace Farthest
Point Sampling (FPS) for the sampling phase, followed by a ball query local search
method.

Figure 4.6 illustrates the differences between FPS and K-Means for the selection
of 32 distinct centroids for a “chair” class object. Two major observations emerge
from this comparison:

• Dependence on initial centroids: Unlike FPS, which generates systemat-
ically deterministic results, K-Means is sensitive to initial centroids choice,
which can lead to variations in results.

• Spatial coverage: FPS guarantees a balanced and homogeneous distribution
of centroids in the point cloud, whereas K-Means can produce a less uniform
coverage (as can be seen in the leg of the chair in the bottom right-hand
corner on above Figure). The centroids selected by FPS capture the shape of
the object more faithfully, as they are mainly located at the borders, whereas
those generated by K-Means represent an average of the surrounding points,
which can attenuate contour details.

Based on these observations, we expect FPS to offer better classification perfor-
mance. However, the results on ModelNet10 show that classification performance
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is of similar order for both methods. This can be explained by the high number of
centroids used in the successive sampling phases (512 in the first phase and 128
in the second), which reduces the differences in coordinates between the centroids
calculated by the two methods. In fact, in relatively well sampled clouds such
as ModelNet10, the points chosen by FPS and K-means are likely to cover the
same important areas. All the more so as the size of the ball (as can be seen on
Figure 4.7) used in the grouping phase is relatively large, allowing all the complex
information to be extracted from the point cloud, whatever the sampling method.
However, if we were to perform the test on non-uniform density datasets as can be
found in real datasets, it is possible that K-means would only capture information
from the densest regions.

FPS K-means

Figure 4.7: Grouping phase by ball query around centroids

4.3.4 K-means for sampling and grouping
A second interesting analysis consists in examining the performance obtained

when using K-means for its primary function, namely clustering. For this, Point-
Net++’s sampling and grouping steps were replaced by the K-means clustering
algorithm.

The ball query method offers a significant advantage over K-means. Ball Query
covers more points than K-means clustering, because it allows overlaps between
clusters. This means that several points can belong to different clusters, which
is particularly useful in high-density areas such as object corners. Conversely, K-
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means assigns each point to a single cluster, which limits the wealth of information
captured in these dense regions.

FPS and Ball query K-means clustering

Figure 4.8: Sampling and Grouping phase comparison between FPS followed by
ball query and K-means clustering

Furthermore, in the second sampling phase of PointNet++, the sphere radius
increases (from 0.2 to 0.4), enabling Ball Query to capture an even greater number
of neighbors and have more overlaps. This ability to capture more information is
directly reflected in the classification results, confirming our expectations.

With K-means, classification performance is clearly inferior and shows consid-
erable variability (from 65% to 80 % in classification accuracy depending on the
number of clusters and maximum points per cluster). In particular, K-means has
trouble distinguishing between similar, dense classes such as desk, dresser and
nightstand. These objects, often composed of square blocks with a high density of
points in the center, highlight K-means’ difficulty in capturing sufficient information
in dense regions.

To illustrate this difference, let us take the example of the intersection between
the left rear leg, the seat, and the back of the chair in the above Figure. With
Ball Query, the orange, brown and khaki green clusters contain information on this
crucial corner of the object’s structure. In contrast, with K-means, only one cluster
(the pink one) captures this information, reducing the granularity and richness of
the extracted data.

It is also important to note that this example only shows 32 clusters, whereas
in PointNet++, we will have 512 centroids the first time we perform the sampling
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and grouping step. This means that, in the case of Ball Query, these critical points
could be included in around 30 clusters at that time. With K-means, on the other
hand, the average number of points per cluster is much lower, so the algorithm
captures even less important information.

This limitation of K-means is linked to its difficulty in capturing information
as rich as that obtained with Ball Query. Indeed, Ball Query allows spheres to
be superimposed and common information to be included across multiple clusters,
which is essential for good abstraction.

Although it is possible to obtain acceptable results with K-means by carefully
optimizing parameters (such as the number of clusters or abstraction layers), the
algorithm remains more complex and less robust than the Farthest Point Sampling
(FPS) approach followed by Ball Query. Consequently, there is no convincing
reason, in this context, to replace FPS and Ball Query with K-means for sampling
and clustering. The authors’ choice of PointNet ++ therefore seems well justified.

4.4 Classification results

MNIST digit classification

Method Error rate (%)
Multi-layer perceptron 1.60

LeNet5 0.80
Network in Network 0.47
PointNet (vanilla) 1.30

PointNet 0.78
PointNet++ 0.51

ModelNet40 shape classification

Method Input Accuracy (%)
Subvolume vox 89.2
MVCNN img 90.1

PointNet (vanilla) pc 87.2
PointNet pc 89.2

PointNet++ pc 90.7
PointNet++(with normal) pc 91.9

Table 4.2: Point Set Classification results comparison with state of art methods [17]

In 2017, PointNet++ achieves state-of-the-art performance on complex 3D point
cloud benchmarks, and has made it possible to integrate local relationships between
points, setting it apart from its predecessor PointNet. This ability to capture
local structures gives it a significant advantage in terms of accuracy, particularly
in classification tasks. However, a major limitation of PointNet++ lies in its
high computational cost, due to the sampling and grouping layers, as well as the
multi-scale grouping process. The various methods derived from PointNet ++ such
as Pointweb or RandLA-Net have subsequently made it possible to reduce the
inference time of the method while retaining its accuracy.
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Chapter 5

Comparison of deep learning and
traditional methods

In this section, we first describe the different classification results obtained
using Point Feature Histograms in comparison with PointNet. The idea here is
to compare a traditional method with the deeep learning method, which is the
reference model that defined the theoretical and methodological foundations of
direct point cloud processing, inspiring a majority of subsequent models. Finally,
we describe the considerable improvement PointNet++ has brought over PointNet.

5.1 Traditional method: Point Feature Histogram

5.1.1 SVM results for local and global features
Figure 5.1 shows several confusion matrices representing the classification of

the SVM according to the features used. If we use Lalonde alone, we obtain a test
accuracy of 35.57%, with Anguelov features we obtain 57.59% and if we combine
the 2 local features we slightly improve the accuracy, reaching 59.47%. However, if
we add the global volume variable, we see that the model becomes very inefficient,
with an accuracy of 13.32%.

We can conclude that the model undergoes over-fitting when the global volume
variable is added. In fact, what happens is that the volume value itself determines
a particular object. However, it is not capable of distinguishing between different
classes.

We can also see that Anguelov’s features seem more relevant than Lalonde’s for
ModelNet10 classification. However, we do obtain an improvement in performance
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when we combine the two features.

As the results by adding global value are really bad, all next results of Point
feature histograms, used for comparison with PointNet, are calculated with the
local features (Anguelov and Lalonde) only as these combination of features seem
to perform better for classification on ModelNet10 dataset.

Lalonde Anguelov

Local features (Lalonde + Anguelov) Global (volume) + local features

Figure 5.1: Confusion matrix results for PFH with Lalonde features, Anguelov
features, local features and local + global features using the complete ModelNet10
dataset with 512 sampled points

5.1.2 Summary of Lalonde results
In the figure below, the impact of the number of classes on SVM classification

with only Lalonde features is clearly visible: an increase in the number of classes
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leads to a decrease in accuracy. On the other hand, sampling a greater number of
points provides more information, which improves the model’s ability to distinguish
between different classes, as expected.

Figure 5.2: SVM Classification with feature vector = Lalonde features

5.1.3 Summary of Lalonde + Anguelov results
The decrease observed here is less marked than that observed with only Lalonde

features for point clouds containing between 128 and 512 sampled points. On the
other hand, a significant drop in accuracy is observed for the dataset containing
1024 sampled points, the origin of which will be analyzed in greater detail later in
this chapter.

Figure 5.3: SVM Classification with feature vector = Lalonde and Anguelov features
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5.2 Deep learning: PointNet

5.2.1 Evolution of loss and accuracy
Figures 5.4 and 5.5 show the evolution of loss and accuracy trained on ModelNet

with 10 classes and 1024 sampled points. We can see that the validation accuracy
curve closely follows the training curve, just as the validation loss curve follows the
training loss curve. The model seems to converge in a fairly stable way, but when
we observe the test accuracy, there is a significant decrease in accuracy on the test,
which is 0.82, while the final accuracy values for training and validation are 0.96
and 0.92 respectively. This indicates a slight overfitting, which could be attributed
to several factors, such as too high number of epochs, excessive model complexity
relative to the dataset size or simply an inappropriate choice of hyper-parameters.
Further examples of the evolution of loss and accuracy over time can be found in
Appendix B.

Figure 5.4: Evolution of loss over time for ModelNet with 10 classes and 1024
sampled points during fitting
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Figure 5.5: Evolution of accuracy over time for ModelNet with 10 classes and 1024
sampled points during fitting

5.2.2 Summary of PointNet results
This last Figure (5.6) shows a summary of all test accuracy of classes from 2 to

10 and test dataset with 128 to 1024 sampled points. The final observed values for
10 classes (84%,83%,85%,82%) are much higher than those observed with Point
Feature Histogram in figure 5.3 (54%,61%,59%,27%).

Figure 5.6: PointNet classification results
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5.3 Comparison of PFH and PointNet

5.3.1 Expected Results
Inference time

What I was expecting to observe is a much shorter inference time for PointNet
because PointNet is a neural network and, once trained, the point cloud is processed
directly. The only operations performed through the neural network are only matrix
mutliplications and non-linear activation function operations.

In contrast, for the traditional method, for each sample and each point in that
sample, we need to define its neighborhood and recalculate the local features before
transmitting the final feature vector to the SVM classifier.

With PointNet, as the number of points increases, so does the number of cal-
culations required, as each point must pass through the MLPs. However, these
calculations can be performed in parallel with an optimized processing unit such
as a GPU, as the calculations are independent for each point.

For Point Feature Histograms, the impact is much greater, as the calculations
are performed sequentially in my implementation.
Initially, when implementing the method, I had not considered developing a parallel
version of PFH. However, after implementing K-means in CUDA, it appeared quite
feasible to design a GPU version of PFH. The inference time results obtained in
next session must therefore be interpreted in the light of the fact that PointNet
was run on a GPU, whereas PFH was run on a CPU.

Accuracy

I also expect to get better results in terms of accuracy with PointNet, as
PointNet processes a point cloud as a whole. Point Feature Histograms, on the
other hand, are based on hand-crafted features and will undoubtedly have difficulty
classifying complex objects.

5.3.2 Effective Results
Inference time

Tables 5.1, 5.2 and 5.3 present the results of inference time for PointNet and
Point Feature Histograms.
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Below are defined the key data to understand the tables presented in this
section:

• The total inference time is the total time the model takes to calculate the
prediction of the test set.

• The support is the number of samples of the specific dataset.

• The inference time per sample is the division of the total inference time by
the support of the test dataset.

Table 5.1: Inference time for Point Feature Histogram wrt number of classes with
512 sampled points

Classes Total inference time [s] Support Inference time per sample [ms/sample]
2 classes 9.596 150 63.97
4 classes 37.704 336 112,21
6 classes 39.519 522 75.71
8 classes 73.963 708 104.47
10 classes 67.621 908 74.47

Table 5.2: Inference time for Point Feature Histogram wrt number of sampled
points for test dataset with 6 classes

Points Total inference time [s] Support Inference time per sample [ms/sample]
128 9.415 522 18.04
256 13.227 522 25.34
512 39.519 522 74.47
1024 158.015 522 302.71

Table 5.1 shows that the total inference time increases as the number of classes
increases. More precisely, as the number of samples increases, the total time
inference increases. Therefore, inference time per sample stays around 100ms per
sample. Indeed, what takes time for prediction with the PFH method is to calculate
the feature histograms (before giving it to SVM).

On Table 5.2, we can see that inference time is growing exponentially the higher
the number of points. That number explodes with 1024 points (goes from 39 s
with 512 points to 158 s with 1024 points and from 74.47 ms per sample to 302.71
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ms for total inference time and inference time per sample respectively). The more
points in the point cloud, the more neighbors to take into account in the feature
construction phase, the more calculations.

Table 5.3: Inference time for PointNet wrt number of classes with 512 sampled
points

Classes Total inference time [s] Support Inference time per sample [ms/sample]
2 classes 5.126 150 34.17
4 classes 5.14 336 15.30
6 classes 5.126 522 9.8
8 classes 5.127 708 7.24
10 classes 5.129 908 5.6

For PointNet however, the total inference time stays constant no matter the
number of samples and the number of points. As a result, inference time per sample
decreases drastically as the support increases: with a support of 150 the inference
sample time for PointNet is ≈ 2 times lower than PFH (34ms for PointNet and
64 ms for PFH) and more than 10 times lower with a support of 908 (5.6 ms for
PointNet and 74,5 ms for PFH). Batch processing and parallelism in the deep
neural model are responsible for the constant total inference time in PointNet.

All these results are consistent with the expected results presented in the
previous section.
One solution to reduce inference time for PFH is to limit the number of neighbors
for which local features are calculated. However, the accuracy might decrease if
the number of neighbors is not high enough.

Accuracy

In this section, the performance of our two models will be compared.

The first two graphs (Figures 5.7 and 5.8) represent the impact of the number
of sampled points in the point cloud with respect to the accuracy of the model.
For Point feature histogram, it is clear on the figure 5.7 that the observed accuracies
with 1024 points are very low compared to others. One might think that a large
number of points would provide more information, thus improving classification,
but in this case there is probably an excess of points leading to over-fitting and
thus reducing performance.
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Figure 5.7: Impact of number of points for Point Feature Histogram classification

For PointNet however, we can rather observe almost same performance with
respect to the number of points. But if we look carefully at specific datasets like
7 classes dataset or 9 classes dataset, the accuracy of test_dataset_1024 has a
significantly drop in performance. This drop suggests also over-fitting as mentioned
in section 5.2 or eventually under-fitting if the model had not have the time to
converge.
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Figure 5.8: Impact of number of points for PointNet classification

In the next graphs (Figure 5.9), we will compare directly the accuracies of
PointNet and PFH.

On Figure 5.9, we can observed that PFH manages to approach PointNet’s
accuracy when the number of classes is limited. However, as the number of
classes increases, PFH’s accuracy falls considerably in comparison with PointNet’s
accuracy. In addition, the gap between PFH and PointNet’s performance widens
as the number of points increases, with PFH performing increasingly worse than
PointNet.

55



Test Dataset 128 Test Dataset 256

Test Dataset 512 Test Dataset 1024

Figure 5.9: PointNet vs. Point Feature Histogram (PFH) accuracy with respect to
number of sampled points

The Figure 5.10 gives more details on 3 specific cases:

1. Dataset with 2 classes and a small number of points (128): PFH perfoms
almost as well as PointNet. However we much prefer the recall and precision
values of PointNet:

• For PointNet, the precision is balanced between the 2 classes (87% for
both) and the recall is good, especially for the class 1 (95%)

• For PFH, the precision of class 1 is perfect but it is at the cost of a very
low recall (58%). This means that we will have many false negatives
and in most applications of real life it is something we want to avoid.

2. Dataset with 6 classes and a mean number of points (256): all F1-score of
PointNet are greater than those of PFH. The PFH accuracy is still acceptable
but there is already a clear gap between PFH and PointNet (72% against
83%).

3. Dataset with 10 classes and a higher number of points (1024): PFH performs
really bad (27%) whereas PointNet performance decreases a bit with a higher
number of points and classes but stay stable (82%).
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Figure 5.10: Specific comparison of PointNet and PFH accuracy

Conclusion

For point cloud classification, the PointNet method outperforms the Point Fea-
ture Histograms method overall. In fact, its performance remains high despite the
number of points or the difficulty of separating more classes. The traditional PFH
method, on the other hand, seems unable to cope with the increasing complexity of
the data. It performs well when only a few classes need to be classified, but drops
when the classification task becomes more complex.
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5.4 PointNet ++
In this section, we evaluate the performance of the different PointNet++ variants

(SSG and MSG) and compare them with those obtained using PointNet. The
results are calculated on complete point clouds comprising 10 classes and 1024
points, in line with the methodology established in the previous sections.

Here is how the classification accuracy of PointNet++ performs:

• PointNet++ SSG (Single Scale Grouping) achieved accuracy performances
in the order of 96-97% for the training set, 91-92% for the validation set
and 84-87% for the test set.

• PointNet++ MSG (Multi Scale Grouping) achieved slightly different
performances: 96% for the training set, 94% for the validation set and 90%
for the test set.

MSG is clearly more efficient and robust, thanks to its ability to extract local
features at multiple scales. However, this robustness comes at a cost: computation
time is considerably longer, as it requires additional calculations to integrate
multi-scale information.

PointNet achieves an accuracy of around 82% on the test set. However, its
improved version, PointNet++, significantly exceeds this result, increasing accuracy
by 8% on the same data set. This improvement is remarkable, especially in a
context where modern deep learning models often struggle to achieve even a gain of
a few tenths of a percentage. It is important to point out that I have not tested all
the possible hyper-parameter combinations on PointNet and PointNet ++, so this
difference is probably smaller (as observed on ModelNet40 in section 4.4, where
the difference between PointNet and PointNet ++ is more like 3%).
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Conclusion

Point cloud processing is starting to become omnipresent in our society for
many applications. Today, the majority of point cloud processing methods are
based on deep learning. However, these neural networks are often regarded as ‘black
boxes’. As a matter of fact it is extremely difficult to understand exactly how these
models make their decisions, given that they can contain millions or even billions of
parameters. As a result many people have a feeling of mistrust about deep learning,
which is totally understandable. In their opinion, deep learning often simply means
creating a network, experimenting with a multitude of parameters, and then hoping
to obtain good results without really understanding the underlying process.

In view of the above, I was eager to try and understand how traditional methods
worked before and to be able to interpret the different features extracted from my
point cloud myself. I started with exploring the state of the art and looked at
the different 3D datasets available and the different tasks to be performed on the
dataset. I finally decided to focus on point cloud classification with the ModelNet10
dataset. I chose classification because it is the essential basis for more complex
tasks such as segmentation for example.

I continued with a complete analysis of a traditional point cloud processing
method: Point Feature Histogram. This method helped me to understand the use
of a feature selection algorithm based on margin (SIMBA) and to visualise and
interpret local features directly.

The next step was to compare all classification results on ModelNet10 of this
traditional method with the reference deep learning point cloud method: PointNet.

After analysis of the results, I can definitely conclude that the PointNet method
demonstrates superior performance in terms of accuracy and calculation time in
point cloud classification compared to the Point Feature Histograms (PFH) method.
PointNet consistently achieves high accuracy, even as the number of points or the
number of classes in the dataset increases, all with limited computing time. This
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robustness highlights PointNet’s ability to handle complex and challenging classifi-
cation scenarios effectively. In contrast, the traditional PFH method struggles as
the complexity of the data grows.

However, PointNet also have its limitations: although it excels at global point
cloud representation, it has difficulty extracting finer-grained patterns. With this in
mind, PointNet++ was developed and successfully exploited the computing power
offered by efficient parallelization and GPU utilization, typical of deep learning
networks, while preserving PointNet’s direct approach to point cloud processing
and taking full advantage of local point cloud structures by grouping points in
overlapping local regions. Ultimately, PointNet++ can be seen as an approach
combining the principles of PointNet with the exploitation of local representations
characteristic of traditional methods.

With PointNet++, we were also able to compare different sampling and group-
ing algorithms, and conclude that Farthest Point Sampling and ball query are
simpler algorithms and better suited to classification in various variable density
scenarios, compared to K-means.

Finally, the interior of a deep neural network is likely to remain a complex and
mysterious domain, but to improve the model, PointNet++ proved us that is not
enough to play Russian roulette in the choice of parameters but it is essential to
use our knowledge of geometry, mathematics and even visual analysis, to guide
model tuning in a more informed and structured way.
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Appendix A

Simba accuracy check additional
graphs (Sec 2.4.3)

A.1 Bathub-bed Dataset 256

Figure A.1: Comparison of margin and accuracy wrt to the number of bins for
choice of the r_ang parameter of Anguelov with the dataset bathtub-bed with 256
sampled points
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Figure A.2: Comparison of margin and accuracy wrt to the number of bins for
choice of the h_ang parameter of Anguelov with the dataset bathtub-bed with 256
sampled points

Figure A.3: Correlation between accuracy and margin as a function of the number
of bins for bathtub-bed dataset with 256 sampled points
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A.2 Bathub-bed-chair-desk Dataset 256

Figure A.4: Comparison of margin and accuracy wrt to the number of bins for
choice of the n_part parameter of Anguelov with the dataset bathtub-bed-chair-
desk with 256 sampled points
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Figure A.5: Comparison of margin and accuracy wrt to the number of bins for
choice of the r_ang parameter of Anguelov with the dataset bathtub-bed-chair-desk
with 256 sampled points

Figure A.6: Comparison of margin and accuracy wrt to the number of bins for
choice of the h_ang parameter of Anguelov with the dataset bathtub-bed-chair-desk
with 256 sampled points
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Figure A.7: Correlation between accuracy and margin as a function of the number
of bins for bathtub-bed-chair-desk dataset with 256 sampled points

A.3 Bathub-bed-chair-desk Dataset 512

Figure A.8: Comparison of margin and accuracy wrt to the number of bins for
choice of the r_ang parameter of Anguelov with the dataset bathtub-bed-chair-desk
with 512 sampled points
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Figure A.9: Comparison of margin and accuracy wrt to the number of bins for
choice of the h_ang parameter of Anguelov with the dataset bathtub-bed-chair-desk
with 512 sampled points

Figure A.10: Correlation between accuracy and margin as a function of the number
of bins for bathtub-bed-chair-desk dataset with 512 sampled points
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Appendix B

PointNet graphs of loss and
accuracy evolution during training
phase (Sec 5.2)

Figure B.1: Evolution of loss over time for Modelnet with 10 classes and 128
sampled points during fitting
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Figure B.2: Evolution of accuracy over time for Modelnet with 10 classes and 128
sampled points during fitting

Figure B.3: Evolution of loss over time for Modelnet with 10 classes and 256
sampled points during fitting
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Figure B.4: Evolution of accuracy over time for Modelnet with 10 classes and 256
sampled points during fitting

Figure B.5: Evolution of loss over time for Modelnet with 10 classes and 512
sampled points during fitting
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Figure B.6: Evolution of accuracy over time for Modelnet with 10 classes and 512
sampled points during fitting

Figure B.7: Evolution of loss over time for Modelnet with 2 classes and 1024
sampled points during fitting
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Figure B.8: Evolution of accuracy over time for Modelnet with 2 classes and 1024
sampled points during fitting

Figure B.9: Evolution of loss over time for Modelnet with 5 classes and 1024
sampled points during fitting
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Figure B.10: Evolution of accuracy over time for Modelnet with 5 classes and 1024
sampled points during fitting
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