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Abstract
4D radar systems attract much attention nowadays, but little research has been
done to explore the abilities of deep learning methods on perception tasks in 4D
radar point clouds. Therefore, this master’s thesis studies semantic segmentation
and object classification capabilities of deep neural networks applied to 4D radar
data of static applications and compares these networks against each other and
classical, non-neural network, techniques. First, eight semantic segmentation neural
networks are evaluated in accuracy and speed, a topic to the authors’ knowledge
not explored extensively before. Then the semantic segmentation task is separated
into two subtasks: object masking and classification, both completed by PointNet.
The performance of the new approach is compared against PointNet directly for the
semantic segmentation task and non-neural network counterparts. As an extension,
a sequential classifier is also introduced to handle the sparsity inherent in 4D radar
data, and specialized metrics and corresponding loss functions aimed at pushing
false positives toward ground truths in semantic segmentation are proposed. The
results indicate differences in performances between point- and convolution-based
networks. It is found that splitting the semantic segmentation task improves overall
accuracy, and sequential data use further enhances classification performance. The
investigated deep learning methods indicate higher accuracy than the investigated
non-neural network techniques but are computationally heavier. This research pro-
vides meaningful insights into the applications of deep learning to 4D radar data,
thus benefiting both academia and industry.

Keywords: Deep Learning, Semantic Segmentation, Object Classification, Point
Cloud, 4D-Imaging Radar
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1
Introduction

The study of perception is a critical aspect of understanding how both humans and
machines interact with their environment. In recent years, the development of new
sensing technologies has led to significant advancements in various fields, such as
robotics [4], automotive [5], maritime [6], healthcare [7], and surveillance [8]. One
such technology is the 4D radar system, which has garnered attention due to its
unique strengths and potential for a wide range of applications, such as robustness
in adverse weather. This master’s thesis aims to explore the capabilities and limi-
tations of the 4D radar system, focusing on the extraction of valuable information
from point cloud data using both classical and deep learning methods.

4D radar systems are sensors that provide three-dimensional spatial as well as speed
information by using high-frequency radio waves, a technology with potential in
several sectors. Its inherent weather robustness, a beam range of up to 300 meters,
the inclusion of the Doppler feature, and the rather low production cost make it
a promising candidate for various static and dynamic applications. However, as
a relatively early-stage technology, there is a significant gap in the existing litera-
ture and research for exclusively designed neural architectures for 4D radar systems.

The first datasets for 4D radar systems have been released in 2019 [9] and onward
[10][11][12], which provided a foundation for researchers to explore different detec-
tion and classification methods within this area. Not only the datasets but also
some neural networks (NNs) have been created to solve different tasks on 4D radar
point clouds. E.g., a transformer [13] that is designed to address the object classi-
fication problem on 4D radar point clouds came out in 2021, and a self-supervised
learning NN [14] for scene flow estimation on 4D radar point clouds has been pub-
lished in 2022. However, there are still many untouched tasks on 4D radar point
clouds such as an in-depth study of the fundamental task of semantic segmentation
(SemSeg) and a general evaluation of NNs initially designed for other point cloud
domains applied to 4D radar point clouds. Thus, this thesis will delve into the
process of extracting crucial information from 4D radar point cloud data, as well as
the comparative analysis of classical and deep learning approaches for detecting and
classifying objects on this data.

Through an in-depth study of the 4D radar system, this thesis aims to contribute to
the growing body of knowledge surrounding this technology, while also identifying
areas for future research and development. Specifically, SemSeg and classification
tasks are of interest. By doing so, it is expected that this work will provide valuable

1



1. Introduction

insights for both academia and industry, fostering the continued growth and evolu-
tion of 4D radar systems and their applications.

1.1 Background and Objective
Sensrad AB, a startup company originating from Qamcom Research And Technol-
ogy AB, is currently developing a 4D-imaging radar system. The perception pipeline
developed by the company relies on non-NN methods, which are referred to as classi-
cal methods in the rest of this report, for detecting, tracking, and classifying objects.
Therefore, the company initiated this thesis project to investigate the potential of
deep learning techniques.

To this end, Sensrad AB has created its own dataset for deep learning training and
performance evaluation using its state-of-the-art (SOTA) radar system. The process
of labeling the dataset involved projecting point cloud data onto the corresponding
labeled camera images, resulting in point-wise labeled point clouds. The task at
hand is to examine the detection and classification capabilities of neural and non-
neural algorithms given the dataset.

Given the objectives outlined above, this master’s thesis aims to:
1. Investigate deep learning approaches for detecting and classifying objects in

static 4D radar point cloud data.
2. Identify the challenges and potentials of the deep learning approaches.
3. Address encountered challenges and improve the networks.

With these aims, this thesis aims to facilitate the progression of more accurate and
efficient perception in 4D radar systems. Moreover, it seeks to provide meaningful
insights not only for Sensrad AB but also for the wider research community.

1.2 Contributions
The contributions of our thesis are twofold: first, it involves implementing and eval-
uating established methodologies for SemSeg task to a rather novel context, i.e.,
4D-imaging radar data; and second, devising approaches to address the issues we
encountered.

Implementing established methodologies to a novel context:
1. The deployment of eight distinct NNs, each tested, assessed, and compared

against one another.
2. The comparative evaluation of classification task between classic and NN clas-

sifiers, i.e., Naive Bayesian Classifier (NBC) and PointNet classifier.
3. The assessment of a conventional segmentation algorithm, Doppler masking,

versus the NN approach using PointNet SemSeg.

2



1. Introduction

Devising innovative techniques to address the encountered problems:
1. The development and evaluation of our Two-Stage Network (TSN), designed

to handle object detection and classification independently, to enhance the
classification performance.

2. The development and evaluation of our sequential classifier, the natural con-
tinuation of the TSN, aimed at further raising the classification capabilities.

3. The formulation of a novel metric and loss function to address wrongly classi-
fied background points.

1.3 Thesis Outline
Chapter 2 first explains some basic knowledge about 4D-imaging radars, then intro-
duces the dataset and how it is annotated. Lastly, each dataset variant is explained
in detail, followed by an analysis of the data.

Chapter 3 explains the theories and technologies used in this project. More specif-
ically, three perception tasks and some general NN structures are included. There-
after, eight SemSeg models are briefly explained, followed by some conventional
techniques which are currently used in the perception pipeline of Sensrad AB. In
the end, evaluation metrics for different perception tasks are also involved.

Chapter 4 presents a comparison of eight SemSeg networks in terms of accuracy
and resources (model size, inference speed, and training time). Then a performance
overview of all networks is illustrated in a bubble plot. A discussion of the obtained
results is finally provided.

Chapter 5 is all about the conceptual framework: Two-Stage Network (TSN). We
first elaborate on how this idea comes out, and naturally, compare the performance
of PointNet with a TSN exclusively using PointNet. Another comparison between
the components of a TSN and corresponding classical methods is also made. Finally,
we analyze the classification results before discussing the whole chapter.

Chapter 6 is a continuation of Chapter 5 to enhance classification capability by
leveraging on consecutive frames. We first explain the architecture of the sequential
network, where three different heads are also introduced and compared against each
other as well as the PointNet classifier regarding accuracy and resources. Again, we
made a comprehensive analysis with three special scenarios, and close this chapter
by discussing the findings.

Chapter 7 first demonstrates the defect of Intersection-over-Union (IoU), thus pro-
viding two new metrics to compensate for this defect. Consequently, two corre-
sponding loss functions are also invented and evaluated on PointNet. We finally
discuss the evaluation results of the new metrics and mean IoU (mIoU).

Chapter 8 is the last chapter where we summarize the whole project. We conclude
the findings from every chapter in order, followed by a proposal for future work.

3
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2
Data

The process of dataset creation at Sensrad AB is an ongoing one, and during the
course of our thesis, the dataset is continuously improved and extended. Of this
data, only a subset has been labeled by an external labeling company, leading to the
creation of three separate datasets: a, b, and c. In this chapter, we delve into the
details of the data, starting with a brief introduction to the background of the data
creation, the signal processing of 4D-imaging radar systems, according to source
[15], and internal company knowledge. Then the labeling process is discussed and a
general analysis of the datasets is conducted. The aim is to provide a comprehensive
understanding of the data used in our research, its quality, and any inherent biases
or limitations that may affect the results of our study. This understanding is crucial
in ensuring that the data and the derived results are appropriately interpreted.

2.1 4D-Imaging Radar

4D-imaging radar is an advanced type of mmWave radar system that goes beyond
traditional radar capabilities. It generates spatial point clouds, which include range,
elevation, and azimuth, along with Doppler velocity (range rate) and received power
for each point. This provides a comprehensive understanding of the environment,
as demonstrated in Fig. 2.1. Refer to Appendix A for technical details on the 4D
radar using processing units from Arbe Robotics Ltd.

5



2. Data

(a) Point cloud colored by Doppler. (b) Point cloud colored by power.

(c) Corresponding image.

Figure 2.1: An example of point cloud generated by a 4D radar system from
Sensrad AB with the corresponding camera image.

Those 4D point clouds are generated using Frequency-Modulated Continuous-Wave
(FMCW), in combination with several signal processing techniques. The FMCW
signal consists of ’chirps’, which are signals that linearly increase in frequency over
time. These signals are reflected by objects and returned to the radar, where the
received signals are mixed with the transmitted signals to create the intermediate
frequency (IF) signal. The IF signal is then converted into a digital form and ar-
ranged in a two-dimensional matrix with each column representing a chirp.

To calculate the distance and speed of surrounding objects, invariant object distance,
and no Doppler frequency shift are assumed. Utilizing the Fast-Fourier-Transform
(FFT) leads to a Range-Doppler map as Fig. 2.2 shows, which provides a compre-
hensive representation of the distance and speed of objects around the sensor.
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Figure 2.2: An illustration of slow-fast-time matrix on the left and Range-Doppler-
map on the right.

The angle of arrival is obtained through the phase shift between array channels
in the antenna. While Single-Input Multiple-Output (SIMO) radar employs one
transmitting (Tx) antenna and multiple receiving (Rx) antennas, Multiple-Input
Multiple-Output (MIMO) radar incorporates multiple Tx and Rx antennas to create
a virtual array with an increased number of channels. As visualized in Fig. 2.3, sig-
nal separation in MIMO radar is achieved using time-division multiplexing (TDM)
or Doppler-division multiplexing (DDM). Furthermore, a 4D data structure contain-
ing range, azimuth, elevation, and Doppler information, is created, as described in
[16], to facilitate the processing of the acquired data.

(a) Sending and receiving MIMO system.

(b) Time-division
multiplexing of the

received signals.

(c) Doppler-division
multiplexing of the

received signals.

Figure 2.3: An illustration of signal separation in MIMO radar.
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Additionally, to improve the radar system accuracy and remove outliers, various
techniques such as constant false alarm rate (CFAR) on the Range-Doppler maps
together with filtering techniques are employed. The result of the signal processing
of the radar beams is the already mentioned Fig. 2.1, the foundation of our studies.

2.2 Dataset
In this section, we will discuss the datasets used in this thesis. Since different tasks
require input data in different formats, i.e., the data for SemSeg is a point cloud of
the whole scene, the data for classification is the points of a cluster, and the data
for sequential classification if the points of the same cluster over several consecutive
time frames, there are three types of datasets used: SemSeg dataset, classification
dataset, and sequential classification dataset. Each dataset is derived from the same
point cloud data consisting of the same scenarios, and will be introduced later in
this section.

To narrow the scope of the study we decided with Sensrad AB to focus on static
environments leading to two simplistic scenarios (a) and (b), see Fig. 2.4a and 2.4b,
and a simple real-world scenario (c), see Fig. 2.4c. These new scenarios prove in-
strumental in the evaluation of our models and allow us to study different isolated
edge-case scenarios effectively.

Scenarios (a) and (b) consist of actors creating isolated challenging situations, de-
signed to test the capabilities of our algorithms in various situations, such as walk-
ing close to each other, standing still (zero Doppler frequency), and crossing paths.
While scenario (c) is a more complex real-world scenario collected at a crossroad
where every road user performed unpredictable actions.

(a) Scenario 1
(artificial).

(b) Scenario 2
(artificial).

(c) Scenario 3
(real-world).

Figure 2.4: Example images of the three available static scenarios.

Scenario (a) with 7.5k selected frames is the simplest among the three, with min-
imal background action and only three actors. The scene takes place on sloped
ground, confined by trees, and involves thus numerous environmental points that
could be wrongly predicted. As depicted in Fig. 2.5, the scenario primarily includes
pedestrians and a few bicyclists, with no cars present.
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Scenario (b) with 34k selected frames is by far the biggest scenario and also rela-
tively simple. It plays on flat asphalt ground with minimal ground detections. The
open and unobstructed space allows for long-distance measurements. This scenario
features four actors and introduces cars into the scene, adding an additional layer
of complexity.
Scenario (c) with 4.5k selected frames represents a real-world scenario at a cross-
road, with increased complexity due to the presence of a large number of objects
simultaneously. Additionally, there are more environmental objects in the scene,
such as traffic lights, which further contribute to the intricacy of this scenario.

Figure 2.5: Point-wise class distribution of the selected frames.

Since we only have three well-annotated scenarios, we have chosen a validation set
from each scenario. As unlabeled scenarios for quantitative testing are not yet ac-
cessible, we have utilized the validation set for both validation and testing purposes.

Finally, for three different perception tasks: semantic segmentation (SemSeg), clas-
sification, and sequential classification, we need three corresponding dataset variants
by leveraging on annotations or a neural network combined with multiple conven-
tional methods illustrated as Fig. 2.6. In general, dataset v1 represents an ideal
situation that only considers annotations, whereas dataset v2 represents a more re-
alistic situation that uses a neural network for SemSeg and conventional methods.

9



2. Data

Figure 2.6: Flowchart of different dataset variants.

2.2.1 Annotation
The data is annotated by an external labeling company, leveraging an automated
projection-based method for cost efficiency. This method involves mounting a cam-
era on top of a radar system. The camera image utilizes SemSeg and offline Multi-
Object Tracking (MOT) to detect, track, and classify objects within its field of view
(FOV). Subsequently, radar points are projected onto the corresponding camera im-
age and labeled according to the identified objects. As a result, the annotations
include both point-wise labels and cluster indices to track each instance across dif-
ferent time frames.

2.2.2 SemSeg Dataset
The SemSeg dataset is the unmodified point-wise labeled dataset mentioned above,
which is annotated by Asymptotic AI. To get a dataset that fits our situation best, a
manual selection process is applied to filter for well-annotated frames, therefore, the
dataset is reduced to 46,363 frames. By selecting the most representative sequence
from each scenario for validation, it leads to a split of 93% (43,277 frames) belonging
to the training set, and 7% (3,086 frames) belonging to the validation set.

In Fig. 2.7, two significant discrepancies are noticeable. First, within the larger
training set, approximately 90% of all points belong to the environment, leaving
a mere 2% associated with the bicyclist class. This imbalance presents challenges
in the development and evaluation of our models and highlights the importance of
addressing such issues in our algorithms

Secondly, a disparity is observed between the training and validation sets, char-
acterized by a relatively high representation of bicyclists and a comparably low
representation of cars within the validation set. Despite this, it is important to note
that the validation bags have been carefully selected to incorporate intriguing edge
cases, serving as critical elements for robust validation.
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Another factor to consider is the variability of points per frame, as visualized in Fig.
2.8. Throughout this thesis, we standardized the number of points to 4069 per frame
across all algorithms to maintain consistency and ensure comparability. As a result,
93% of the frames were upsampled while 7% (marked in red) were downsampled,
thus causing a slight reduction in the resolution of some frames. The distribution
of points, illustrated in Fig. 2.7, reveals a significant imbalance.

As for the masking dataset, for the binary SemSeg task, we simply merge all non-
environment labels into one object class visualized as the grey fraction in the pie
charts.

(a) Number of points in training set:
61,718,146.

(b) Number of points in validation set:
4,165,450.

Figure 2.7: Point-wise statistics of SemSeg dataset v1.

Figure 2.8: Histogram of the number of points in each frame in SemSeg Dataset
v1, where the frames with more than 4096 points are marked in red.
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2.2.3 Classification Datasets
In contrast to the SemSeg Dataset, which comprises an entire point cloud per frame,
the classification dataset only includes a single instance or object per frame, termed
a cluster. These clusters are extracted from the original point cloud through two
distinct methods.

The first method involves directly clustering instances based on the annotated clus-
ter indexes. This results in relatively high-quality clusters, leading to the creation
of an ideal classification dataset called classification dataset v1. The second method
extracts clusters from the TSN or the perception pipeline of Sensrad AB, creating
a classification dataset designated as v2.

Dataset v2 differs from v1 by introducing more realistic scenarios that include noisy
clusters which are false cluster predictions that aren’t associated with any specific
class. It also includes instances of multi-cluster entities, where DBSCAN clusters
multiple objects into one, as well as larger instances broken down into several smaller
clusters. Therefore, v1 holds more academic value, demonstrating the potential of
the algorithms when presented with high-quality data. On the other hand, v2 is
utilized to train the classification network, serving as part of the pipeline to prepare
it for data closely resembling the actual use case.

Fig. 2.9 presents a visualization of the class distribution, which corresponds to the
distribution in Fig. 2.7 presented in the previous SemSeg dataset. However, in-
stead of individual points, it is shown in clusters comprising more than six points.
As previously stated, there are noticeable discrepancies in the distribution of bicy-
clists and vehicles between the training and validation sets. This results in a minor
under-representation of vehicles and a slight over-representation of bicyclists in the
performance evaluation.

(a) Number of clusters in
training set: 94,428.

(b) Number of clusters in
validation set: 8,773.

Figure 2.9: Cluster-wise statistics of classification dataset v1.
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2.2.4 Sequential Classification Datasets
The sequential classification dataset has exactly the same clusters as the classifi-
cation dataset, but it also has an additional track ID for each cluster to facilitate
tracking across multiple frames. This dataset is crafted with the specific aim of
serving sequential classifiers, as discussed in Chapter 6. Similar to the previous
datasets, this one also features two versions: v1, which is created using track labels
from annotations, and v2, crafted with track labels from the MOT pipeline of Sen-
srad AB.

In this dataset, v1 expresses higher quality compared to v2, through longer tracks.
The distribution of tracks and average length for v1 is illustrated in Fig. 2.10 and
Tab.2.1 respectively.

(a) Number of tracks in
training set: 254.

(b) Number of tracks in
validation set: 52.

Figure 2.10: Track-wise statistics of sequential classification dataset v1.

Table 2.1: Average length of sequential classification dataset v1.

Pedestrian Bicyclist Vehicle
Training set 466 193 369

Validation set 257 136 79

2.2.5 Analysis
The analysis of clusters in classification dataset v1 provides insight into the general
attributes of the objects. The histogram shown in Fig. 2.11 portrays the distribu-
tion of the complete training data. Every sample in the histogram corresponds to a
cluster, falling under the classes of pedestrian (red), bicyclist (green), and car (blue).

In Fig. 2.11a, the volume for each cluster is calculated using the formula v =
σxσyσz, where σi is the standard deviation of the cluster spread in dimension i.

13



2. Data

One can observe that while the volumes of pedestrians and bicyclists are relatively
similar, the volume of cars is often larger, which intuitively aligns with reality. How-
ever, there are instances where cars exhibit volumes comparable to pedestrians and
bicyclists. This indicates that volume is not an exclusively distinguishing factor for
the car class.

In Fig. 2.11b, the mean Doppler frequency is computed as µd = mean(|pd|),
where pd represents the Doppler value of the cluster points. This feature is highly
distinguishable; pedestrians tend to occupy a specific area, while cars and bicyclists
often move at faster speeds. However, the majority of cars in the dataset are sta-
tionary.

Another interesting feature is the standard deviation of the Doppler frequency
within a cluster, as seen in Fig. 2.11c. Cars, being solid objects, exhibit lower stan-
dard deviation, whereas pedestrians with moving extremities have a higher standard
deviation.

The power illustrated in Fig. 2.11d and Fig. 2.11e is centered for all classes.
However, the standard deviation of power in Fig. 2.11e reveals that cars, being
right-skewed, have greater variance than pedestrians, which are left-skewed.

In Fig. 2.11g, the dataset exhibits a noticeable bias where background cars tend to
be farther away in comparison to the scripted movements of pedestrians and bicy-
clists positioned directly in front of the radar system.
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(a) cluster volume.

(b) mean-Doppler. (c) std-Doppler.

(d) mean-power. (e) std-power.

(f) Number of points in
every cluster.

(g) Euclidean distance of
clusters to sensor.

Figure 2.11: Kernel Density Estimate (KDE) over the classes with pedestrians in
red, bicyclists in green, and vehicles in blue.
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Fig. 2.12 shows a subsection of the combined attributes. One of the most compelling
combinations is mean Doppler with standard deviation Doppler, as it creates a space
where the classes tend to separate. Another interesting combination is mean Doppler
with distance. The trajectories of cars can be seen in blue. In sequential approaches,
the network could potentially leverage such patterns.

(a) std vs mean Doppler. (b) distance vs mean-Doppler.

Figure 2.12: The scatter plot illustrates the combination of features leads to new
feature representations.

Visualizing the plots is valuable as it enables the analysis of data for patterns based
on the physical meaning that the networks might learn. The plotted representa-
tions in Fig. 2.11 and Fig. 2.12 intuitively show the potential for class separation.
However, neural networks must independently learn their appropriate feature spaces
to separate the data and make decisions based on the raw point cloud data, which
could differ from our physically derived patterns. Nonetheless, if a clear pattern
were to be discovered, the network would be expected to learn it. Based on our
assessment, it appears that such high-distinguishing spaces may not be present.
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3
Theory

In this chapter, we delve into the various theories utilized throughout this thesis,
providing a broad understanding of our investigative approach. Further elaboration
on how these theories have been implemented will be explained in the following
chapters.

3.1 Perception Tasks for Point Clouds
To understand the environment once a point cloud is generated by the sensor, many
tasks can be done based on different purposes. In this section, we only introduce
three perception tasks that are the most relevant to this thesis: classification, object
detection, and SemSeg.

1. Classification is a smaller task compared to the other two since it does not
directly interact with the whole point cloud but instead the extracted clusters
of interest. It requires a model, also known as a classifier in this task, to
assign predefined labels to input data instances based on their features. That
is, in our case, a classifier needs to decide to which object class an input
cluster belongs. Hence, the ground truth labels are the object class of each
corresponding cluster, and a classifier is evaluated with precision, recall, and
F1 score.

2. Object detection is a widespread task in the perception field as it can di-
rectly output useful information from a point cloud. It consists of two subtasks:
localization and classification. The localization subtask asks a model to pro-
duce a 3-dimensional bounding box (bbox) in a point cloud for every object
of interest. A bbox can be parameterized by the coordinates of its centroid,
width, length, height, and optional angles according to needs. And the classi-
fication subtask is exactly the one introduced above. I.e., an object detection
model, also known as an object detector, needs to further identify the object
class within every bbox. So the ground truth labels contain parameters that
define each bbox and the corresponding object class, and an object detector
is evaluated by two types of metrics: IoU/mIoU for localization subtask, and
precision, recall, and F1 score for classification subtask.

3. SemSeg is a similar task to object detection since it also processes the whole
point cloud. However, instead of performing two subtasks at the same time,
it solves a totally different task that assigns a predefined class label to every
single point in a point cloud. This task involves capturing the fine-grained
details and spatial relationships within a point cloud, requiring a model to
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leverage both low-level point features and high-level contextual information.
Therefore, the ground truth labels are the object class of every point in a point
cloud, and a SemSeg model is evaluated by IoU/mIoU.

3.2 Common Structures of Neural Networks

Neural networks (NNs), a subset of machine learning, are complex mathematical
models trained on data. They consist of interconnected neurons organized in layers.
Each neuron performs a linear computation through its weights and bias on the in-
put data and applies a non-linear activation function afterward. In this section, we
introduce three fundamental components used in Chapter 6 for our sequential NNs:
Fully Connected layers, Convolutional layers, and the Long Short-Term Memory
layer/unit.

Fully Connected Layers or dense layers signifies that each neuron in this layer
is connected to all the neurons in the preceding layer. Fully connected layers are
often used in sequences, where sequences bigger than three are also called Multilayer
Perceptrons (MLPs). The following equation

yj(x) = f(
n∑
i=1

wjixi + bj) (3.1)

represents a single layer that performs a weighted sum of all its inputs x ∈ Ri using
the weights w ∈ Rj×i, adds a bias term b ∈ Rj, and then applies a non-linear
activation function f to generate y ∈ Rj the output, which is the input on the
succeeding layer.

Fig. 3.1 visualizes the matrix multiplication of the input vector x ∈ R1×9 and
the learnable weights w ∈ R9×4 mentioned in Eq.3.1 to generate the output vector
y ∈ R1×4, note that in the visualization the bias therm b ∈ R1×4 is not included
for simplicity but would be added in the activation function f . On the right, the
corresponding neural structure is illustrated.
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Figure 3.1: Calculation scheme and neural structure of a fully connected layer.

Convolutional Layers apply a series of filters (also known as kernels) to the input
data to extract spatial features such as edges, and corners. A simple 2D convolu-
tional layer with batch and channel size one is illustrated in Eq.3.2, where x ∈ Ri×j

is the 2-dimensional input data and w ∈ Rk×l and b ∈ R1 are the learnable param-
eters kernel and bias. The output of the convolution is inserted into a non-linear
activation function f leading to the 2-dimensional output y ∈ Rm×n. The actual
size of y can be calculated with Eq.3.3, where w and h is the width and height of
the input, k is the kernel size, p is the zero padding, and s the step size called stride

yij(x) = f(
∑
k

∑
l

xi+k,j+lwkl + b), (3.2)

ywidth = w − kwidth + 2p
s

+ 1, yhight = h− khight + 2p
s

+ 1. (3.3)

Fig. 3.2 illustrates the formula for an input x ∈ R3×3 and kernel w ∈ R2×2 leading
to the output y ∈ R2×2. Where also in this example the bias b is left out however
could be added within the activation function f , stride s = 1, and zero padding
p = [0, 0]. On the right side is the neural structure where it gets visible that the
convolutional layer only differs from a fully connected layer by structural missing
connections.
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Figure 3.2: Calculation scheme and neural structure of a convolutional layer.

Long Short-Term Memory (LSTM) is a distinct variety of Recurrent Neural
Network (RNN) architecture that uses a memory management system to handle
temporal sequences and their dependencies. The LSTM accomplishes this through
a dual memory system consisting of short-term memory h and long-term memory
c. The regulation of these memories is executed by the three gates: input gate i,
output gate o, and forget gate f , visualized in Fig. 3.3 as a diagram and as formulas
on the right. Since the LSTM is one of the main focuses in this thesis, section 6.4,
the flow within the unit is clearly explained in detail.

Figure 3.3: LSTM diagram [1] and corresponding equations.

Input Vector (xt ∈ Rd) is the incoming data that the LSTM cell processes for a
given timestep.

Forget Gate’s Activation Vector (ft ∈ [0, 1]h) is calculated by applying a sig-
moid function to the weighted sum of the input vector xt and the previous timestep’s
hidden state ht−1, plus a bias term. The weights W , U and bias b are learned during
training. The output ft is a vector with values between 0 and 1, indicating how
much of the cell state ct−1 from the previous timestep should be forgotten (with 0
indicating "completely forget" and 1 indicating "completely retain").
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Input/Update Gate’s Activation Vector (it ∈ [0, 1]h) decides how much of
each new candidate value c̃t should be added to the cell state ct−1. Like the forget
gate f , it uses a sigmoid function applied to the weighted sum of the input vector
xt and the previous timestep’s hidden state ht−1, plus a bias term.

Cell Input Activation Vector(c̃t ∈ [−1, 1]h) is a vector of new candidate val-
ues that could be added to the cell state ct−1. It is calculated by applying a tanh
function (which outputs values between -1 and 1) to the weighted sum of the input
vector xt and the previous timestep’s hidden state ht−1, plus a bias term. The cell
input activation vector c̃t is elementwise multiplied by the input gate’s activation
vector it to create an "update" for the cell state ct−1.

Cell State Vector(ct ∈ Rh) is the "memory" of the LSTM unit. It is updated
by forgetting some things (according to the forget gate’s activation vector ft), and
adding some new things (according to the input gate’s activation vector it and the
cell input activation vector c̃t).

Output Gate’s Activation Vector(ot ∈ [0, 1]h) is calculated similarly to the other
gates. However, its role is to decide how much of the (newly updated) cell state ct
should be outputted as the hidden state ht for this timestep.

Hidden State Vector(ht ∈ Rh), has two arrows leaving the block, the under arrow
ht is the hidden state of the next time instance, the upper arrow ht is the output
vector of the LSTM unit. Hereby ht is calculated by applying a tanh function to
the cell state vector ct (which pushes the values to be between -1 and 1), and then
elementwise multiplying by the output gate’s activation vector ot.

Weight Matrices and Bias(W ∈ Rh×d, U ∈ Rh×h, b ∈ Rh) are the parameters of
the LSTM unit that are learned during training. As visible in the equations, each
gate has its own weight matrix and bias vector, and there’s also a separate weight
matrix and bias vector for calculating the cell input activation vector c̃t.

3.3 Neural Networks for Point Clouds
In this section, we introduce the NNs of Chapter 4 used for semantic segmentation
on radar point clouds. Point clouds in general, as described by [2], have distinct
characteristics that make them challenging to work with: they are unordered, exhibit
interactions among points, and have semantic invariance to specific transformations.
To address these challenges, various methods have been proposed to process point
clouds, which can be broadly categorized into three groups as in [17]: Projection-
based, Discretization-based, and Point-based.

Projection-based methods, while relatively fast, suffer from unavoidable information
loss due to the inherent nature of projection. As a result, this thesis will primarily
focus on the latter two approaches, Discretization-based and Point-based methods,
which have demonstrated superior performance in benchmark tests, such as the
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SemanticKITTI [18] and the nuScenes [19]. In the rest of this section, we will
delve into the architectures of our tested methods and discuss their advantages and
limitations.

3.3.1 Point-based

Point-based networks operate directly on the point clouds, without the need to
convert the data into another format (like images or voxels). This is a significant
advantage because converting point cloud data into other formats can often result
in the loss of information. Point-based networks usually employ shared Multi-Layer
Perceptrons (MLPs) for the extraction of point-specific features and incorporate
some kind of pooling layers to obtain global features.

PointNet, first introduced in 2017 by [2], is a pioneering point-based method still
renowned for its simplicity and efficiency. In our thesis, we have leveraged PointNet
as a critical component in our Two-Stage Network (TSN) as well as our sequential
classifiers. Therefore, it is explained in more detail compared to the other architec-
tures.

The architecture of PointNet is depicted in Fig. 3.4, and it is composed of the
following key components:

1. Input Transform: This is a mini NN called T-Net, which aligns the input
point cloud to a canonical (standardized) coordinate frame, helping to ensure
that the model is invariant to transformations such as rotation and scaling.

2. Shared MLPs: Each point in the point cloud is processed independently
through shared MLPs. This means the weights of the MLPs are the same for
each point, which allows the network to handle unordered point sets.

3. Max Pooling Layer: After the shared MLPs, a max pooling operation is
applied. This operation essentially takes the maximum value of each of the
MLPs’ output features across all points, creating a global feature vector that
represents the entire point cloud. This feature vector is invariant to the order
of input points.

4. Classification Head: This head classifies the entire point cloud into a cate-
gory. After generating a global feature vector from the shared MLPs and max
pooling layer, this vector goes through Fully Connected (FC) layers that map
these global features to class probabilities.

5. Segmentation Head: This head classifies individual points in the point
cloud. It combines local and global features for each point, and these features
are passed through shared MLPs to produce class predictions for each point
in the point cloud.
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Figure 3.4: PointNet architecture for classification and SemSeg [2].

PointNet++ [20] is the successor of PointNet. The primary advancement in Point-
Net++ lies in its hierarchical approach, where it applies PointNet recursively on
nested subsets of the input point cloud, capturing local features with increasing
context. This feature extraction on multiple scales accommodates a wider range of
object scales and improves performance with intricate details.

KPConv [21], short for Kernel Point Convolution, is a method designed for dealing
with point-based oriented convolutions utilizing deformable kernels. The central idea
is to treat each point in the cloud as an individual convolution kernel center, thus
ensuring the alignment of the convolution operation with the underlying surface of
the 3D structure. This approach effectively bridges the gap between irregular point
clouds and regular convolutions, allowing the model to capture complex geometries
and patterns more accurately.

RSConv [22], or Relation-Shape Convolution, is a method that seeks to enhance
the feature learning capabilities in point cloud data by incorporating geometric rela-
tionships between points. The central concept is to establish a relationship between
each point and its neighbors and use a shared Multi-Layer Perceptron (MLP) to
encode these relations into features.

3.3.2 Discretization-based
Discretization-based methods treat point clouds as a special form of 3D volumetric
data. In these methods, the 3D space is typically divided into a predefined grid,
effectively converting the irregularly distributed point cloud into a regular volu-
metric representation such as voxel grids or multi-view projections. Convolutional
Neural Networks (CNNs) can then be applied to learn features from these grid rep-
resentations. However, these methods often face a trade-off between resolution and
computational resources due to the highly increased dimensionality of 3D data.

MSSVConv [23], or Multi-Scale Sparse Voxel Convolution, is a method that specif-
ically handles sparse point cloud data. The core idea is to divide the 3D space into
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voxels at multiple scales and apply sparse convolutions on these voxelized represen-
tations to extract features.

Minkowski [24] uses the Minkowski Engine as the backbone, which is a specialized
framework for sparse tensors, enabling highly efficient operations in high-dimensional
spaces. The key concept is to discretize the input space into a voxel grid and handle
it as a sparse tensor.

3.3.3 Combinations
Combinatorial methods encompass models which either leverage point-based and
discretization-based modules or cannot be distinctly classified under either of those
methodologies.

PPNet [25] short for Pose Pole Net, is a deep residual network operating point-wise
within a grid using layers of transformations and local aggregation. At its heart is
a straightforward local aggregation operation. In this process, PosPool solely com-
putes the average of the features surrounding a central point, which in turn generates
the features of the specific center point.

PVCNN [26] short for Point-Voxel Convolutional Neural Network, is a method de-
signed to effectively and efficiently process 3D point cloud data. The core idea is to
exploit the advantages of both point-based and voxel-based methods by dynamically
allocating computations between raw point clouds (PointNet) and voxelized repre-
sentations (3D CNNs). This dual-branch structure allows PVCNN to benefit from
the detailed preservation of point-based methods and the computational efficiency
of voxel-based methods.

3.4 Naive Bayesian Classifier
Within this thesis, the simple Naive Bayesian classifier (NBC) [27] is employed, a
Bayesian probabilistic model that assigns a posterior class probability to an instance.
This model calculates the probability of each class and selects the label with the
Maximum A Posteriori (MAP) value ŷ as Eq.3.8.

Considering the Bayes theorem [28] below

P (yj|xi) = P (xi|yj)P (yj)
P (xi)

, (3.4)

to perform calculations feasibly, we omit the joint probability of feature xi and class
yj and adopt the "naive" assumption that the features in vector x are independent
of each other. This assumption allows us to derive the following equation
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P (x|yj)P (yj) = P (x1|yj)P (x2|yj) . . . P (xp|yj)P (yj),

=
p∏

k=1
P (xk|yj)P (yj),

(3.5)

which simplifies the calculations. Inserting Eq.3.5 into Eq.3.4 leads to the following
new expression

P (yj|xi) =
∏p
k=1 P (xk|yj)P (yj)

P (x) . (3.6)

Since the denominator P (x) does not depend on the class y, and hence is only a
constant scaling factor it can be removed, resulting in the below relation

P (yj|xi) ∝
p∏

k=1
P (xk|yj)P (yj). (3.7)

The predicted class ŷ is the class which maximizes the probability P (yj|xi), which
is known as the MAP, and organized below

ŷ = argmax
yj

P (yj|xi) = argmax
yj

p∏
k=1

P (xk|yj)P (yj). (3.8)

3.5 Doppler Masking
Doppler masking is a simple technique to extract objects from the environment.
This is established by a Doppler threshold dtrsh, which then classifies points pi with
an absolute Doppler value higher than dtrsh as an object pclsi = 1. Consequently,
the points with an absolute Doppler value |pdi | < dtrsh are classified as environment
pclsi = 0, see the equation below

pclsi =

1, if |pdi | ≥ dtrsh

0, if |pdi | < dtrsh
∀i ∈ {1, 2, . . . , N}, (3.9)

where N is the number of points in the point cloud. The threshold value can
be determined via a linear search that evaluates the trade-off between maximizing
object points and minimizing the mislabeling of environmental points as objects.
This can be formulated as a simple optimization problem focusing on maximizing
the Intersection over Union (IoU) for the object class over the Doppler value d as
follows

dtrsh = argmax
d

IoUobj(d). (3.10)

This is an intuitive, fast, and easy-to-implement method to detect objects from the
environment, which is suitable for applications where only moving objects are of
interest. However, the main shortcoming is that static objects will not be detected
by this conventional approach.
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3.6 DBSCAN
In this section, we discuss the classical Density-Based Spatial Clustering of Applica-
tions with Noise (DBSCAN) algorithms used in the thesis. DBSCAN is a clustering
algorithm [29] that groups points in close proximity to one another, based on their
density, while simultaneously filtering out noise from regions that lack the required
density distribution. This thesis employs the classical DBSCAN in TSN.

Classical DBSCAN algorithm requires two hyper-parameters to define the desired
cluster density, search radius ϵ and the minimum number of neighbors n within ϵ.
The algorithm is explained with the following six steps and the corresponding figure
3.5:

1. Identify core points pi: A point is considered as a core point pi if it has at
least n neighbors within the search radius ϵ; otherwise, it is a non-core point
p̄i.

2. Select an unmarked core point pi and add it to the set of core points Sj with
an associated cluster index j, and mark this core point.

3. If another unmarked core point pi exists within the current search area defined
by radius ϵ, add it to the set Sj with an associated cluster index j and mark
it, and repeat this step until no unmarked core points pi exist in this search
area.

4. Repeat steps 2 and 3 until all core points pi are marked.
5. For non-core points p̄i with neighbouring points pi within the search radius ϵ,

add them to the corresponding set Sj.
6. Remaining non-core points p̄i are defined as outliers ṗi.

Figure 3.5: An illustration of classical DBSCAN from [3] with core points pi in red,
non-core points p̄i in yellow, outliers ṗi in blue, circles of radius ϵ, and the minimum
neighbour points n = 3.

3.7 Evaluation metrics
To evaluate the performance of a model, some widely used metrics of perception
tasks for point clouds, i.e., Intersection over Union (IoU), mean IoU (mIoU), preci-
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sion, recall, can F1 score will be introduced in this section.

Intersection over Union (IoU) is a fundamental evaluation metric in the field of object
detection and semantic segmentation. It measures the overlap between a predicted
region and a ground truth region by calculating the ratio of the intersection area to
the union area of the two regions. It provides a quantitative assessment of how well
an object is localized or how accurately a region is segmented. It can be expressed
in a mathematical way below

IoU = TP

TP + FP + FN
, (3.11)

where TP, FP, and FN represent true positive, false positive, and false negative
respectively. Apparently, IoU ranges from 0 to 1, where a value of 1 indicates a
perfect overlap between the predicted and ground truth regions. An example of
how to calculate IoU is illustrated in Fig. 3.6, from which IoU for pedestrian and
environment can be calculated respectively below

IoUPed = 22
22 + 1 + 2 = 88.0%,

IoUEnv = 5
5 + 2 + 1 = 62.5%.

(3.12)

(a) Ground truth. (b) Prediction.

Figure 3.6: An example of IoU calculation, where pink and black points represent
pedestrian and environment respectively.

Mean Intersection over Union (mIoU), on the other hand, extends the concept of IoU
to multiple classes by averaging the IoU values across all classes. It is commonly used
to evaluate the overall performance of an object detection or semantic segmentation
algorithm. In the previous example, mIoU can be calculated below

mIoU = IoUPed + IoUEnv

2 = 88.0% + 62.5%
2 = 75.25%. (3.13)

Therefore, the mIoU metric is sensitive to both accuracy and coverage, providing a
comprehensive measure of the model’s ability to capture object boundaries and seg-
ment objects accurately. By utilizing IoU and mIoU, researchers and practitioners
can quantitatively assess and compare the performance of different computer vision
models, enabling advancements in the field and facilitating the development of more
robust and accurate systems.
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Precision and recall are essential metrics in object detection and classification tasks.
Precision focuses on minimizing false positives, while recall aims to minimize false
negatives. There is often a trade-off between precision and recall, and achieving a
balance depends on the specific application. Hence, another metric, the F1 score,
which takes the harmonic mean of precision and recall below

F1 score = 2 · precision · recall
precision + recall , (3.14)

is invented to provide a balanced evaluation. These metrics enable researchers to
assess and optimize model performance in a reasonable way.
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Comparison of Different Networks

In this chapter, all the neural networks presented in Chapter 3.3 are assessed based
on the criteria: prediction accuracy, model size, inference speed, and training time.
The primary objective of this comparative analysis is to establish a benchmark that
provides a comprehensive overview and uncovers performance trends across differ-
ent architectures. This aids in making critical future decisions such as identifying
which architectures are most appropriate for 4D radar data, and determining the
requisite model complexity needed to address the task at hand. To mention the
networks again for convenience, the point-based networks including PointNet [2],
PointNet++ [20], the discretization-based networks including RSConv [22], KPConv
[21], Minkowski [24], and MSSVConv [23], and the combination networks including
PVCNN [26] and PPNet [25]. The extensive comparison conducted within the time-
frame of a master’s thesis is made possible due to the implementation of these
networks in torch-points3d [30]. Without these, such a comprehensive compari-
son would have been infeasible. The details of training conditions for each network
can be found in Appendix B.1.

4.1 Accuracy Evaluation
To evaluate the prediction performance of a network for the SemSeg task, the metric
mIoU explained in section 3.7 is used. During the training process, every network is
evaluated at every epoch on both the training and the validation dataset, leading to
the results visible in Fig. 4.1, which shows the validation and training mIoU as well
as the training loss. In general, the networks converge in an appropriate way, espe-
cially in view of the training mIoU. The test mIoU is in the beginning often bumpy,
however, for most of the networks, smoothes over time due to the learning rate decay.

Tab.4.1 is sorted according to the converged validation mIoU. It is visible that PPNet
with a mIoU = 69.48% is leading the board by a margin compared to PVCNN with
a mIoU = 64.10%. The table is closed with KPConv reaching a mIoU = 44.05%.
Interestingly, the validation mIoU from 44.05% to 69.48% is more spread than the
training mIoU from 88.59% to 97.54%. Furthermore, the obvious discrepancy be-
tween validation and training mIoU indicates model overfitting to the training data
visible in the last column mIoU∆. The tendency is that the mIoU∆ is inversely
proportional to the validation mIoU, showing the impact of overfitting on the model
performance.
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In reference to the loss depicted in Fig. 4.1c, distinct convergence rates, character-
ized by an elbow-shaped curve, can be observed. It is noticeable that the networks
demonstrating the most pronounced elbow tend to achieve lower losses, with MSSV-
Conv, represented by the yellow line, leading this trend. However, this observation
does not entirely align with the convergence trends seen in the validation metric
(mIoU) where MSSVConv is placed in the middle ranks.

(a) Validation mIoU. (b) Training mIoU. (c) Training negative
log-likelihood loss.

Figure 4.1: Training and validation performance of different SemSeg networks.

Table 4.1: Converged validation and training mIoU of different SemSeg networks
as well as the difference between them in descending order of validation mIoU.

Neural network Converged validation mIoU ↑ Converged training mIoU ↑ mIoU∆ ↓
PPNet 69.48% 93.90% 24.42%
PVCNN 64.10% 93.02% 28.92%
Minkowski 61.44% 92.04% 30.60%
MSSVConv 58.73% 96.29% 37.56%
PointNet 53.19% 97.54% 44.35%
PointNet++ (MSG) 53.01% 92.03% 39.02%
PointNet++ (SSG) 50.97% 87.80% 36.83%
RSConv 46.52% 87.76% 41.24%
KPConv 44.05% 88.59% 44.54%

In order to analyze the predictive capabilities of the networks in more depth, three
confusion matrices are illustrated in Fig. 4.2 juxtaposing the predicted labels with
the true labels of the points. The subplots consist of Fig. 4.2a, the unmodified
confusion matrix of all networks, Fig. 4.2b, standing for the class normalized ver-
sion, and Fig. 4.2c, also class normalized but specifically focusing on the top three
NNs that achieved the highest validation mIoU scores. All the matrices have the
sequence represented by ’environment’, ’pedestrian’, ’bicyclist’, and ’vehicle’. In
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this configuration, the rows symbolize the true class, while the columns represent
the predicted class, thus the diagonal elements stand for the correctly labeled points.

Regarding the matrix in Fig. 4.2a, it is visible that all the networks are fairly able
to distinguish between environment (yellow section) and object class (blue section).
However, from the matrix in Fig. 4.2b, two issues can be seen, on one hand, the
general difficulty of the networks to distinguish between pedestrians and bicyclists,
marked with the orange rectangle. And on the other hand, the high amount of un-
detected vehicles are marked with a green rectangle. Yet, it has also to be recalled
that only a few instances of vehicles exist and thus it is hard to draw definitive
conclusions from the few samples. Interestingly, at leas one of the aforementioned
issues exist for the three top-performing networks shown in Fig. 4.2c as well, even
though to a smaller extent.

(a) All NNs.

(b) All NN (normalized). (c) Best 3 NNs (normalized).

Figure 4.2: Confusion matrices of different SemSeg networks with classes of envi-
ronment (0), pedestrians (1), bicyclists (2), and vehicles (3).

To summarize this section, it can be said that the networks in general are able to
detect objects fairly well with mIoU up to 70% given the class imbalance between
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environment and objects. However, there is a tendency to overfit the training data.
Regarding the confusion matrices, while the NNs are able to detect pedestrians and
bicyclists, they have difficulties detecting vehicles. And Even though pedestrians
and bicyclists are detected, the networks struggle to distinguish between them.

4.2 Resource Evaluation
For a real product that needs to run in real-time on an embedded system, like radars,
the model size and speed matter a lot. On top of that, the time invested in training
is also a factor to consider. To this end, all networks have been compared in model
size and evaluated in terms of inference time on a GPU, NVIDIA RTX 3090, and
training time on another GPU, NVIDIA GeForce GTX TITAN X, with detailed
training conditions in Appendix B. Nevertheless, these three characteristics will be
evaluated one by one in this section.

Model size, a quite valuable resource in a product, determines how much run-time
memory is needed for a network. It is vital to choose a suitable model for some
specific applications considering model size. Therefore, to get an overview of all
tested models, the number of parameters in each NN is listed in TAB.4.2 in de-
scending order. In general, point-based networks are relatively small in size, while
discretization-based networks are much larger with the exception of RSConv which
is even smaller than PointNet.

Table 4.2: Number of parameters of different SemSeg networks in ascending order.

Neural network No. parameters ↓
PointNet++(SSG) 1,398,724
PointNet++(MSG) 1,727,468
RSConv 3,480,467
PointNet 3,536,469
MSSVConv 9,141,284
KPConv 14,080,192
PPNet 18,367,344
PVCNN 21,774,820

Inference speed is another important factor for selecting a proper model. It has
less impact in offline applications, however, it is of great importance in online tasks.
Thus, to simulate the real-time situation, every model is running inference with
batch size 1 for 10 times in a row on GPU, NVIDIA RTX 3090. Due to the warm-
up phase of a GPU, the inference speed at the first run is obviously slower than the
others. Hence, we remove the slowest and the fastest results before calculating the
average inference speed. Finally, the results are illustrated in Tab.4.3 in ascending
order of average inference time with an input point cloud size fixed at 4096, which is
a suitable value based on our dataset. Overall, point-based networks lead the board
again with a huge gap. PointNet, the fastest network during inference, can reach
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132.58 frames per second (fps), 7 times faster than the slowest network, MSSVConv,
which can only run at 18.41 fps. On the other hand, the most accurate network,
PPNet, is the second slowest model with 22.68 fps, meaning that it can not run
in real-time even on a powerful GPU. According to current results, only four NNs
can potentially run in real-time on an embedded product: PointNet, PointNet++,
Minkowski, and PVCNN.

Table 4.3: Inference speed of different SemSeg networks on GPU (NVIDIA RTX
3090) in descending order.

Neural network Inference speed ↑
PointNet 132.58 fps
PointNet++(SSG) 98.90 fps
PointNet++(MSG) 74.04 fps
Minkowski 68.76 fps
PVCNN 35.82 fps
KPConv 26.82 fps
PPNet 22.68 fps
RSConv 21.27 fps
MSSVConv 18.41 fps

However, discretization-based networks are generally faster than point-based net-
works in terms of inference speed as analyzed in [26], which is conflicted with our
results. This is because of the small input size of point clouds in our application
compared to other scenarios, e.g. LiDAR point clouds, with millions of input points.
Therefore, it would be intriguing to investigate the decrease in inference speed of
our different network architectures as the size of the input grows. The experiment
is conducted by gradually increasing the number of input points for every network
from 4,000 to 100,000 in increments of 1,000. Consecutively, for each network-point
pairing 10 inference runs have been recorded. Regarding the computation of the
average, the slowest and fastest run has been removed to exclude outliers. The
tests have been conducted on our GPU, NVIDIA RTX 3090, and the results are
illustrated in Fig. 4.3. PointNet family occupies the top three positions in the be-
ginning, however, Minkowski outperforms PointNet++(MSG), PointNet++(SSG),
and PointNet at around 5,000, 10,000, and 20,000 input points respectively. On top
of that, Minkowski leads the board all the way until the end. It is also noticeable
that only PVCNN and MS_SVConv drop almost linearly, meaning that they will
probably become the top two with more input points. On the other hand, this ex-
periment is not perfectly designed. E.g., we only duplicate existing points instead
of adding new points in the scene, making the testing situation less realistic. Nev-
ertheless, it is easy to implement within the limited time of this project and still
provides valuable insights. In our application where the maximum number of input
points is far less than 20,000, PointNet is still the first candidate in terms of infer-
ence speed. Even if the input size changes in the future due to more advanced radar
technologies, this result can be used as a reference for selecting a proper model.
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Figure 4.3: Inference speed of different SemSeg networks with different numbers
of input points on GPU (NVIDIA RTX 3090).

Training time is the last factor we consider regarding the resources since it can
be improved in an easier way, e.g., simply using a more powerful GPU for training,
which is normally durable for commercial purposes, but still interesting to compare.
Hence, all networks have been trained on the same GPU, NVIDIA GeForce GTX
TITAN X, with different batch sizes but basically all used up the whole memory of
12 GB. Generally, the training time varies quite a lot from network to network. But
clearly, point-based networks are located in the first half, but not the fastest ones
anymore according to TAB.4.4, where Minkowski ranks at the top and only takes
less than 2 hours, while the slowest and also the most accurate one, PPNet, takes
more than 3 and half days.

Table 4.4: Training time of different SemSeg networks on GPU (NVIDIA GeForce
GTX TITAN X) in ascending order.

Neural network Training time ↓
Minkowski 1h47m50s
PointNet++(SSG) 4h17m54s
PVCNN 6h41m54s
PointNet++(MSG) 14h32m37s
PointNet 14h35m25s
MSSVConv 1d6h15m39s
RSConv 1d21h29m5s
KPConv 2d15h24m44s
PPNet 3d16h5m58s
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4.3 Performance Analysis
The bubble plot in Fig. 4.4 concludes the aforementioned results in a single figure.
It should be noted that instructions on how to interpret the plot are provided in the
image description. Nevertheless, the inference speed and converged validation mIoU,
are given by the x- and y-axis. While diameter, transparency and color correspond
to the model size, training, and architecture type, respectively. Therefore, the ideal
network would be in the upper right corner, rather small and fully transparent. Ob-
viously, the highest-performing network is PPNet, a combination method. However,
it tends to be rather slow, has a high memory demand, and necessitates extensive
training time. On the other hand, PointNet is the fastest architecture. Regarding
mIoU PointNet is situated in the mid-range. It requires rather few memory require-
ments and is also fairly fast to train.

Figure 4.4: Performance overview of each neural network, where the x-axis rep-
resents the inference speed in fps, the y-axis represents the converged validation
mIoU, the size of each bubble represents the model size, and the transparency of
each bubble represents the training time with the fastest network corresponding to
100% transparent, the color represents the network type with point-based in green,
discretization-based in blue, and combinations in orange.

According to Fig. 4.4, the network architecture types can be clustered into distinct
groups, with the mIoU appearing as the primary determining factor. Combinatorial
methods display superior performance, yet they come at the expense of substan-
tial memory requirements. In contrast, point-based methods typically exhibit lower
mIoU compared to other methodologies. Nevertheless, they encompass the most
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efficient networks in terms of minimal memory requirements and short training pe-
riods, as exemplified by PointNet and PointNet++. It should be noted, however,
that point-based methods also include RSConv and KPConv, which do not demon-
strate particularly impressive performance on our dataset, being positioned in the
lower-left corner of the figure. Networks relying on discretization fall within an
intermediary range concerning mIoU performance, model size, and training time.

4.4 Discussion
Before further discussing the results, it is important to note that the results obtained
in this study depend heavily on several factors: network configurations, which are
chosen as the original ones in the library [30], learning setup, data augmentation,
and dataset. Therefore, it is probable that a more optimized parameter search would
yield different results.

The most notable observation of this chapter is the pronounced overfitting of the
models. Higly possible due to the small variance within the training set, despite
the use of data augmentation. It is also surprising that PointNet++, designed to
extract local features, does not outperform its predecessor, PointNet, as usually
the case. Reflecting on the evolution of these networks, it is clear that efforts to
increase performance by capturing more nuanced details have resulted in increased
model complexity. However, this approach appears to have led to diminished results
and overfitting with our relatively simple radar data, as visible in 4.1 mIoU∆.

Therefore, it may not be the architecture of the networks at fault, but rather the level
of model complexity. By reducing this complexity and thus solving the overfitting
problem, we could potentially see a significant shift in prediction accuracy. Beneficial
to encounter the overfitting would also be to increase the variety in the dataset. In
addition, some more advanced data augmentation techniques are worth trying to
mitigate the biased performance caused by the limited dataset size and imbalanced
class distribution. E.g., global flipping, global rotation, and ground truth database
sampling to only augment object classes in different ways.
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The Two-Stage Network (TSN) is a conceptual framework designed to tackle the
challenging task of object classification in radar point clouds - a task with which the
networks discussed in the previous chapter have had difficulties. The main approach
is to decompose the segmentation task into three subsequent stages: binary Sem-
Seg, also referred to as object masking, facilitated by a masking modul, clustering by
DBSCAN, and object classification handled by a classification modul. Even though
the implemented NN modules of the TSN are exclusively PointNet, alternative net-
works or classical methods can be employed. The choice of PointNet in this thesis
is justified by its numerous advantages, such as the low computational complexity,
adaptability, quick learning and testing phases, and its broad recognition within the
research community as a benchmark model.

This chapter delves into the evolution of the TSN and involves three separate com-
parative studies. The primary comparison is between the TSN and its semantic seg-
mentation counterpart. Additionally, there are two subsidiary comparisons within
the masking and classification modules, wherein traditional methods are contrasted
with neural approaches, as depicted in Fig. 5.1. Consequently, this chapter inves-
tigates the possible performance enhancements that could be achieved by breaking
down SemSeg into individual, interchangeable subtasks.

Figure 5.1: Two-Stage Network in blue with comparisons in white.

5.1 Emergence of Task Decoupling: Addressing
Classification Challenges

The origin of the idea to decouple the SemSeg task emerges in Chapter 4, where we
employ SemSeg networks. As mentioned, these networks experience performance is-
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sues related to distinguishing between different classes due to the unnuanced nature
of radar point clouds. Interestingly, the distinction between background and object
is executed rather well. This leads us to consider focusing exclusively on the mask-
ing task, simplifying the challenge at hand. To validate our approach, we conduct a
comparison using three different networks, each trained as multi and binary SemSeg
models. Our objective is to evaluate their capabilities to differentiate only between
the environment and the objects. As depicted in Fig. 5.2, the IoU for objects of each
model is revealing that reducing task complexity by focusing solely on the masking
problem leads to a noticeable increase in extracting objects.

Figure 5.2: A comparison of IoU for objects between models trained on 4 classes
in orange and models trained exclusively on binary classes in blue.

The inspiration for the TSN is stimulated by the paper [13], which achieved clas-
sification accuracy between 80-90% on radar point clouds with PointNet and even
higher scores with PoinNet++ and their Radar-Transformer. This distinct higher
accuracy compared to our SemSeg results sparked the concept of utilizing a two-
stage approach to enhance the performance. Additionally, the decoupling of the
SemSeg task into separate masking and classification tasks not only has the poten-
tial to improve performance but also facilitates a convenient integration into the
perception pipeline of Sensrad AB.

5.2 Comparison: PointNet vs Two-Stage Network
In this analysis, two network architectures are compared: the aforementioned TSN
implemented with PointNet versus PointNet directly as a SemSeg network. The
comparison is visualized through normalized confusion matrices in Fig. 5.3, which
contrast the predicted labels with ground truth labels for each point in the point
cloud. The color plot below the confusion matrix provides common performance
metrics for segmentation tasks. These include the Intersection over Union (IoU),
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precision, and recall, whereas the recall can also be found along the diagonal of the
confusion matrix.

Interestingly, the TSN resolves one of the initial issues associated with the Sem-
Seg network visible in Fig. 5.3 - its high uncertainty in differentiating between
pedestrians and bicyclists. Furthermore, by comparing the diagonal elements, the
TSN increases the score across all classes. On one hand, the improved masking
performance is visible in the raised ’Environment’ class score. On the other hand,
the scores for all object classes are increased and equally distributed. Leading to
an increased recall score for all classes. In terms of precision and IoU, the TSN
demonstrates a significant increase in values for pedestrians and bicyclists, however,
a decrease in the IoU and the precision for the vehicle class is observed. This out-
come stems from the class imbalance in the validation dataset, where cars are few in
number. Consequently, even a minor percentage of incorrect pedestrian and bicycle
predictions as cars results in a substantial reduction in the precision score for the
car class, underscoring the effects of the class imbalance. Nevertheless, considering
mIoU, which takes into account both precision and recall, the score has increased
from mIoU=0.54 to mIoU = 0.7 indicating an increased overall performance.
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(a) SemSeg with PointNet
(mIoU = 0.54).

(b) SemSeg with TSN
(mIoU = 0.7).

Figure 5.3: A comparison of SemSeg performance between PointNet and TSN on
the same validation dataset.

In view of computational efficiency, the TSN falls short contrasted to the direct
SemSeg approach. As shown in Tab.5.1, the TSN, which factors in DBSCAN, is four
times slower than the end-to-end SemSeg network on the GPU, NVIDIA RTX 3090,
measured in frames per second (fps). Therefore, while the TSN presents a solution to
the prediction issue by promoting balanced class representation, its slower processing
speed is a notable drawback, particularly for real-time applications or those with high
computational efficiency requirements. Yet, the following section proposes a partial
solution through additional flexibility to encounter the computational challenge.

Table 5.1: Inference speed of PointNet (SemSeg) and TSN on GPU (NVIDIA RTX
3090).

Neural network Inference speed ↑
PointNet 422 fps

TSN 102 fps
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5.3 Comparison: Classical vs Neural Network Meth-
ods

In this section, we draw a comparison between the classical modules used in the per-
ception pipeline of Sensrad AB with their neural network counterparts. It should be
emphasized that all the modules are exchangeable in the TSN, making it customiz-
able for task-specific requirements regarding accuracy and computational efficiency.

5.3.1 Doppler masking vs PointNet masking

The first module in the TSN distinguishes object points from environment points,
known as object masking. This can be achieved with a classical approach, e.g.,
Doppler masking, a method utilized in the perception pipeline of Sensrad AB, which
predicts a point as an object point if its Doppler value exceeds a predefined thresh-
old. As an alternative, to the classical algorithms NNs can also be applied. Thus, in
this section, the performance of the aforementioned classical and neural approaches
is compared regarding prediction accuracy and inference speed.

The normalized confusion matrices of Doppler masking and PointNet masking on
the point level are presented in Fig. 5.4. Observing the matrices, it is evident
that PointNet masking exhibits superior performance regarding all values for all
classes, including precision and recall and thus also IoU. However, concerning the
simplicity of the Doppler masking algorithm, it performs remarkably well achieving
preobj = 0.96. However, missing some of the object points reduces the reduced recall
score to recobj = 0.85. This is due to the fact that points of static or slow-moving
objects get not detected and will be predicted as environmental points.
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(a) Doppler masking.
(mIoU = 0.82)

(b) PointNet masking.
(mIoU = 0.92)

Figure 5.4: A comparison of masking performance between classical and deep
learning approach on the same validation dataset.

Nevertheless, considering computational efficiency, Doppler masking outperforms
PointNet by an exceptional margin. As shown in Tab.5.2, Doppler masking is al-
most 300 times faster than PointNet masking. Meanwhile, it has to be emphasized
that the Doppler masking is tested on a CPU, AMD Ryzen 9 5950X, whereas the
PointNet masking is tested on a powerful GPU, NVIDIA RTX 3090. This signif-
icant difference in speed and resource requirements is a critical factor to consider,
especially in applications with real-time performance and limited computational re-
sources. However, one must bear in mind, that the fast and light Doppler masking
comes with a caveat - Doppler masking is unable to detect static objects before
entering the scene or never move.

Table 5.2: Inference speed of Doppler masking on CPU (AMD Ryzen 9 5950X)
and PointNet masking on GPU (NVIDIA RTX 3090) in descending order.

Masking method Inference speed ↑
Doppler masking 120,000 fps
PointNet masking 408 fps
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5.3.2 Naive Bayesian classifier vs PointNet classifier

The second module comparison within the TSN is between classical and neural clas-
sifiers. The classical approach investigated is the Naive Bayesian classifier (NBC), a
statistical classifier based on the Bayes theorem. The neural network for comparison
is a PointNet classification network. This section also compares the two aforemen-
tioned methods on prediction accuracy and speed in the same structure as before.

Figure 5.5 presents the inference results of the NBC and PointNet classifier through
normalized confusion matrices. Both using the classification dataset v1, the class
prediction and labels are per cluster. Right below are the precision, recall, and
F1 score for the methods. Observing the confusion matrix reveals that the neu-
ral architecture-based approach yields higher evenly distributed recall scores for all
three classes with Robj

PN = 81 − 96%. This validates the published results of the
aforementioned paper [13] evaluating the PointNet classifier on radar data.

Observing the ’Metric Comparison’ in Fig. 5.5, NBC has lower scores except for the
vehicle precision P veh

NBC = 0.84. This is a result of the conservative vehicle prediction
of the NBC, where NBC only predicts 46% of all vehicles as vehicles, however, of the
few predicted, 84% are correct, leading to the aforementioned high precision score.
This is in contrast to the PointNet classifier which is able to predict approximately
90% of all vehicles correctly, however, it includes also some other classes leading to a
reduced precision score of P veh

PN = 0.76. Nevertheless, in view of the F1 score, which
averages precision and recall, PointNet reaches higher scores than NBC, including
the vehicle class.
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(a) Naive Bayesian classifier with
F1NBC ≈ 0.63.

(b) PointNet classifier with
F1PN ≈ 0.86.

Figure 5.5: A comparison of classification performance between classical and deep
learning approach on the same validation dataset.

Regarding computational efficiency in Tab.5.3, the NBC runs 8 times faster on our
CPU than the PointNet classifier on our powerful GPU.

Table 5.3: Inference speed of Naive Bayesian classifier on CPU (AMD Ryzen 9
5950X) and PointNet classifier on GPU (NVIDIA RTX 3090) in descending order.

Classification method Inference speed ↑
Naive Bayesian classifier 2,600 fps

PointNet classifier 323 fps

5.4 Object Classification: Performance Analysis
It is noteworthy to highlight the difference in classification performance between
the TSN and the PointNet classifier, as illustrated in Fig. 5.6, where both confu-
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sion matrices are normalized over the classes, meaning that they are comparable
even though one operates on point level and another one operates on cluster level.
PointNet’s higher object recall, compared to TSN (highlighted in yellow), can be
attributed to three reasons: error propagation using two stages, increased problem
complexity, and divergence in input data.

Error Propagation: Inevitably, the masking process introduces some degree of
error, which then permeates into the classification stage.

Increased problem complexity: The classification process in TSN, as opposed
to dealing with three classes, also includes an additional ’noise’ class to label incor-
rectly masked clusters. This increases the problem complexity by incorporating an
extra class.

Data Divergence: The PointNet classification network operates on ideal clusters
from dataset v1, while the classifier embedded in the TSN pipeline draws its clusters
from the DBSCAN module. This corresponds to dataset v2, which presents a re-
duced quality of cluster shapes. Further examination of the training data’s influence
is provided in Appendix C.1.4.

Nevertheless, as discussed in section 5.2, the concept of TSN which lowers the prob-
lem complexity, leads to a notable improvement in mIoU compared to applying the
segmentation task directly.

(a) Confusion matrix of TSN classifier
normalized over points with

recobjmean = 0.74.

(b) Confusion matrix of PointNet
classifier normalized over clusters with

recmean = 0.89.

Figure 5.6: A comparison of classification performance between (a) PointNet in
TSN pipeline given v2 data (marked in yellow) and (b) PoinNet classifier given v1
data.
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5.5 Discussion
Through the experiments and comparisons, we see that the TSN appears to fulfill its
intended purpose, notably enhancing overall accuracy, especially in distinguishing
between ambiguous classes. However, it is crucial to note that the TSN serves as a
conceptual framework for modular architecture, incorporating both classical and NN
approaches. Its performance could potentially be further improved by integrating
more powerful networks such as PPNet for masking and/or classification. Addition-
ally, as will be discussed in the forthcoming chapter, the classification accuracy of
the TSN can be further improved by leveraging sequences of point clouds using a
tracker and a sequential classifier. This highlights the flexibility and potential for
enhancement inherent in the TSN’s modular design.

When comparing classical and neural network methods, it becomes evident that
NN approaches, such as PointNet, demonstrate superior accuracy and abilities com-
pared to the corresponding classical methods such as Doppler masking and NBC.
Compared to the classical method, the masking network has the ability to detect
static objects and the classification network has a relatively balanced classification
distribution, which validates the capability of NNs to learn complex patterns and
their robustness in handling diverse data. However, this superior performance comes
with a significant caveat - a relatively high computational cost. Therefore, the choice
between classical and NN modules depends heavily on the specific requirements and
constraints of the application in question.
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The next progression in enhancing classification performance is utilizing the se-
quences of clusters present in a track, where aggregated information from the past
can aid in the current classification task. The benefits of employing sequences are
two-fold:

First, the quality of observations is not consistent across all frames. There may be
sporadic instances where objects are partially obscured or the measurement resolu-
tion is low. Alternatively, there might be instances where the object itself might not
embody the typical class characteristics from a radar’s perspective. By referencing
past information about an object, we can make better-informed decisions when con-
fronted with such situations of less informative instances.

Second, the way an object’s form evolves also delivers valuable information. For in-
stance, while cars maintain a solid form, humans and animals do not. The manner
in which an object’s shape changes over time can yield critical information that can
only be discerned through sequential data over time.

Various strategies exist for capitalizing on sequences in point clouds, such as [31]
and [32], who propose ways of accumulating points over time in diverse ways, while
[33] suggests amassing information over time within the feature space.

In this chapter, we delve deeper into the potentialities of PointNet and explore
how we can transform it into a sequential model to further enhance classification
performance. We investigate, Feed-forward Neural Networks (FNNs), Convolutional
Neural Networks (CNNs), and Long Short-Term Memory (LSTM) approaches. The
use of sequential classifiers is only made possible in combination with a multi-object
tracking module. The outcomes of the multi-frame classifiers are juxtaposed against
the single-frame classifier discussed in subsection 5.3.2.

6.1 Sequential Architectures
The sequential NN structure that has been built consists of a feature extractor, a
memory module, and a head. The feature extractor translates information from the
point cloud level into a significant high-dimensional feature space. We believe it
is logical to aggregate information within this space as it represents the network’s
own compressed data representation, from which it starts to remap the information
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based on the immediate task - in our case, object classification. The features of the
same track will be saved in the memory and retrieved when classifying the object of
this track. In our thesis, three different heads are tested FNNs, CNNs, and LSTM
to make class predictions given the stacked feature space. In this section, the feature
extractor, memory module, and different heads will be explained.

Feature extractor, is a PointNet encoder, which converts a cluster into feature
space. It consists of input transforms (T-Net), shared MLPs, and a max pooling
layer, all of which have been introduced in subsection 3.3.1, and finally delivers a
global feature vector of dimension m = 512 as depicted in Fig. 6.1.

Figure 6.1: PointNet encoder architecture.

Memory module is simply a map to save the feature spaces of previously processed
clusters within a track. For CNN and FNN heads, these features are subsequently
stacked, generating a memory of dimension RT×m within the feature space for a sin-
gle track, where T = 50 signifies the count of memorized time instances. A ’First In
First Out’ (FIFO) queue is then implemented, enabling the most recent information
to progressively replace the oldest once a memory size of T has been completely
formed. In cases where a track is newly established, the initial feature vector is
replicated T times to ensure a consistent input size to the head. However, for the
LSTM head, a feature vector will first be converted into a hidden state ht and a cell
state ct for time instance t, both of dimension Rn, where n = 3 represents the num-
ber of classes. Then instead of saving this feature space, only ht and ct will be saved.

CNN head was the first head we developed to map a temporal feature space into
class probabilities. As illustrated in Fig. 6.2, we set the convolutional layer’s kernel
size to k = [10, 512] in this experiment, indicating that the kernel operates on ten
consecutive time instances concurrently. This approach allows it to detect varia-
tions in an object’s feature space while maintaining complete liberty in the feature
dimension m. One limitation, however, is that the s = [10, 512] input values will
be transformed into a singular output value. To avoid diminishing the information
space too rapidly through this operation, a high channel size Co is necessary. In the
context of our experiment, we have designated the number of channels, Co, to be
256. Using the formulas in 3.3 results in an output kernel that gets flattened to a
one-dimensional tensor of size 10496. This size is manageable for subsequent fully
connected (FC) layers Fi, Fh, and Fo to process and generate the final class predic-
tions. A table of all the parameters for the CNN head can be found in Appendix
Tab.D.2. As a result, this architecture together with the feature extractor leads to
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a total number of about 1.2 × 107 model parameters and a computational demand
of around 6.5 × 107 FLoating-point Operations (FLOPs).

Figure 6.2: CNN head architecture.

FNN head only involves fully connected (FC) layers as shown in Fig. 6.3. Consider-
ing that a convolutional layer, employed in the previous approach, is fundamentally
a constrained version of an FC layer, the goal was to allow the neural network more
freedom to independently identify meaningful relations within the stacked feature
space. As such, in this method, the convolutional kernel was substituted with an
FC layer, and the stacked feature spaces were flattened to be fed directly. A draw-
back of this method compared to the CNN head is a rather high number of model
parameters approximately 2.7 × 107 and consequently a reduction in computational
efficiency with a demand of nearly 2.7 × 107 FLOPs. Details about the parameters
can also be found in Appendix Tab.D.3.

Figure 6.3: FNN head architecture.

LSTM head, for Long-, Short-Term Memory, is a more sophisticated architecture

49



6. Sequential Classifier

that inhibits long- and short-term memory. Our LSTM head is constructed with a
single LSTM unit l = 1 which transforms the feature space into the class proba-
bilities. A major benefit of LSTM compared to the other two heads is its capacity
to handle extended memorized time instances T without an increase in model size.
The LSTM is the most optimized architecture, with over 30 different configurations
tested using various feature sizes and FC layers, both preceding and following the
LSTM layers, as well as amplifying the number of LSTM layers. However, none
of these configurations surpassed the others, and most converged to the same F1
score. Thus, we utilize the most simplistic configuration capable of converging to the
typical convergence range. This setup is achieved by steadily simplifying the model
complexity until it could no longer overfit the training data while still maintaining
the validation score. Despite its simplicity, this model demonstrates more robust
training and validation behavior than its more complex LSTM counterparts. Lastly,
this head has a total number of 6 × 103 model parameters and a very low FLOPs
requirement of 6 × 103. Parameter details can also be found in Appendix Tab.D.4.

Figure 6.4: LSTM head architecture.

A more detailed comparison of different modules in a sequential classifier and with
the PointNet classifier in terms of the number of parameters, FLOPs, and inference
speed will come later in section 6.3.

6.2 Accuracy Evaluation
After training all classifiers for 50 epochs, Fig. 6.5a presents the relatively high
validation scores of our three sequential classifiers - CNN-based (in green), FNN-
based (in pink), and LSTM-based (in brown) - and the PointNet classifier single
frame (in red), which serves as a benchmark for comparison. Although the network
performance initially appears somewhat indeterminate, a pattern emerges wherein
the LSTM-based classifier leads with an F1LSTM score of approximately 0.92 after
20 epochs. It is closely followed by the CNN with F1CNN ≈ 0.90, the FNN with
F1FNN ≈ 0.88, and lastly the original single frame PointNet scoring F1PN ≈ 0.86.
In reference to Fig. 6.5b and 6.5c, it can be observed that the LSTM-based classifier
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is the sole model which does not fully overfit to the training dataset and therefore
generalizes better on the validation dataset.

The outcome of the LSTM can be attributed to two factors. On one hand, in con-
trast to the CNN- and FNN-based models, which require a certain level of model
complexity to reduce a large feature aggregation down to the number of classes, the
LSTM-based model’s complexity is independent of the number of features aggre-
gated and hence can be built with low complexity while still having a reasonable
time horizon. On the other hand, seeing greater potential in the LSTM-based net-
work lead to a more judiciously crafted architecture. Therefore the simpler more
optimized LSTM architecture generalizes better the training data and thus achieves
a higher validation score.

(a) Validation F1 score. (b) Training F1 score. (c) Training negative
log-likelihood loss.

Figure 6.5: Training and validation performance of different classifiers.

To evaluate the performance of the architectures in more detail, the confusion ma-
trices of every classifier normalized over the class i.e., recall, are shown in Fig. 6.6.
Overall, on the diagonal is visible that all classifiers have a high recall score, showing
that the models are able to predict the objects’ classes in a balanced manner. In the
last row of the ’Metrics Comparison’ the class-wise F1-score is visible which is an
average of precision and recall scores of a certain class. Here is visible that the mod-
els perform the best on the pedestrian class F1ped = 95 − 100%, while the models
have a slightly reduced score for the vehicle class with F1bic = 83 − 89%. Calculat-
ing the metric of interest, the mean F1-score shows that the sequential information
indeed increased the performance from PointNet single frame of F1PN ≈ 0.86 to the
three sequential versions FNN-based classifier F1FNN ≈ 0.88, CNN-based classifier
F1CNN ≈ 0.90 and the LSTM-based classifier F1LSTM ≈ 0.92 as already mentioned
above.
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(a) PointNet classifier with
F1PN ≈ 0.86.

(b) CNN-based classifier
with F1CNN ≈ 0.90.

(c) FNN-based classifier
with F1FNN ≈ 0.88.

(d) LSTM-based classifier
with F1LSTM ≈ 0.92.

Figure 6.6: Normalized confusion matrix in the first row and Precision, recall, and
F1 score per class in the second row for single frame PointNet classifier and the
sequential CNN-, FNN-, and LSTM-based approaches.
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6.3 Resource Evaluation
As a straightforward comparison among all the introduced heads as well as a demon-
stration of the feature extractor, three essential characteristics for real-world appli-
cations will again be compared: model size, inference speed, and training time. In
this section, they will be demonstrated in order.

Model size, i.e., the number of parameters in a model, of every head and the
PointNet encoder is listed in Tab.6.1. Observably, the LSTM head stands out as the
smallest head with an incredibly small number of parameters. Another interesting
point to consider is the ratio of model size between the encoder and head compo-
nents. While CNN and FNN heads are much larger than the PointNet encoder, the
LSTM head is 441 times smaller than the PointNet encoder, making it extremely
memory efficient.

Table 6.1: Number of parameters of different modules in a sequential classifier in
ascending order.

Module No. parameters ↓
PointNet encoder 2,736,841
LSTM head 6,204
CNN head 12,214,787
FNN head 26,875,907

Considering all modules as a whole, there are three sequential classifiers in total
with the same feature extractor but different heads. A comparison among different
sequential classifiers and against the PointNet classifier for a single frame regarding
the number of parameters is also made in Tab.6.2. It is exciting that the LSTM-
based classifier is not only the smallest one among all sequential classifiers but also
smaller than the original PointNet classifier, whereas FNN- and CNN-based classi-
fiers are much larger than the PointNet classifier.

Table 6.2: Number of parameters of different classifiers in ascending order.

Neural network No. parameters ↓
PointNet encoder + LSTM head 2,743,045
PointNet classifier 3,462,348
PointNet encoder + CNN head 14,951,628
PointNet encoder + FNN head 29,612,748

Inference speed can be measured both in theory and in practice, corresponding
to FLOPs and actual inference speed on hardware respectively. As illustrated in
Tab.6.3, the LSTM head is the fastest component, way better than all others. In-
terestingly, the PointNet encoder is now the main bottleneck compared to all heads.
While the computational requirements for the encoder and head are on the same
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level for the CNN- and FNN-based classifiers, the LSTM-based classifier is rather
unbalanced by allocating most of its computational power to the encoder module.

Table 6.3: FLOPs and inference speed of different modules in a sequential classifier
on GPU (NVIDIA RTX 3090) in descending order of inference speed.

Module FLOPs ↓ Inference speed ↑
LSTM head 6,228 11,508 fps
FNN head 26,877,696 2,825 fps
CNN head 64,665,472 2,515 fps
PointNet encoder 97,001,728 686 fps

Again, the comparison of every classifier is also listed in Tab.6.4. Apparently, the
PointNet encoder combined with the LSTM head outperforms all other classifiers
including the original PointNet classifier in both FLOPs and inference speed by a
good margin. Two reasons lead to this result: the smaller feature space of dimension
512 from the PointNet encoder used in sequential classifiers compared to the one
in the PointNet classifier of dimension 1024, and the simple structure of the LSTM
head. Note that the CNN- and FNN-based sequential classifiers also have a smaller
feature space, but they are slower than the PointNet classifier. Hence, a simple head
architecture is rather important to achieve a fast inference speed.

Table 6.4: FLOPs and inference speed of different classifiers on GPU (NVIDIA
RTX 3090) in descending order of inference speed.

Neural network FLOPs ↓ Inference speed ↑
PointNet encoder + LSTM head 97,007,956 318.21 fps
PointNet classifier 114,962,432 239.31 fps
PointNet encoder + CNN head 161,667,200 205.25 fps
PointNet encoder + FNN head 123,879,424 200.51 fps

Training time for each classifier is compared in Tab.6.5, where the PointNet classi-
fier is leading the board with less than half an hour, while all sequential classifiers are
quite close with nearly one and half hours. Nevertheless, even the longest training
time is still very durable. So this comparison will not have any real impact on the
decision of selecting a model but merely give an impression of the approximate time.

Table 6.5: Training time for different classifiers on GPU (NVIDIA RTX 3090) in
ascending order.

Neural network Training time ↓
PointNet classifier 27m35s
PointNet encoder + CNN head 1h22m4s
PointNet encoder + LSTM head 1h25m32s
PointNet encoder + FNN head 1h29m36s
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6.4 Performance Analysis

In this section, the characteristics of the classifiers are further investigated in regard
to the distribution of misclassifications within tracks, memory confidence versus
measurement trust, and an LSTM state evaluation to get more insight into the
inner workings of the LSTM model.

Distribution of misclassifications within tracks for each classifier is provided
in Fig. 6.7, where the x-axis represents 52 tracks and the y-axis represents the
stacked predictions for every track with correct predictions marked in blue and
wrong marked in orange. Although all networks demonstrate impressive results, a
closer examination of the tracks reveals some differences. The PointNet classifier
tends to have the highest rate of misclassifications overall, as well as the highest
rate of within-track misclassifications, as evidenced by the orange-spotted track
pattern. The two simple sequential networks, namely the CNN- and FNN-based
classifiers, also display a degree of variance, as shown by sporadic color changes and
slightly orange-tinged areas within a track. This color fluctuation within a track
suggests model uncertainty as the prediction class shifts. In contrast, the LSTM-
based classifier exhibits a more consistent behavior in prediction, indicated by the
clear demarcation between orange and blue. Although it initially misclassifies a few
clusters, it largely corrects itself subsequently.

However, the LSTM-based classifier in Fig. 6.7d shows two larger orange track
splines, with which also the other networks struggle. Those two misprediction arises
due to the ambiguous character of those two cases: one represents a bicycle moving
at an unusually slow pace behind a pedestrian predicted as a pedestrian, and the
other, a high-speed motorcycle labeled as a bicyclist and predicted as a vehicle. The
misclassifications for these exceptions are understandable given their unique circum-
stances. The first case involves unusual dynamics, while the second presents a gray
area as to whether a motorcycle should be classified as a vehicle, as predicted, or a
bicyclist, as labeled.
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(a) PointNet classifier. (b) CNN-based classifier.

(c) FNN-based classifier. (d) LSTM-based classifier.

Figure 6.7: Prediction distribution over 52 test tracks for each classifier, where the
x-axis represents different tracks, the y-axis represents the stacked predictions for
every track with correct predictions marked in blue and wrong marked in orange.

Memory confidence versus measurement trust of each classifier is investigated
in two tests. The first test, memory trust, evaluates how quickly the models adapt
to the new measurement information. This is done by feeding 50 consecutive sam-
ples of a pedestrian track and then suddenly switching to a bicyclist sequence. In
the ideal case, the models switch quickly to the new bicyclist class and show their
agility. The second test, memory confidence, evaluates the memory capabilities of
the models. This is done by switching after the 50 consecutive pedestrian clusters
to random noise. This means that no new information will be in the measurement
and hence the model should make use of the memory capabilities by holding on to
the last seen class, pedestrian.
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The results of the measurement trust scenario are depicted in Fig. 6.8, where the x-
axis corresponds to the sequence of clusters, the y-axis corresponds to the predicted
class probabilities, and the red vertical line indicates the switching point from the
old to the new class. As mentioned, the optimal response would be a rather quick
adjustment from pedestrian to the new bicyclist class. Observing the class probabil-
ities in general, it can be said, that except for some initial uncertainties as denoted
by the wavering line for the FNN-based classifier and a minor hiccup for the Point-
Net classifiers, the networks exhibit a high degree of confidence in their predictions.
Regarding the class switch, as expected, the PointNet classifier performs the switch
instantly, owing to its lack of memory. Interestingly, the CNN- and FNN-based
classifiers, execute the switch relatively swiftly in just 2 and 5 steps respectively.
This stands in stark contrast to the LSTM-based classifier, which necessitates 32
steps for the label transition, indicating its influence on prior measurements.

(a) PointNet classifier. (b) CNN-based classifier.

(c) FNN-based classifier. (d) LSTM-based classifier.

Figure 6.8: Predicted class probabilities for the track of 50 pedestrian samples
followed by 100 bicyclist samples with the red vertical line indicating the switching
point.

In the second scenario, as depicted in Fig. 6.9, the networks encounter only ran-
dom noise after the red vertical line. In such a situation, it is anticipated that the
networks can utilize their memory capabilities to avoid a rapid class change. It is
noteworthy that the final output class is determined by the argmax function, which
selects the label corresponding to the uppermost curve. In this experiment, the
PointNet classifier immediately displays random predictions. Meanwhile, CNN- and
FNN-based classifiers exhibit a noticeable decrease in their certainty, with potential
curve crossover after approximately 10-12 noise samples. The LSTM-based classi-
fier, on the other hand, switches labels after 78 samples. However, it is also worth
mentioning that while CNN- and FNN-based classifiers appropriately express their
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uncertainty, the LSTM-based classifier remains fairly confident in the pedestrian
label, despite the fact that it is only encountering noise.

(a) PointNet classifier. (b) CNN-based classifier.

(c) FNN-based classifier. (d) LSTM-based classifier.

Figure 6.9: Predicted class probabilities for the track of 50 pedestrian samples
followed by 100 noise samples with the red vertical line indicating the switching
point.

LSTM states analysis investigates the LSTM unit further to gain an understand-
ing of the inner processes when executing the two aforementioned tests. The state
analysis is illustrated in Fig. 6.10 where the last row shows the already visualized
predicted class probabilities. The first row represents the stacked feature space with
an image plot. The short-term memory and long-term memory are visualized in rows
two and three. The colors blue, orange, and green still correspond to the classes
pedestrian, bicyclist, and vehicle, respectively.

First of all, when examining the feature space, a clear change in pattern is noticeable
over row 50. Keep in mind that each of the 150 rows represents a different recorded
cluster on the track. Interestingly, while clusters from the same class inevitably un-
dergo shape changes from frame to frame, a recognizable class pattern still emerges
in the feature space.

This feature space is fed to the LSTM row by row, generating the plots ht and ct,
which represent the hidden and cell states, respectively. The cell states, acting as
the long-term memory, reveal insights about the certainty of the model which were
not apparent in the class probability output. In the cell states of both experiments,
an immediate reaction to the class change is visible. However, the cell states behave
in an integrating fashion, leading to a certain model inertia. This leads in the first
experiment, after the switch, to a steady increase of the newly correct bicycle class
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while the previous pedestrian class is continuously decreasing. Conversely, in the
second noise experiment, all three cell states converge to the same state, indicating
the model’s increasing uncertainty.

In view of the two hidden state figures, in the case of our model, the hidden states,
i.e. output states, represent the cell states in a binarize manner. Regarding the
graphs, the hidden state hi = 1 for class i ∈ {ped, bic, veh} if ci is approximately
bigger than zero and hi = −1 if ci is smaller than zero. This behavior reflects the
strong trust of the model in its long-term memory ct since its hidden state, i.e. out-
put vector, is mainly influenced by its long-term memory ct and less by the input
vector xt generated by the measurements.

This is observed by analyzing the zero crossing of the cell states of ci and the influ-
ence on the corresponding hidden states hi. In the first experiment at t ≈ 80 cbict
is increasing and crosses zero while cpedt is decreasing and crosses zero. Which leads
to an immediate change of the hidden states hbict = 1 cpedt = −1. While hveht = −1
remains unchanged since cpedt < 0 for ∀t. This pattern also applies to the second
experiment while all hidden states hi = −1 at the point where cpedt is approximately
smaller than zero.

The final output is then the class probability of the hidden states, which must sum
up to one. This leads to an interesting phenomenon as visible in the second experi-
ment. Since the model does not have confidence in any of the classes (as seen in the
hidden states), the final output displays an equal probability of all three classes.
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(a) Switch to another class. (b) Switch to random noise.

Figure 6.10: An illustration of internal workings of LSTM, where the first row
represents the input data (feature space), the second and third rows show the internal
states, and the last row displays the model output.

6.5 Discussion
All sequential models have surpassed the single-frame PointNet version, demonstrat-
ing a certain degree of memory capability Fig. 6.9. The LSTM version performed
exceptionally well, not only in terms of accuracy but also regarding its model size
and high computational speed. However, it has to be mentioned, the LSTM is the
most optimized model. Enhanced tuning of the CNN and FNN models could po-
tentially reduce the model size and, given that they overfit the training data, also
likely improve validation accuracy scores. Still, it remains questionable whether the
CNN and FNN could match the performance of the LSTM, which as seen in Fig.
6.10, operates quite efficiently.

Besides evaluating the models, it is also important to consider the data used. The
test and validation clusters were created using the ’Sequential Classification Dataset
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V1’, hence the clusters are derived from annotations. However, when using the se-
quential network, it would be built into a two-stage architecture with a tracker, thus
cluster quality would be lower. Regardless that the overall accuracy would decrease,
one would anticipate that the sequential architectures would exhibit even greater
advantages compared to the single-frame counterparts, as the data quality of the
clusters fluctuates more across frames.

Lastly, the approach of post-processing, specifically simple label accumulation, has
not been addressed in this evaluation to maintain a concise comparison. However,
our tests indicate that label accumulation considerably improves the predictions and
is a worthwhile method, especially since it doesn’t necessitate modifications to the
networks and is computationally efficient.
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Metric and Loss Function

A metric is a ruler to evaluate the performance of a model. In the SemSeg task,
the evaluation metric for a human to understand is mIoU explained in 3.7. But a
metric sometimes can not reflect everything that is concerned. Thus, a modified or
even new metric shall be considered if necessary. On the other hand, another ruler
for the network itself is also needed, which is known as a loss function. The goal of
training a neural network is actually to minimize the loss. Different loss functions
shall be applied to different machine-learning tasks. For the semantic segmentation
task, either Negative Log-Likelihood (NLL) loss or Cross-Entropy loss can be used.
In short, these two loss functions are slightly different but interchangeable as they
measure the same thing. In this chapter, the defect of IoU/mIoU will be first
demonstrated, and new evaluation metrics to compensate for this defect will then
be introduced. Afterward, an attempt to try new loss functions on PointNet will be
explained followed by a discussion.

7.1 Defect of IoU/mIoU
Even though mIoU is a common choice of metric for the semantic segmentation
task, it is not perfect for our application. E.g., as illustrated in Fig. 7.1, prediction
1 has exactly the same mIoU as prediction 2, however, the false prediction of pedes-
trians is different and prediction 1 is more preferred because the false prediction
of pedestrians is closer to the ground truth pedestrians. In the current pipeline of
Sensrad AB, all the points that are marked as an object will be fed into DBSCAN
as described in 3.6, so if predicting background points as objects is not avoidable,
it would be preferred to have them as close to the corresponding real objects as
possible to better cluster them later on. Therefore, the defect of mIoU is the loss of
distance information for wrongly predicted object points.

7.2 New Metrics
Due to the defect of mIoU explained above, some new metrics are needed to mea-
sure how badly those wrongly predicted object points are located in a point cloud.
It is valuable information for us to understand how difficult it is for a clustering
algorithm, e.g., DBSCAN, to correctly cluster different instances. To this end, two
similar but slightly different metrics will be introduced in the rest of this chapter.

63



7. Metric and Loss Function

Figure 7.1: An example of ground truth and different predictions of the same point
cloud, where pink represents pedestrian and black represents environment.

7.2.1 Average Euclidean Distance to the Closest Correspond-
ing Ground Truth (AEDC)

To measure how far in Euclidean space a wrongly predicted point of some class is on
average to its corresponding ground truth point of the same class, the new metric,
Average Euclidean Distance to the closest Corresponding ground truth (AEDC), is
invented. As the name indicates, it measures the average Euclidean distance from
every point that is predicted as some object but actually background to its closest
corresponding ground truth point of the same class is calculated. The condition
for a point to be taken into consideration, i.e., predicted as some object class c but
actually a background, is denoted as ψ as follows

ψ : pc = c ∧ lc = 1 ∧ c ̸= 1, (7.1)

where pc is the predicted class, and lc is the ground truth label class. However, it
is possible that the wrongly predicted class does not have its corresponding ground
truth point in this point cloud. In this case, the maximum range of this point
cloud will be taken instead. Finally, the mathematical expression for this Average
Euclidean Distance to the closest Corresponding ground truth (AEDC) of a class c
can be derived below

AEDCc =
∑nψ
i=1 d(P i

ψ, P
i
lc=c)

nψ
, (7.2)

where nψ is the number of points that fulfill the condition ψ, P i
ψ is the ith point that

fulfills the condition ψ, P i
lc=c is a point with ground truth label c and the closest to

P i
ψ in Euclidean space, and d(P i

ψ, P
i
lc=c) is the Euclidean distance between these two

points.

With this new metric, it is easy to describe how dispersed those false object points
of each class are. But to have a holistic view of all classes, it is natural to measure
the mean value over all classes, i.e., mean AEDC (mAEDC), shown below

mAEDC =
∑Nc
c=2 AEDCc

Nc − 1 , (7.3)

where Nc is the number of classes.
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7.2.2 Average Euclidean Distance to the Closest Object Ground
Truth (AEDO)

Though the new metric above, mAEDC, looks fairly reasonable, it makes no sense
to look for the corresponding ground truth points of the same class as wrongly
predicted if this metric is invented to understand how hard it is to cluster instances
as the clustering algorithm does not care about class. Thus, a slightly different
but more suitable metric, Average Euclidean Distance to the closest Object ground
truth (AEDO), that seeks ground truth points of any object class instead of the
corresponding class, is introduced. Similar to mAEDC, if no ground truth points
of any object class exist in the point cloud, the maximum range value will be taken
instead. The mathematical expression is structured as

AEDOc =
∑nψ
i=1 d(P i

ψ, P
i
lc ̸=1)

nψ
, (7.4)

where P i
lc ̸=1 is a point with a ground truth label not equal to the background, i.e.,

could be any object class, and the closest to P i
ψ in Euclidean space, and all the rest

notations have exactly the same meaning as in Eq.7.2.

Therefore, the mean value of AEDO over all classes, mAEDO, is organized similarly
to mAEDC as follows

mAEDO =
∑Nc
c=2 AEDOc

Nc − 1 . (7.5)

Note that the new metrics, both mAEDC and mAEDO, however, are not designed
to replace mIoU, but to compensate for its loss of distance information.

7.3 New Loss Functions
Since new metrics have been created, it is worth trying to train neural networks
with better performance on mAEDC and mAEDO. In the formulas of mAEDC in
Eq.7.3 and mAEDO in Eq.7.5, the maximum range value is taken if no correspond-
ing ground truth point exists in the point cloud, however, it would make the loss
incredibly large in this case. Besides, there should be a maximum range for these
metrics since DBSCAN can not cluster points together once the distance is beyond
some threshold. Thus, sigmoid function ranging between 0 and 0.5 after being
shifted downwards by 0.5 is a good choice.

The original sigmoid function reaches its upper limit once the variable is raised up
to 10, meaning that if a distance of 10 meters is as bad as any distance longer than
10. So a scaling factor α is needed to adjust this distance threshold. Finally, the
weights for each class wc are also applied to this loss function due to the imbalance
of the dataset. Hence, the mAEDC and mAEDO loss functions derived from their
corresponding metric expressions are structured respectively as below
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mAEDC loss = 1
Nc − 1 ·

Nc∑
c=2

(
wc ·∑nψ

i=1(sigmoid(α · d(P i
ψ, P

i
lc=c)) − 0.5)

nψ

)
, (7.6)

mAEDO loss = 1
Nc − 1 ·

Nc∑
c=2

(
wc ·∑nψ

i=1(sigmoid(α · d(P i
ψ, P

i
lc ̸=1)) − 0.5)

nψ

)
, (7.7)

where all the symbols represent the same meaning as in the previous section 7.2,
and α is selected as 10, meaning that the maximum distance we care is one meter
and any farther distance shall be treated as bad as one meter for DBSCAN to cluster.

The total loss function now consists of mAEDC/mAEDO loss and NLL/Cross-
Entropy loss. To verify if it works, the simple and fast network, PointNet, is the
one that has been experimented with for the SemSeg task. So this network is again
trained three times, once with mAEDC loss, once with mAEDO loss, and once with-
out mAEDC loss nor mAEDO loss.

7.4 Evaluation
To evaluate the effect of the mAEDC and mAEDO loss functions, PointNet with
mAEDC and NLL loss functions, PointNet with mAEDO and NLL loss functions,
and the original PointNet with only NLL loss function are trained for 100 epochs,
and both mAEDC and mAEDO metrics, as well as mIoU, have been calculated on
the validation set after every training epoch.

The validation mAEDC metric is depicted in Fig. 7.2a, from which we can see that
the original PointNet starts with a fairly large mAEDC but decreases dramatically.
However, in the end, it still struggles between a low level and a high level (∼ 4.8),
thus never converges. In contrast, PointNet with mAEDO loss is much better and
can stabilize at a very low level (∼ 1.2). Lastly, PointNet with mAEDC loss is
obviously the best one, stabilized at the lowest level (∼ 0.8), slightly better than
the one with mAEDO loss. Hence, it proves that this loss function is working in the
way we expect.

The validation metric of more interest, mAEDO, is shown in Fig. 7.2b, where some-
thing similar and different can both be observed in the meantime. The same as
above, PointNet with mAEDO loss performs the best, converging at (∼ 0.3) with
no surprise. However, the original PointNet (∼ 0.5) outperforms PointNet with
mAEDC loss (∼ 0.6) by a tiny margin. This is a bit unexpected but still can be
explained. While the mAEDC loss function prefers to push a false positive point
closer to its corresponding ground truth point, it could, unfortunately, push it far-
ther away from its closest ground truth point of any object.
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On the other hand, one of the hypotheses of employing an extra loss function is
that the mIoU is still on the same level since it is the most concerned metric. As
illustrated in Fig. 7.2c, all three variants of PointNet are indeed on the same level.
Not only that, both PointNet networks with extra loss even reach a slightly higher
mIoU than the original one by ∼ 1.5%. But we do not encourage to over-explain
this small difference due to the randomness during training even with exactly the
same configuration for the same network. Nevertheless, it proves that mAEDC and
mAEDO loss functions do no harm to mIoU performance.

(a) Validation mAEDC. (b) Validation mAEDO. (c) Validation mIoU.

Figure 7.2: Validation mAEDC, mAEDO, and mIoU of three PointNet variants.

7.5 Discussion
To sum up this chapter, we have proposed two metrics and corresponding loss func-
tions: mAEDC and mAEDO. The metrics help us better understand how far those
false positives are from their corresponding or any object ground truths on average.
They are invented to compensate for the distance information loss of mIoU, but
not to replace mIoU. On the contrary, both metrics can be considered and perhaps
weighted differently for different applications.

In our tests, a model without an extra distance loss function can reach a fairly good
result on the mAEDO metric, but never stabilizes on the mAEDC metric. More ex-
citingly, both the mAEDC and mAEDO loss functions improve their corresponding
metric as expected without a sacrifice of mIoU. However, while the mAEDO loss
also improves in the mAEDC metric, the mAEDC loss decreases in the mAEDO
metric. In conclusion, it is the best choice to implement the mAEDO loss function
in a SemSeg model. Nevertheless, more experiments need to be repeated.
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8
Conclusion

This master’s thesis explored how neural networks can identify and classify objects
in 4D radar point cloud data. Considering that our dataset has been labeled on a
point-wise basis, and recognizing the limited research conducted on semantic seg-
mentation within the 4D-imaging radar data domain, we directed our focus towards
exploring semantic segmentation networks for this task.

We examined eight different neural networks for semantic segmentation on 4D radar
point cloud data. Despite tendencies to overfit, perhaps because the radar data was
less detailed than the point cloud data these models were initially developed for, the
networks achieved solid mean Intersection over Union (mIoU) scores. They were
particularly good at differentiating between objects and background, but struggled
more with distinguishing between different classes.

Our experiment found that reducing problem complexity from four to two classes im-
proved the ability to distinguish objects from the background. By considering source
[13], which claimed high classification scores on radar data, we investigated the con-
cept of task decoupling using a two-stage network (TSN). This approach enhanced
both our main objective of class distinction and furthermore object-background sep-
aration, thus significantly improving the overall accuracy. However, it came with an
increased computational cost.

To offset this cost, we suggest the trade of combining the TSN with more computa-
tionally efficient classical methods, which could be especially beneficial in embedded
systems, despite their lower prediction accuracy. This can be easily achieved due to
the modular characteristics of TSN.

To further enhance the object class scores, we designed and tested three different se-
quential network approaches. Among them, the combination of a PointNet encoder
and an LSTM (Long Short-Term Memory) head offered the most stable results and
was also the smallest and fastest, making it a suitable candidate for future inclusion
into the existing pipeline of Sensrad AB.

The primary limitation of this thesis was the limited variety within our dataset.
Despite having a sufficient number of frames, there were only four static scenarios,
which allowed the segmentation models to overfit the dataset.

Lastly, the two proposed metrics: mAEDC and mAEDO, help us better understand
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how false positive points are distributed in a point cloud as compensation to mIoU.
Moreover, their corresponding loss functions work as expected without decreasing
mIoU, and the mAEDO loss can even improve the mAEDC metric at the same
time. This finding indicates that employing the mAEDO loss function should be
considered for a SemSeg network.

For future research:
Increasing the size and variety of the dataset could validate the results of our per-
formance tests. It would be interesting to see how the performance ranking of the
eight networks changes with more varied data, which would lead to less overfitting.
Ultimately, employing a dynamic dataset could resolve this issue and provide deeper
insights into the characteristics of the tested neural networks.

Given the growing interest in end-to-end network research, it might be worth inves-
tigating whether the object detection task can be handled all at once. For high 3D
object detection accuracy transformer models could be investigated, while for com-
putational efficiency discretization methods like PointPillars [34] could be assessed.

If pipeline control is a requirement, for safety-critical considerations, for instance,
further research could be done on combinations of classical and neural network meth-
ods. Currently, the DBSCAN is a bottleneck and could be replaced with a neural
network approach or an instance segmentation network, which predicts not only the
class but also a cluster index.
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A
Appendix 1

This appendix includes all the explanations mentioned in Chapter 2.

A.1 Technical Specification of the Used 4D Radar
The detailed technical information of the 4D-imaging radar that we use in this
project is listed in Tab.A.1, which is collected from the official website of Sensrad
AB at www.sensrad.com. The radar chip-set, version Everest RPU 1.1, is developed
by Arbe Robotics Ltd, details of which can be found on their official website: www.
arberobotics.com.

Table A.1: Specification of the used 4D-imaging radar.

Parameter Value
Frequency 76 ∼ 81 GHz
Antennas 48 × 48 MIMO configuration

Virtual channels 2304
Frame rate > 15 fps

Number of simultaneously tracked objects > 500
Detection range 0.2 ∼ 400 m

Target radial velocity −35 m/sec ∼ +70 m/sec
FOV (azimuth) ±50°
FOV (elevation) 30°

Resolution (range) 0.1 ∼ 0.75 m
Resolution (azimuth) 1.25°
Resolution (elevation) 1.7°
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B
Appendix 2

This appendix includes all the explanations mentioned in Chapter 4.

B.1 Training Conditions for SemSeg Networks
In order to facilitate a reproducible comparison, we have maintained the neural
networks in their original form as provided in the library torch-points3d. Fur-
ther, the networks underwent training under identical conditions such as dataset,
features, augmentation, normalization technique, class weights, epoch count, and
GPU resource utilization. The dataset used is the SemSeg dataset v1 explained
in section 2.2. Where the six features: Cartesian coordinates, range to the radar,
power, and Doppler, have been fed to the networks. The argumentation consists of
rotations around the z-axis. Regarding the feature normalization, Z-score normal-
ization Eq. B.1 is utilized. Hereby, the parameters µi and σi are determined using
the training set, ensuring frame-independent and shape-conserving normalization in
the validation and test case.

Z-score normalization: x − µx

σx
. (B.1)

Due to the imbalance of the dataset, different weights for each class are necessary.
Since this is a semantic segmentation task, the class weights are calculated according
to the number of points of each class as follows

wc =

√√√√ 1
Nc

·
∑Nc
c=1 nc
nc

, (B.2)

where wc is the weight for the class c, Nc is the number of classes, and nc is the total
number of points of this class among all training samples. As a result, the class with
a larger number of training samples will be assigned a smaller weight.

Afterward, every network has been trained for 50 epochs on the same GPU, NVIDIA
GeForce GTX TITAN X, with the GPU memory of 12 GB fully used, resulting in
different batch sizes varying from 2 to 64, see Tab.B.1.
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Table B.1: Batch size of each SemSeg network.

Neural network Batch size
Minkowski 64
PointNet 32

PointNet++(SSG) 32
MSSVConv 32

PVCNN 32
KPConv 24

PointNet++(MSG) 16
RSConv 4
PPNet 2
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Appendix 3

This appendix includes all the explanations mentioned in Chapter 5.

C.1 Training Conditions for TSNs

Table C.1: Training Conditions for the networks.

Model Dataset epochs optimizer lr dec
PointNet (SemSeg) SemSeg V1 50 ADAM 1 × 10−3 0.7 per 20 ep
PointNet (Masking) SemSeg V1 50 ADAM 1 × 10−3 0.7 per 20 ep

PointNet (Cls) Classification V1 50 ADAM 1 × 10−3 0.7 per 20 ep
TSN (Masking) SemSeg V1 50 ADAM 1 × 10−3 0.7 per 20 ep

TSN (Cls) Classification V2 50 ADAM 1 × 10−3 0.7 per 20 ep

C.1.1 Data Augmentation
The classification data underwent a process that included a dropout rate of 0.4,
rotation around the z-axis, and translation. On the other hand, the semantic seg-
mentation data is subjected solely to rotation around the z-axis.

C.1.2 Normalization
The normalization method utilized is the Z-score normalization, with µx and σx
computed over the test set. In an effort to avoid distorting the object shapes, the
spatial values - x, y, and z - are shifted by µx, µy, and µz respectively. However, they
are all divided by a single σd, representing the standard deviation of the Euclidean
distance of all points to the mean point cloud center of the test set- µx, µy, and
µz. This approach ensures the preservation of object shapes by scaling them down
uniformly during normalization. For other features, specifically range power and
Doppler, individual µx and σx values are utilized, given their independence from
each other.

Z-score normalization: x − µx

σx
, (C.1)
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C.1.3 Equal Sampling vs Class Weights
It’s worth mentioning that the initial classification network is designed with
weights to tackle label imbalance. Unfortunately, the model didn’t learn effectively,
resulting in misdirected predictions split between pedestrians and bicyclists. How-
ever, significant improvements are seen in the validation performance when equal
sampling is introduced. This approach ensured that the network received an equal
number of samples from all classes, leading to the results we presented.

C.1.4 Comparison: cluster dataset vs sequential cluster dataset
As mentioned in subsection 2.2.4, both cluster dataset and sequential cluster dataset
can be used to train classification networks that only consume one cluster at a time.
Even though both datasets are leveraging the same annotation explained in subsec-
tion 2.2.1, there is a small difference in that the sequential cluster dataset, which
is extracted from the pipeline using DBSCAN and MOT, results in similar cluster
shapes as in the pipeline than the cluster dataset. The shape difference comes from
the imperfect performance of DBSCAN and MOT so that one ground truth cluster
can be divided into two smaller clusters and the other way around. This is actually
a vital argument since TSN will finally be integrated as used in the pipeline, it is
preferable to train the classification network on a dataset as close to the real situa-
tion as possible.

To verify this idea, the same classification network, PointNet, has been trained
twice, once trained on the cluster dataset, and once trained on the sequential clus-
ter dataset, but both are validated on the sequential cluster validation dataset.
Fig.C.1 illustrates that PointNet trained on the sequential cluster dataset outper-
forms PointNet trained on the cluster dataset by a large margin on the sequential
cluster validation dataset, which proves that our idea is correct and the shape dif-
ference caused by DBSCAN and MOT is non-negligible.

Figure C.1: F1-score of PointNet trained on cluster dataset and sequential cluster
dataset on the sequential cluster validation dataset.
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Appendix 4

This appendix includes all the explanations mentioned in Chapter 6.

D.1 Training Conditions for Sequential Classifiers

Table D.1: Training Conditions for sequential classifiers.

Network Dataset Epochs Optimizer lr decay Dropout rate
All networks Cls Seq V1 50 ADAM 5 × 10−4 0.1 per 20 ep 0.4

The same Data Augmentation techniques employed in the TSN are explained in
section C.1.1.

The equal Sampling technique, as mentioned in section C.1.3, proved beneficial
when applied in the TSN, and therefore, it is utilized in the sequential training
pipeline as well. Tracks longer than 30 are randomly truncated to a length of 30,
while shorter ones are taken as they are. As mentioned, equal sampling is employed
to select tracks from each class with the same probability. Of note, once a track
ends, the hidden states (h0, c0) or the accumulated feature states are reset for the
LSTM and the FNN, CNN respectively before a new track starts.
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D.2 Parameters for Different Heads

Table D.2: Parameters for the CNN head architecture.

Parameter Meaning Value
n number of classes 3
m feature size 512
T number of memorized time instances 50
s stride 1
p zero padding size [0,0]
k kernel size [10,512]
Cc convolutional layer output channel size 256
Fi input FC layer size [10496, 1024]
Fh hidden FC layer size [1024, 128]
Fo output FC layer size [128, n]
dh dropout rate on hidden FC layer 0.4

Table D.3: Parameters for the FNN head architecture.

Parameter Meaning Value
n number of classes 3
m feature size 512
T number of memorized time instances 50
Fi input FC layer size [t×m, 1024]
Fh1 1st hidden FC layer size [1024, 512]
Fh2 2nd hidden FC layer size [512, 128]
Fo output FC layer size [128, n]
dh2 dropout rate on 2nd hidden FC layer 0.4

Table D.4: Parameters for the LSTM head architecture.

Parameter Meaning Value
n number of classes 3
m feature size 512
l number of recurrent layers 1
H hidden state size 3
C cell state size 3

D.3 Noise Clusters in Sequential Classifiers
The challenge of generating noise information from scratch, that is neither biased
towards a particular class nor deviating from the standard cluster distribution, ren-
dered us hesitant to attempt it. Instead, we utilized the validation set to identify the
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most ambiguous clusters. We employed PointNet to generate a prediction for each
cluster, namely class three probabilities and then calculated the Euclidean distance
between these probabilities and a hypothetically undefined cluster, where all prob-
abilities, denoted by pu, equate to 1

K
, with K representing the number of classes.

The formula to calculate the distance is given as

d =

√√√√ k∑
i=1

(pi − 1
k

)2.

Then the 15 closed clusters to the theoretical undefined cluster are chosen to be
randomly selected for the tests.

D.4 Feature Spaces in Sequential Classifiers

Feature space of the four sequential networks given a track of 150 clusters. The track
switches labels from pedestrian to (a) bicyclist or (b) noise after the first 50 iterations
(y-axis). Take note that the minimum and maximum values fluctuate across different
plots. While this may complicate the direct comparison between figures, it enhances
the color resolution within each individual image, thereby highlighting patterns more
effectively.

(a) Switch to Class.

(b) Switch to Noise.

Figure D.1: Sequence of 150 clusters, encoder size 1024 of original PointNet.
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(a) Switch to Class.

(b) Switch to Noise.

Figure D.2: Sequence of 150 clusters, encoder size 512 of FNN.

(a) Switch to Class.

(b) Switch to Noise.

Figure D.3: Sequence of 150 clusters, encoder size 512 of CNN.
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(a) Switch to Class

(b) Switch to Noise.

Figure D.4: Sequence of 150 clusters, encoder size 512 of LSTM.

XI



DEPARTMENT OF SOME SUBJECT OR TECHNOLOGY
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden
www.chalmers.se

www.chalmers.se

	List of Acronyms
	List of Figures
	List of Tables
	Introduction
	Background and Objective
	Contributions
	Thesis Outline

	Data
	4D-Imaging Radar
	Dataset
	Annotation
	SemSeg Dataset
	Classification Datasets
	Sequential Classification Datasets
	Analysis


	Theory
	Perception Tasks for Point Clouds
	Common Structures of Neural Networks
	Neural Networks for Point Clouds
	Point-based
	Discretization-based
	Combinations

	Naive Bayesian Classifier
	Doppler Masking
	DBSCAN
	Evaluation metrics

	Comparison of Different Networks
	Accuracy Evaluation
	Resource Evaluation
	Performance Analysis
	Discussion

	Two-Stage Network
	Emergence of Task Decoupling: Addressing Classification Challenges
	Comparison: PointNet vs Two-Stage Network
	Comparison: Classical vs Neural Network Methods
	Doppler masking vs PointNet masking
	Naive Bayesian classifier vs PointNet classifier

	Object Classification: Performance Analysis
	Discussion

	Sequential Classifier
	Sequential Architectures
	Accuracy Evaluation
	Resource Evaluation
	Performance Analysis
	Discussion

	Metric and Loss Function
	Defect of IoU/mIoU
	New Metrics
	Average Euclidean Distance to the Closest Corresponding Ground Truth (AEDC)
	Average Euclidean Distance to the Closest Object Ground Truth (AEDO)

	New Loss Functions
	Evaluation
	Discussion

	Conclusion
	Appendix 1
	Technical Specification of the Used 4D Radar

	Appendix 2
	Training Conditions for SemSeg Networks

	Appendix 3
	Training Conditions for TSNs
	Data Augmentation
	Normalization
	Equal Sampling vs Class Weights
	Comparison: cluster dataset vs sequential cluster dataset


	Appendix 4
	Training Conditions for Sequential Classifiers
	Parameters for Different Heads
	Noise Clusters in Sequential Classifiers
	Feature Spaces in Sequential Classifiers


