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Abstract: Perception systems for assisted driving and autonomy enable the identification and classifi-
cation of objects through a concentration of sensors installed in vehicles, including Radio Detection
and Ranging (RADAR), camera, Light Detection and Ranging (LIDAR), ultrasound, and HD maps.
These sensors ensure a reliable and robust navigation system. Radar, in particular, operates with
electromagnetic waves and remains effective under a variety of weather conditions. It uses point
cloud technology to map the objects in front of you, making it easy to group these points to associate
them with real-world objects. Numerous clustering algorithms have been developed and can be
integrated into radar systems to identify, investigate, and track objects. In this study, we evaluate sev-
eral clustering algorithms to determine their suitability for application in automotive radar systems.
Our analysis covered a variety of current methods, the mathematical process of these methods, and
presented a comparison table between these algorithms, including Hierarchical Clustering, Affinity
Propagation Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH), Density-Based
Spatial Clustering of Applications with Noise (DBSCAN), Mini-Batch K-Means, K-Means Mean
Shift, OPTICS, Spectral Clustering, and Gaussian Mixture. We have found that K-Means, Mean Shift,
and DBSCAN are particularly suitable for these applications, based on performance indicators that
assess suitability and efficiency. However, DBSCAN shows better performance compared to others.
Furthermore, our findings highlight that the choice of radar significantly impacts the effectiveness of
these object recognition methods.

Keywords: perception systems; driving assistance; autonomous vehicles; object identification; cluster
algorithms; radar sensor; point clouds; K-Means; Mean-Shift; DBSCAN; automotive applications

1. Introduction

The development of advanced driving assistance systems (ADAS), as well as Au-
tonomous Driving (AD), is contingent upon the efficacy of perception systems that facilitate
the identification and classification of objects in the vehicle’s surrounding environments [1].
These systems utilize an array of sensors, including Radio Detection and Ranging (RADAR),
cameras, LIDAR, ultrasonic sensors, and HD maps, to ensure the reliability and robustness
of the navigation framework [2]. Among those systems, radar sensors are particularly
noteworthy due to their ability to function under various weather conditions, in order to
determine the relative position and speed of neighboring objects [3]. Furthermore, the radar
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generates a point cloud, as this cloud technology facilitates mapping accurately the shapes
of objects, which is crucial for grouping and subsequent object recognition [4,5].

Clustering algorithms play a key role in enhancing the capabilities of radar systems
to identify objects [6]. It is important to study and apply clustering algorithms in radar
systems, particularly on rainy and cloudy days, as there is more difficulty in identifying
and classifying objects [7]. Therefore, despite extensive development of various clustering
algorithms, a comprehensive assessment of their suitability is lacking, and applications in
automotive radar systems are lacking; this gap is essential for advancing the reliability and
efficiency of perception systems in autonomous vehicles. The current automotive radar
systems allow one to identify, recognize, and track objects in their field of view using cluster
algorithms through the cloud points under any weather condition in real time, such as
pedestrians, cyclists, animals, other vehicles, and infrastructure elements [7,8].

The radar system is particularly suitable for automotive applications as vehicles are
excellent reflectors of electromagnetic waves and, therefore, determine accurately the
inter-vehicular distance and speed, as well as the distances to other objects. The radar
is extremely important for application in autonomous vehicles since their reliability and
multi-functionality make them critical parts in modern ADAS and AD [9-11]. The move to
higher frequencies from 76 to 81 GHz for radar sensors brought new challenges.

High-resolution automotive radar detects thousands of reflection points in the envi-
ronment around you, such as vehicles, pedestrians, and traffic. For object classification and
recognition, the first step is detecting points that belong to the same object, which must be
grouped before further processing [12].

This article aims to show the importance, comparison, and efficiency among clustering
algorithms in radar systems and fill the gap by conducting an extensive assessment of
multiple groups, as well as test algorithms to determine their applicability to automotive
radar systems. Our study examines a range of contemporary clustering methods, including
Affinity Propagation, Hierarchical Clustering, BIRCH, DBSCAN, K-Means, Mini-Batch
K-Means, Mean Shift, OPTICS, Spectral Clustering, and Gaussian Mixture. Through our
analysis, we have identified K-Means, Mean Shift, and DBSCAN as being particularly well-
suited for these applications, based on performance indicators assessing their suitability
and efficiency.

Our contributions include a detailed comparative analysis of these clustering algo-
rithms, providing insights into their performance and effectiveness in automotive appli-
cations. We highlight the significant impact of radar sensor choice on the effectiveness of
object recognition methods, underscoring the importance of selecting appropriate radar sys-
tems. By enhancing the understanding of the interplay between clustering algorithms and
radar data, this study puts forward the challenges for the development of more reliable and
robust perception systems for Autonomous Driving and driving assistance technologies.

This work carried out a study of clustering algorithms that are currently used for
object recognition in automotive applications. The following contributions were made:

*  Comprehensive Evaluation of Clustering Algorithms: This paper provides an exten-
sive analysis of various clustering algorithms, including Affinity Propagation, Hier-
archical Clustering, BIRCH, DBSCAN, K-Means, Mini-Batch K-Means, Mean Shift,
OPTICS, Spectral Clustering, and Gaussian Blending, specifically for their application
in automotive radar systems.

* Identification of Suitable Algorithms: This study identifies K-Means, Mean Shift,
and DBSCAN as the most suitable clustering algorithms for radar-based object identi-
fication, recognition, and tracking in autonomous vehicles.

*  Performance Indicators for Suitability and Efficiency: This paper uses specific
performance indicators to assess and compare the suitability and efficiency of the
evaluated clustering algorithms, providing a clear metric for their effectiveness in
automotive applications.
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*  Impact of Radar Choice on Object Recognition: This research highlights the significant
influence of radar sensor choice on the performance of object recognition methods,
emphasizing the importance of selecting appropriate radar systems for optimal results.

e Contribution to Autonomous Driving Technology: By enhancing the understanding
of how different clustering algorithms perform in conjunction with radar systems, this
study contributes to the development of more reliable and robust perception systems
for autonomous vehicles and driving assistance technologies.

This article is organized as follows: Section 2 presents technical aspects of automotive
radar systems describing the signal processing, cloud generation TICC model-based clus-
tering method, object detection approach, and ECU radar technology. Section 3 overviews
the math description of the cluster and the main algorithms available. Section 4 contains
the application of clustering in automotive radar for object recognition. Section 5 presents
the comparison analysis of clusters for automotive radar applications such as in the ADAS
system. Finally, Section 6 summarizes the contributions.

2. The Automotive Radar System

Automotive radar systems are integral components of Advanced Driver Assistance
Systems (ADASs), providing critical data for object detection, tracking, and classification.
These systems operate at various ranges—short, medium, and long—and utilize different
antenna configurations to meet the specific requirements of various ADAS functionalities.
The ECU-Radar consists of two main units: the radar sensor (1), which can identify objects
in a Field and View and give information in a point cloud format to the radar controller (2),
where there are algorithms and strategies to cluster and object detection and recognition.
The ECU-Radar can be used by DA or ADAS features such as Adaptive Cruise Control
(ACC), Autonomous Emergency Braking (AEB), Forward Collision Warning (FCW), Traffic
Jam Assist (TJA), and others. Radars have been used to determine the distance and speed of
the vehicle ahead. More recently, a new application has been developed that uses the cloud
created from points in the radar’s field of view, as the radar can define clusters to identify
objects with the help of a clustering risk.

Antenna configurations play a very important role in radar efficiency systems within
Advanced Driver Assistance Systems (ADASs), with single antenna setups offering suf-
ficient capabilities for detecting and tracking vehicles in adjacent lanes or at moderate
distances, providing balanced performance across various ADAS functions with a moder-
ate cost and complexity level, albeit with limitations in resolution compared to systems
utilizing multiple antennas, whereas multiple antenna configurations provide superior
resolution and a wider field of view, thereby enhancing the system’s ability to detect and
track multiple objects, leading to improved accuracy and reliability, especially crucial for
navigating complex traffic scenarios, although these configurations come with increased
cost and design complexity.

In the context of long-range radar (LRR), operating at frequencies typically around
77 GHz with a range of up to 250 m or more, single antenna configurations allow basic
long-distance detection and object tracking, sufficient for driving in high speed and effec-
tive for maintaining safety in simple driving scenarios. However, they may be less able to
distinguish between multiple objects at long distances, while multiple antenna configura-
tions significantly improve target resolution and angular accuracy, crucial for advanced
Autonomous Driving functions. They provide superior performance in identifying and
tracking multiple objects over long distances, which is essential for safe navigation at high
speeds; the integration of radar systems with ADAS offers a comprehensive detection
solution that increases vehicle safety and autonomy, where the choice between single and
multi-antenna configurations depends on the specific ADAS requirements and trade-offs
between cost, complexity, and performance.
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Ultimately, radar system selection—whether short, medium, or long-range—profoundly
impacts the overall effectiveness of the ADAS, with each range serving distinct purposes,
from low-speed maneuvering and collision avoidance to high-speed navigation, and Au-
tonomous Driving, ensuring comprehensive coverage and safety in diverse driving scenar-
ios. Through careful selection and integration of appropriate radar systems, manufacturers
can develop ADAS that significantly improve vehicle safety and driver convenience and
pave the way for fully Autonomous Driving solutions.

Opverall, automotive radar systems are essential to improve vehicle safety by providing
reliable detection and tracking of objects in the vehicle’s environment, thereby assisting
drivers and enabling advanced Autonomous Driving functionalities.

2.1. Radar Signal Processing and Point Cloud Generation

Radio waves are used to detect objects and determine their range, speed, and angle
relative to the vehicle. This process involves several intermediary steps, including signal
transmission, reflection, reception, and signal processing, in order to generate point clouds
representing the environment around the vehicle. The automotive radar system operates
by transmitting Frequency-Modulated Continuous Wave Radar (FMCW) signals, receiving
the reflected signals, and processing them to extract beat frequency and Doppler shifts.
The processed data are used to generate a point cloud that represents the surrounding
environment. The transmitter generates a continuous frequency signal and transmits it, and
then the transmitter power is increased by an amplifier. The frequency of the transmitted
signal is modified over time and the signal is reflected reaching the receiver, and then the
target signal that has been received passes through the mixer and a low noise amplifier
(LNA). Therefore, a frequency signal (IF) is obtained and routed to the digital converter
(ADC) to be processed in a signal processor, as illustrated in Figure 1.

Pattern
Generator
Multiplier
ADC IF
Processor
1D-FFT,
CFAR
ADC IF

Figure 1. FMCW radar system block diagram.

The radar system transmits an FMCW signal, which is a continuous wave with a
frequency that increases linearly over time (a chirp signal) and is given by

s(t) = Acos(27t(fct + %tz)) 1)
where A is the signal amplitude, f; is the carrier frequency, B is the bandwidth, and T is
the chirp duration.

The transmitted signal reflects off objects and is detected by the radar’s receiving
antennas with a time delay T and a Doppler shift f; due to the relative motion of the objects.
The received signal r(t) is described by

F(t) = Acos(27t(f.(t—T) + %(t — 1)) @
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where T is the round-trip time delay and given by T = 2R where R is the range to the object

and c is the speed of the light. The beat frequency is a fundamental concept in radar signal
processing. It refers to the frequency difference between transmitted and received signals
after they interact with a target. This frequency difference contains crucial information
about the target’s range. When a radar signal is transmitted and then reflected off a target
and received back at the radar system, changes in the frequency of the received signal
occur due to the Doppler effect and the motion of the target relative to the radar system.
The transmitted signal is given by f;, where is the frequency of the transmitted radar signal.
Upon reflecting off a target, the received radar signal’s frequency f, is altered due to the
Doppler effect, which depends on the relative movement between the target and the radar
system. Then, the beat frequency fj, is defined as the difference between the transmitted
and received frequencies, as shown in the equation

fb:fr_ft 3)

The beat frequency can be used to provide a rough estimation of the distance to the
target. When the transmitted signal reflects off a target and returns to the radar system,
the time delay T between transmission and reception is related to the target’s distance R.

e Time Delay: The time delay 7 is twice the time it takes for the radar signal to travel

2R
from the radar system to the target and back: T = ~ We consider that R is the range

of the target and c is the speed of light.
e  Frequency Modulation: In frequency-modulated continuous-wave (FMCW) radar
systems, the beat frequency f, can be related to the time delay T through the chirp

2
bandwidth B and the chirp duration T: f, = TBT.
* Range Calculation: Rearranging the equation for 7 yields: R = f L? .

The beat frequency represents the frequency difference between transmitted and
received signals, providing information about the target’s motion. By analyzing this
frequency difference, radar systems can determine the range of detected targets. This
calculation is fundamental to radar-based distance measurement and plays a vital role in
various applications, including automotive radar systems for collision avoidance, adaptive
cruise control, and object detection.

2.2. Relative Distance and Speed Calculations

The radar system samples the received signals to generate point clouds and the shape
represents a detected object with its range R, azimuth angle 6, elevation angle ¢, and radial
velocity v,. Given two radar detection events at times t; and t, with positions (Ry, 01, ¢1)
and (Ry, 0, ¢2), the relative distance D and relative speed v, can be calculated as follows:

*  Relative Distance: assuming that the radar coordinate system gives the relative dis-
tance D between two points such as

D= \/(chos(ﬂz) — Rycos(01))? + (Rasin(62) — Rysin(61))? 4)

*  Relative Speed: the relative speed v, between the two detection events can be calcu-
lated as Ro R
-k

Oy = t— (5)

2.3. Object Recognition Through Clustering

Object recognition through clustering is a vital aspect of radar-based perception
systems in automotive applications. Clustering algorithms group together radar data
points that belong to the same physical object, enabling the identification and tracking of
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objects such as vehicles, pedestrians, and obstacles. Once the clustering algorithm assigns
data points to clusters, various analyses are performed on the clusters to identify and
classify objects, as follows:

¢ Centroid Analysis: The centroid of each cluster represents a potential object. Addi-
tional analysis can refine object properties such as size, velocity, and heading.

*  Shape Analysis: Analyzing the shape and size of clusters can help distinguish between
different types of objects (e.g., vehicles, pedestrians).

e  Temporal Analysis: Tracking the movement of clusters over time allows for object
trajectory estimation and prediction.

e  Statistical Analysis: Assessing cluster properties such as density, spread, and coherence
can provide insights into the reliability of object detection.

Once clustering is performed, each cluster represents a distant object and can be
calculated as follows:

*  Centroid: The average disposition of all cluster points, representing the object’s position

) x (6)

¢  Extent: The spatial spread of the points, representing the object’s size

1
0 = il Z [ x — pil|? )
| l‘ xeC;

*  Velocity: The average of all cluster points, representing the object’s speed and direction

Y o (8)

xeC;

N
e ATeT

As we mentioned before, this clustering allows the radar system to recognize and track
multiple objects, providing crucial data for driving assistance and Autonomous Driving to
make informed decisions for vehicle safety and navigation.

2.4. The Radar Measurement Range Technologies

The basic topology of radar includes one or more Monolithic Microwave-Integrated
Circuit (MMIC) [13] radar transceivers, which are the sort of integrated circuit device that
work out at microwave frequencies (from 300 MHz to 300 GHz), such as the AWR1243,
76-t0-81 GHz High-Performance Automotive MMIC from Texas Instruments connected to
a performance processing unit (MCU or SoC), shown in Figure 2.

PMIC r Fm—>

(((_ - T PMIC Regulator Battery
~ >

o N— .)))Rx &/D {0

Radar vy

Transceiver Radar (76-81GHz)

I
SoC

M
b3

Figure 2. Basic topology of a radar system.
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According to the International Union of Telecommunication Functions, automotive
radars are classified into two categories. Category 1 includes systems of comfort functions,
which allow for more stable driving. This category includes adaptive cruise control (ACC)
and collision avoidance (AC) systems for an active safety range of up to 250 m. Category 2
defines high-resolution sensors for applications such as blind spot detection, lane change
assist, and threat warning. The range is smaller than Category 1, with a maximum distance
of 50 m. Radars are classified according to their measurement range, as shown in Figure 3.

LRR =250 m

Figure 3. Radar measurement range classification: Short Range Radar (SRR)/Middle Range Radar
(MRR)/Long Range Radar (LRR).

With advances in high-frequency integrated circuits (ICs) along with Monolithic
Microwave-Integrated Circuits (MMICs), radars (FMCW) can be used in diverse applica-
tions [14]. Of the four main frequency bands used in radar systems, two are present in the
K band (near 24 GHz) and two are in the E band (between 76 and 81 GHz) [15].

For static objects, the semantic segmentation in the environment generated by the
radar reading is performed by a convolutional neural network, and for dynamic objects
a new neural network architecture is used to segment recurring instances in radar point
clouds of moving objects [16]. After this process of capturing static and dynamic objects,
they are returned to the radar targets in this process of the spatial region of probability
classes that are assigned to each cell of the note. In a fusion step, the results of both are
brought together into a single point cloud.

In the recently developed multiple inputs multiple outputs (MIMO) radar system,
which is a multi-antenna radar system, with transmitting antenna functioning indepen-
dently, receiving antennas can measure these signals [17]. Since the wave forms are different,
the echo signals are reassigned to a single transmitter. In this way, it is possible to obtain a
virtual field of K-N elements, from a field of antennas of N transmitters with a field of K
receivers, the obtained field can be expanded to a virtual aperture size [18,19].

When the radars read the environment, they generate a point cloud, which is defined
as a set of four dimensions [20]:

Point = {p; |i=1,2,...,n}, neN )

where n represents the number of targets hit by the radar, and each point p; = (x,y,v,,0),
with (x,y) coordinates and v, is the compensated Doppler velocity, and ¢ is the radar
crossed by section value [7].

2.5. The ECU Radar Technology

The ECU radar system plays a critical role in ADAS by processing data from radar sen-
sors and making real-time decisions to enhance vehicle safety and automation. This system
typically consists of a microcontroller with a real-time operating system (RTOS), and radar
sensors, each component fulfilling a specific function to support various ADAS features.
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The radar sensor works by emitting radio waves, thus measuring the time interval
waves take to return from objects. By analyzing these signals, the radar sensor can deter-
mine the speed, distance, and angle of objects relative to the vehicle. The main components
are the transmitter, receiver, signal processor, microcontroller, power, and communica-
tions modules.

The Real-Time Operating System (RTOS) manages the execution of multiple tasks,
ensuring that radar data are processed within strict timing constraints. This is critical
for real-time applications like ADAS and the key features of deterministic scheduling,
multitasking, and inter-task communication.

The ECU radar system, comprising a microcontroller RTOS and radar sensor, forms
the backbone of many ADAS features, enabling real-time processing and decision-making
to enhance vehicle safety and automation. By leveraging the strengths of each component,
this integrated system provides robust and reliable assistance to drivers, paving the way
for advanced Autonomous Driving capabilities.

The ECU-Radar to be designed should comprise an architecture and technologies that
meet the requirements of the DA system, pursuing flexibility, accuracy, and robustness in
compliance with standards and regulations. The entire architecture of the components and
its integration is shown in Figure 4.

The ECU-Radar shall have the states of configuration, calibration, and application
defined by the user using the appropriate tool. The manual shall be provided easily and
accurately. According to Figure 4, the ECU-Radar comprises two main integrated compo-
nents. The radar sensor operates based on the principle of RADAR (Radio Detection and
Ranging). They emit radio waves in specific frequencies and analyze the reflected signals
to determine the distance, speed, and direction of objects in the vehicle neighborhood.
The radar controller with ADAS features is a specialized component within a vehicle’s
electronic system that manages radar sensors and integrates them with the vehicle’s safety
and driver assistance functions. The radar controller is composed of a microcontroller
(MCU), Digital Signal Processing (DSP), plus Power Supply.

’ ECU Radar \
|

Radar Controller

|
Power | Altitude, Azimuth
— Depth, Velocity
Alternator/Battery I
I - -
with | MCU + DSP + Power Configuration

CAN, CAN-FD, ETH

—— == ——

raw_data

Figure 4. Architecture of the Automotive ECU-Radar with its components, technologies, and applica-
tions enabled for DA features.

The Electronic Control Unit (ECU) for radar-based ADASs (Advanced Driver Assis-
tance Systems) performs sophisticated information processing to ensure accurate and real-
time object detection and classification. This processing involves several stages, from data
acquisition to decision-making, with clustering algorithms playing a crucial role in inter-
preting radar data.

1.  Data acquisition through the radar sensor output;
2. Preprocessing the signal filtering and noise reduction;
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3. Clustering algorithm to group individual radar data points into clusters that represent
distinct objects in the environment;

4. Object detection and classification with feature extraction and object classification;

5. Multi-Object Tracking (MOT) through Kalman filters or more advanced techniques
like particle filters track the detected objects over time;

6.  Decision-making to make real-time decisions and control the vehicle.

The ECU radar system with clustering algorithms and object detection processes
radar data through several stages, including data acquisition, preprocessing, clustering,
object detection, classification, tracking, and decision-making. Each stage involves complex
mathematical models and algorithms to ensure accurate and real-time perception, enabling
the reliable and safe operation of ADAS features in autonomous vehicles.

Figure 5 shows how the ECU-Radar should process information from sensor detection
to the DA application. The radar sensor has to identify the road used and gives information
in a point cloud format. The radar controller has cluster and object detection algorithms to
identify and classify objects to be used by DA features.

’ ECU Radar N

A

&

Radar Controller
ADAS Features

Point Cloud
ACC AEB TIA CTA ® 00

———— e e o — — —

Object Cluster lﬁ\ r
Detection Algorithm H__B
— —
(T} |
i— ’
N\
Object, distanceand ™ = — — — - & - — — m e e e e e —— = = - FoVfor identify road
velocity users

Figure 5. Information processing of automotive ECU-Radar.

After all these explanations, we are ready to understand more about singular cluster
algorithms to identify the best one to be deployed on an automotive radar system. First,
we identified those available in the literature, and next, we figured out those that fit the
radar. Finally, we used three more automotive radar suitable for COTS.

3. The Main Cluster Algorithms

Clustering algorithms are a class of machine learning techniques that group a set of
points or data into clusters based on elementary similarity. These algorithms detect patterns
and configurations in the data to ensure that the points that are within that particular cluster
are similar to each other and different from points that are in other clusters. Clustering is a
type of unsupervised learning, meaning that it does not rely on predefined labels for the
data points.

Now, in a dataset, a cluster group is used to set up each point in that data group
into a particular group. Data points that are part of that given group must have similar
characteristics and properties, in the same way that data points that are in other groups
must have different properties [19].

A mathematical description of clustering involves defining the method of grouping a
set of data points into clusters, such that points in the same cluster fit more closely to each
other than those in other clusters. Here is a detailed mathematical description of clustering
and some popular clustering algorithms:

Basic concepts might be defined by the following:

1. Data Points: Consider X = {x1, x2, X3, ..., X, } a set of points (data), where each x; is a
vector in a R. Considering a set of 1 objects

X = {xll X2, X3, eees xi’l} (10)
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2. Clusters: A clustering is a partition of the dataset X into C; clusters C = {c1,¢2,...,cn }
such that

C=

Ci=X and GNCi=0 for i#]j (11)

i=1

3. Centroid: The centroid y; of a cluster C; is the mean position of all the points in
the cluster

= e Y x (12)

4.  Distance metric: A functiond = R¢ x R¢ — R that defines the similarity between
data points. Consider the Euclidean distance

d(x,y) =[x —ylla = (13)

These mathematical formulations and algorithmic steps provide a basis for understand-
ing clustering and its application in various domains, including automotive radar systems.

Several clustering algorithms have been widely used recently, such as Hierarchical
Clustering, Affinity Propagation, DBSCAN, BIRCH, K-Means, Mini-Batch K-Means, OP-
TICS, Mean Shift, Mixture of Gaussians, and Spectral Clustering. They all have specific
characteristics, which may be more suitable for certain specific applications that require
data grouping. A detailed description of several clustering algorithms, commonly applied
in automotive radar systems, is presented below. These clustering algorithms offer various
strengths and weaknesses, making them suitable for different scenarios in automotive
radar systems. The choice of an algorithm depends on factors such as the density and
distribution of data points, computational efficiency, and the specific requirements of the
Driving Assistance and Autonomous Driving question.

3.1. Affinity Propagation

Affinity Propagation contains a low error and is fast and flexible, which has the advan-
tage of taking similarity measurements between pairs of data points as input parameters
while considering other data points as potential examples. Data points exchange messages
of real value, until the set with high-quality samples starts to appear [20]. The algorithm
then goes through several iterations until reaching convergence based on a pre-defined
criterion. Each iteration has two message-passing steps. The first step is the passive r(i, k),
the passive takes into account how suitable the point k is to serve as an example for the
point i, comparing it with the other potential examples for the point i. Responsibility is
sent from data point i to candidate example point k. The second step is the calculation of
availability, which is how much the availability a(i, k) equates to how appropriate it would
be for point i to choose point k as its reference point; considering the support of other
points, this point k is an example. The availability is sent from candidate exemplar point k
to point i. When calculating responsibilities, the algorithm uses the original similarity and
the availability calculated in the previous iteration. In the first iteration, these variables are
set and initialized to zero [21].

The algorithm is based on the following equations:

a(k,k) = Y. max{0,r(i',k)} (14)

i" such that i’ #k

where self-availability a(k, k) is defined as the sum of positive responsibilities that the
exemplary candidate k receives from other points.

r(i k) < s(i, k) = ) max{a(i,k') +s(i,k')} (15)
k' such that k' £k
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where the responsibility r(i k) reflects the accumulated evidence s(i, k) of how well point k
is suitable to serve as an example for point i.

a(i k) < min{0,r(k,k)} + Y max{0,r(i', k)} (16)
i’ such thati' ¢ {ik}

where availability a(i, k) is defined as the self-responsibility r(k, k) plus the sum of the
positive responsibilities that the exemplary candidate k receives from other points [20].

3.2. Hierarchical Clustering

The Hierarchical Clustering algorithms differ from partition-based ones in that they
build a binary merge tree, which falls into two types of categories, top-down and bottom-
up [22]. Ascending clusters initially consider each data point as a single cluster and repeat
this process until all the clusters come together and form just a single cluster with all the
data. This process generates a graphical representation of a tree that incorporates the nodes
in the plane, which is called deprogramming [23,24].

To understand this algorithm, the distance metrics must be defined. First, the Eu-
clidean distance is the shortest distance between two points in any dimension.

Hll — b”z = Z(ﬂi — bl‘)Z (17)

i

where g; and b; represent, respectively, the characteristic of individual a2 and b, and i is the
number of plots in the sample. The square Euclidean distance is described by

la—bl3 = /Y (a;—b;)? (18)

i

On the other hand, the sum of the absolute differences in coordinates between
two points is called the Manhattan distance

la—blly =Y |a;— b (19)
7

Moreover, the following equation provides the mathematical definition of the maxi-
mum distance between two points, as follows:

la — b|oo :miax|a,-—b,-| (20)

After choosing the definition of distance, it is important to choose the connection
criteria, as simple, complete, or average connection.

In Hierarchical Clustering, defining the number of clusters is unnecessary, as one can
select the number of clusters that seems the best one as the tree is being built. Furthermore,
in this algorithm, all distance analysis works well, unlike the other algorithms presented in
this work, where the selection of distance analysis is a decisive factor.

An interesting system for Hierarchical Clustering is when the data have an under-
lying hierarchical structure and such hierarchy must be retrieved, while other clustering
algorithms cannot determine such hierarchy. However, these advantages mean that this
algorithm has a time complexity of O (n®) with lower efficiency, unlike the linear complexity
of other algorithms presented in this work, such as K-Means and GMM [23].

3.3. BIRCH

BIRCH is a clustering algorithm with a Hierarchical Clustering methodology, which
has been designed to work with large numerical datasets. It uses the idea of clustering
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features (CF) [25]. The CF is a three-dimensional vector that has information about the
objects, defined by
CF=<n,LS,SS (21)

with n being the number of points in a cluster, LS defined as the sum of n points and SS
equal to the squared sum of n points.

The CF has the required information for decision-making of the BIRCH algorithm,
which is taken from a reading of the dataset. Through the CF, an initial CF tree is built,
which stores the CF for a hierarchical grouping, which can be understood as a data com-
pression trying to preserve its characteristics.

The CF characteristics are additive; that is, if we have two disjoint clusters C; and Cp,
which have CF; and CFE,, respectively, a new cluster composed of the junction of C; and C;
is simply CF; + Ch,.

The BIRCH algorithm applies a multifaceted technique with a single data reading,
and if necessary, the algorithm makes one or two additional readings to improve the quality
of the result [25,26].

Given n points x;, in a d-dimensional space, this group of points can be defined as
being a cluster, in which the following parameters identify it:

1 M
X0 = — Z Xi (22)
iz

where x is the centroid that is given by Equation (22), R is the radius which is given by
Equation (23), and D is the diameter which is given by Equation (24).

R = % i(xi — XO)Z (23)

D-\JMﬁZ(xi—xj)z (24)

If we consider R as the average distance from the centroid to the objects in the cluster,
D is defined as the average distance between pairs within a cluster. They measure the
data’s spread (or concentration) around the cluster’s centroid. The BIRCH algorithm has
three parameters:

e  Limit: it is the largest data value that a subcluster has in the leaf node of the CF tree.

e Branch Factor: maximum CF sub-clusters value at each node.

e Number of clusters: it is the number of clusters that return after the entire BIRCH
algorithm process is completed.

3.4. DBSCAN

The algorithm Density-Based Spatial Clustering of Noise Application (DBSCAN) is
a density-based non-parametric clustering algorithm similar to mean deviation. It is a
very effective method for identifying clusters of arbitrary shapes and different sizes, as it
identifies and separates noise from data without any preliminary information about the
group [27]. The DBSCAN algorithm only requires two factors: the size of the radius epsilon,
the size of the radius €, and also the number of minimum elements in the neighborhood
(MinPts). These parameters are explained below [28].

First, let us define e-neighborhood stands for a point that can be viewed in Figure 6 and
the central point is defined when the e-neighborhood of an object p contains a minimum
number, MinPts, of objects. Then, the p object is called a center point. The edge points are
where the e-neighborhood of an object contains less than MinPts, but it has a center point,
so object p is defined as an edge point. Simularly the Direct Density Reach is defined when
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the object p is within the density range of the object g while p is in the e-neighborhood of g,
and g is a midpoint, as shown in Figure 7.

) qC] g C]p E
Cr’”' | c’

Figure 6. Neighborhood of a point: each point in a cluster has its neighborhood with a certain radius
that contains at least a certain number of points.

0 0
7 e

Figure 7. Direct Density Reach is when the object p is directly reachable by the density of object g,
when p is e-neighborhood of g, and g is a midpoint.

Reach by Density is shown in Figure 8.

Figure 8. Reach by Density is defined when the object p is reachable by the density of object g, in a
set D, if there is a chain of objects, such that p is reachable by density directly from g with respect
to MinPts.

Density connection happens when an object p is connected by the density of object g,
in a set D, if there is an object where both p and g are reachable by object density.

The DBSCAN cluster is defined when a set of database points D and a cluster C with
respect to € and MinPts is a non-empty subset of D that satisfies the following conditions:

1. Vp,q: if p € C and q is reachable by density from p with respect to and MinPts,
thenge C.
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2. V¥p,q: if p € C: p is connected by density to q with respect to € and MinPts.

Consider Cy, Cy, ..., Ci the database clusters D against the configurations € and MinPts
i1,12,..., Ik, then the noise can be described as the set of points in the database D that does
not belong to any group Cj;, so the noise is as follows:

(peD|Viip¢C) (25)

Figure 9 presents the parameters in the DBSCAN algorithm, center point, edge point,
and noise.

MinPts =4 and eps = 1
Edge Point

Central Point Noise

Figure 9. The parameters of DBSCAN.

3.5. K-Means

The K-Means algorithm belongs to the group of partitional clustering algorithms,
which have been widely used in many applications [29], and the objective function most
used for metric spaces in partitional methods [30]. It has been one of the most-used
clustering methods, as it is simple, easy to implement, and has low computational com-
plexity [29,31].

K-Means is widely used due to its simple and fast-converging algorithm [32]. However,
the K value of the clusters must be provided in advance as it directly affects the convergence
results [33]. The Point clustering using K-Means algorithm can be viewed in Figure 10.

Cluster 1
@
®_® K-mean Cluster 2
Cood EEEN :
o2.® ®
@

@
® eog e® o (o ®®_ @ Ciuster3

@ @ (@ [ ]
oo %o =)

@

Figure 10. Point clustering using K-Means algorithm.

The most-used objective function for metric spaces in partitional methods is the
quadratic error [34], given by

Yo llp—ml*>, forke (1,n) (26)
lxeCl-

k
E=)"
j=
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3.6. Mini Batch K-Means

The Mini Batch K-Means algorithm uses smaller groups of randomly selected data,
which remains in memory and the defined iterations constantly update the cluster until
convergence. Each small group uses a combination of values and data to help update its
cluster, a learning rate is applied to help account for the number of iterations. The learning
rate has been defined as the inverse of the number of data assigned to the cluster, such
that the iterations increase, convergence is blocked, and there is no change in the groups
formed, after several consecutive iterations [35].

The algorithm randomly chooses small batches from the dataset for each iteration.
Data from each batch are assigned to clusters depending on the locations of the cluster
centroid positions in the previous iteration. As a result, it updates the cluster centroid
locations based on the new graph points.

Mini Batch K-Means presents results that are considerably different from K-Means.
As the number of clusters and the amount of data increase, more intensive computational
resources are required. Therefore, for large amounts of data and clusters, the final result
between K-Means and Mini Batch K-Means shows a reduced similarity in the clusters [35].

3.7. Mean Shift

Mean Shift algorithm works based on a sliding window, whose objective is to find
dense areas of data points. It is a centroid-based algorithm, aiming to find the midpoints of
each group, which updates the candidates to midpoints, such that they are the average of
the points within the sliding window. In a post-processing stage, these candidate windows
are filtered, in order to eliminate duplicates, thus forming a final set of center points and
their corresponding groups [36].

The processing starts with a sliding window centered on a point C, which is circular
and the point C is chosen in a requested manner having a nucleus of radius r. Mean
Shift aims to move this kernel iteratively to a region of greater density until convergence.
After each iteration, the sliding window is shifted to a region of higher density, therefore
moving the center point to the middle of the points within the window. The density within
the sliding window is proportional to its number of points. When moving to the midpoint
in the window, it gradually moves to where it contains the greatest number of points.

The sliding window continues to update based on the average until it is no longer
possible to accommodate any more points within the kernel. It is performed with several
sliding windows, until all the points are within a single window. When there is an overlap
between sliding windows, the window containing more points is preserved. As a result,
data points are grouped taking into account the sliding window in which they reside.

Unlike K-Means clustering, there is no need to define the number of clusters as the
average displacement automatically finds it, which is a major advantage. The fact that the
centers of the clusters converge to the points of maximum density is also very desirable as it
fits well in a naturally data-driven sense. The disadvantage is that defining the size/radius
of window “r” may not be trivial [36]. Figure 11 shows the Mean Shift algorithm parameters,
such as region of interest, the center of mass, and Mean Shift vector.

3.8. OPTICS

The OPTICS algorithm is similar to DBSCAN. It creates an accessibility graph, which
is used to extract clusters [37]. To understand how OPTICS works, it is necessary to know
how the DBSCAN algorithm works, mainly the parameters that are considered and the
main difference between center points and limits.

The core distance is the minimum epsilon to make a point distinct from a center point,
given finite MinPts parameters.

The accessibility distance of an object p relative to another object o is the smallest
distance of o if o is a central object. Nor can it be less than the distance from the core.
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Figure 11. Mean Shift algorithm parameters.

Although the MinPts parameter is used in these calculations, the idea is that it would
not have much of an impact because all distances would scale at approximately the same
rate. These definitions are used to create an accessibility graph, which is used to extract
the clusters. First, it starts by calculating the distances from the core at all data points in
the set. Then, it loops through the entire dataset, and updates the accessibility distances,
processing each point just once. There is only an update accessibility distances for points
that need to be improved and have not yet been processed. The next data point chosen
to process is the one with the closest range distance. This is how the algorithm keeps the
clusters close to each other in the output sort [37].

Figure 12 shows the optics algorithm parameters, such as distance from core and
accessibility distance.

OPTICS Parameters

Operation
similar

to DBSCAN

Distance from core p Accessibility Distance (p,q1) = ¢’ = 4 mm
Accessibility Distance (p, g2) = d(p, q2)

Figure 12. OPTICS algorithm parameters.

3.9. Spectral Clustering

Spectral Clustering is defined as increasing cluster behavior. The implementation
consists of constructing the similarity graph, which is built as an adjacency matrix (repre-
sented by A). This matrix is constructed with the epsilon-Neighborhood graph, an epsilon
parameter. As a result, each point is connected to all other points within its epsilon radius.
If all distances between any two points are similar in scale, then the distance between the
two points are not stored, as no additional information is obtained. In this case, the con-
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structed graph is an undirected and unweighted graph. Another way to construct the
graph is K-neighbors, where a parameter k is defined. Therefore, for two vertices u and v,
an edge is directed from u to v only if v is among the k nearest neighbors of u. This process
leads to the formation of a thoughtful and targeted graph [29].

3.10. Mixture of Gaussians

Gaussian Mixture Models (GMMs) is a function comprising several Gaussians, each
one identified by
ke{l,...,K}

The Gaussian k, present in the mixture, are composed of the following parameters:
a center defined by a media y, a width that defines a covariance .. There is a mixture
probability 7t that defines the size of the Gaussian function, which can be large or small [38].

Figure 13 presents a set of data, arranged in three Gaussians, where each one represents
a cluster.

Gaussian 2

Cluster 1 Cluster 2

Gaussian 1

Gaussian 3 Cluster 3

i o M3

Figure 13. Mixture of Gaussian: three Gaussian functions are illustrated, so K = 3. Each Gaussian
explains the data contained in each of the three available clusters.

Mixing coefficients are probabilities, which must be constrained by
K
Y me=1 (27)
k=1

The parameters must be chosen so that they are as close to the ideal value as possible,
which is conducted by ensuring that each Gaussian fits the data points belonging to each
cluster, the maximum probability function is used [27], the Gaussian density function is
given by

1 1 =
N , = ————exp| —z(x— T -
(xpd) ol p( S(x—p) ) (x ;t)) (28)

where x represents the data points, D the number of dimensions of each data point, y the
average, and X the covariance.
As shown at the beginning, the sum of all mixing coefficients 7 is equal to one. The
sum of the probabilities -y over k also gives 1. Thus, A = N, which allows to solve for 7.
In this way, by performing the calculations described in [14], it is possible to obtain

N
7Tk — Zn:l];])/(znk) (29)

30
ZnN:1 ’)’(an> ( )

Hp =
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Tables 1 and 2 summarize a comparison among all those algorithms.

Table 1. Advantages and limitations among investigated Cluster Algorithms Part 1.

Algorithm

Advantage

Limitation

Affinity Propagation

Set number of clusters: No.
Similarity principles. Used in matrix
format. Base equation:

a(k, k) )

i’ such that i#k

max{0,r(i’, k) }

The high complexity of the algorithm
ends up making it slower than the others,
Due to the construction of several
matrices, the algorithm takes up a lot of
memory algorithm

Hierarchical Clustering

Set number of clusters: No.
Similarity principles works well in any
situation points distribution.

Base equation:

L(?‘,S) = min(D(xrirxsi))
L(r,s) = max(D(xi, Xs;))

n, N

Z Z D(xyi, xsi)

L(r,s) =
s) nels (3 j3

Complexity is not linear

o(r)

BIRCH

Set number of clusters: No.
Hierarchical grouping. Similarity

principles. Large datasets. Base equation:

1 n
Xo=—) %
nis

It only processes metric attributes, so it is
only possible to apply if the values can be
represented in space Euclidean, in this
way no categorical attribute must
be present.

DBSCAN

Set number of clusters: No.
Connection by density applicable in
different types of distribution of dice.

Base equation:

Ne(p) = {gem D | dist(p,q) < ¢}

It does not work as well when the data
density is variable.

K-Means

Set number of clusters: Yes.
Centroid models and similarities. Easy
implementation. Base equation:

Fs(P) = i ZC_D(x]»,yi)

2

i = argmionj -y

i=12,..k 2

It needs to estimate the number of cluster,
in addition to being slow for large sets of
data, and be able to converge to
local minima.

Affinity Propagation

Set number of clusters: No.
Similarity principles used in matrix
format. Base equation:

a(k,k) + )

i’ such that i#k

max{O, r (i’, k) }

The high complexity of the algorithm
ends up making it slower than the others.
Due to the construction of several
matrices, the algorithm takes up a lot of
memory algorithm.
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Table 1. Cont.

Algorithm

Advantages

Limitations

Hierarchical Clustering

Set number of clusters: No.
Similarity principles work well in any
situation points distribution.
Base equation:

L(r,s) = min(D(xy;, i)
L(r,s) = max(D(xy, %5i))

1 s

Z E D(xrirxsi)

Mrils (3331

L(r,s) =

Complexity is not linear.

o(r)

BIRCH

Set number of clusters: No.
Hierarchical grouping similarity

principles. Large datasets. Base equation:

1 n
Xo=—) %
i3

It only processes metric attributes, so it is
only possible to apply if the values can be
represented in space Euclidean, in this
way no categorical attribute must
be present.

DBSCAN

Set number of clusters: No.
Connection by density applicable in
different types of distribution of dice.
Base equation:

Ne(p) = {gem D | dist(p,q) < ¢}

It does not work as well when the data
density is variable.

K-Means

Set number of clusters: Yes.
Centroid models and similarities. Easy
implementation. Base equation:

k
Fs(P) =Y. D(xj,yl)
i=1 X/’EC,‘
o . 2
i = argmmej — i),

i=1,2,..k

It needs to estimate the number of cluster,
in addition to being slow for large sets of
data, and be able to converge to
local minima

Mini-Batch K-Means

Set number of clusters: Yes Centroid
models and similarities. Easy
implementation. Large number of
clusters and data. Base equation:

k
Fs(P)=13 Y. D<xj/yi)
i=1 X/EC,'
2
it = argmionj — i),

i=1,2,..k

Not as efficient for small groups of data.

Mean Shift

Set number of clusters: No.

Connection by density centroid models.

Base equation:

vi= )%

i X]'EC,‘

o
r

Selecting the size of window /radius
may not be trivial; that is, if the
parameters not defined with a value close
to the ideal, the clusters do not come out
like expected.
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Table 2. Advantages and limitations among investigated Cluster Algorithms Part 2.
Algorithm Advantages Limitations
The time complexity of algorithm is
Set number of clusters: No.
Connection by d accessibility chart. o (nz)
Base equation:
OPTICS dist(p,q) < ¢ For databases with thousands of data,
P dimensionality, makes the points become
sparse and obtain lost dense regions that
characterize groups.
Set number of clusters: No.
Applicable fi 11 sets. d i tri
P pplicabie for smat sets Used in ma.rlx. Not recommended for large datasets.
ormat graph partitioning. Base equation: .
Since they are not scalars, the
Spectral Clustering dii=j construction of matrices and calculation
Dij = { 0,i#j of eigenvectors and eigenvalues can be
computationally intensive.
L=D-A

Mixture of Gaussians

Set number of clusters: No.
Gaussian Mixture Mixing probability 7
Dimension R?

Base equation:

I
em? gt
coxp( g e =)= M)

N(x|wX)=

K
Z T = 1
k=1

Slow convergence. Converge to the
optimal location only.

4. Application of Clustering in Automotive Radar for Object Recognition

The clustering algorithm from point clouds, acquired from the radar, enables one to
set the objects’ shape in a field of view to identify, recognize, and track them. The radar
is a potential sensor for those applications due to its robustness and reliability to work in
different weather conditions. Figure 14 shows how clustering theory is used in an auto-
motive radar system, in driving assistance applications, or in independent vehicles. When
the vehicle is moving, the cycle repeats itself and the radar always reads the environment
so that the algorithm recognizes objects in the environment. The idea for creating this
figure was applied in the article Multi-Stage Clustering Framework for Automotive Radar
Data [11].

Radar Point Clustering
Sensor Clouds Algorithms
Resource

Classification Extration

Pedestrian
Cyclist
Vehicles

Real-Time Operating System

Figure 14. Automotive radar process from point cloud to cluster and object detection and recognition.
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In the block that deals with feature extraction, we can use numerous tools that rec-
ognize objects, such as YOLOv4 and YOLOvVS5, which are great training networks [39,40].
In Figure 15, the point clouds generated by the radar, to which the clustering algorithm
would be applied, and subsequently an object recognition technique via neural networks
would be used, resulting in identified and classified objects such as pedestrians, vehicles, cy-
clists, and trucks. This process was applied in the article Multi-Stage Clustering Framework
for Automotive Radar Data [11].

__________________________

\
Recognition of objects by :
neural network N
I
I
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and Resource Extration Point
Cloud

Object Cluster Q
3 Algorithm +—
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pject, distance S == === = = m e mm m e —mm——m———
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Figure 15. Process for applying clustering radar system.

The radar system is based on ARS 404-21© model from Continental Automotive
Company. The ARS 404-21 sensor independently measures distance and velocity to non-
reflective objects based on the Doppler principle, utilizing Frequency Modulated Con-
tinuous Wave (FMCW) technology with rapid frequency ramps and real-time scanning
capabilities [41]. A distinctive feature of this sensor is its ability to simultaneously measure
long distances (up to 170 m), relative velocity, and the angle between two objects, making it
well-suited for applications that require precise tracking of multiple spatial parameters.

The clustering algorithms allow one to identify, recognize, and track objects. A fusion
of sensors, such as the camera and Lidar, provides greater performance, with accuracy and
precision to meet AD—Driver Assistance and AV—Autonomous Vehicles.

To identify objects, the clustering algorithm must be applied to the point cloud, which
was generated by the radar. The point cloud contains data about the coordinates of the
points. After the algorithm is applied, we obtain the groups that can be directly associated
with the objects.

5. Comparison Analysis of Cluster for Automotive Radar Systems

This section presents some simulations in the Driving Scenario Design tool from
MATLAB, showing how the radar detects objects, such as pedestrians and cyclists, as well
as stationary and moving vehicles. The results also show how the radar can detect sev-
eral objects simultaneously, using MATLAB R2021a. Finally, a comparison among three
algorithms is presented, focusing on K-Means, Mean Shift, and DBSCAN.

The tests were carried out with the 3D radar since its point clouds are sparse and
have low resolution. This was conducted due to hardware limitations, as the use of a 4D
radar would require more intensive computational resources. However, for a possible
use of 4D radar, the algorithm that must be used for clustering is still DBSCAN, as it is a
density-based algorithm.

To test the radar performance, we have to build up the test scenarios which comprise
a radar component, vehicle, environment, and road users in a simulation framework
based on the MATLAB Driving Scenario Design tool. The tests were carried out using
MATLAB R2021a.

The test scenarios (1.1, 2.1, and 3.1) were simulated with a car composed of a radar, in a
virtual environment, with dangerous weather characteristics and light traffic conditions on
a highway. These test scenarios aim to verify how the radar detects a truck by applying
different algorithms (K-Means, Mean Shift, and DBSCAN) to point cloud data generated
from the detection.

The test scenarios (1.2, 2.2, and 3.2) were simulated with a car composed of a radar,
in a virtual environment with dangerous weather characteristics and light traffic conditions
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on a highway. These test scenarios aim to verify how the radar detects a car by applying
different algorithms (K-Means, Mean Shift, and DBSCAN) to the point cloud data generated
from the detection.

The test scenarios (1.3, 2.3, and 3.3) were simulated with a car composed of a radar,
in a virtual environment with dangerous weather characteristics and light traffic conditions
on a highway. These test scenarios aim to verify how the radar detects a motorcyclist by
applying different algorithms (K-Means, Mean Shift, and DBSCAN) to the point cloud data
generated from the detection.

The test scenarios (1.4, 2.4, and 3.4) were simulated with a car composed of a radar, ina
virtual environment with sunny meteorological characteristics and light traffic conditions
in urban areas. These test scenarios aim to verify how the radar detects a pedestrian by
applying different algorithms K-Means, Mean Shift, and DBSCAN) to the point cloud data
generated from the detection.

The test scenarios (1.5, 2.5, and 3.5) were simulated with a car composed of a radar, in a
virtual environment with sunny meteorological characteristics and light traffic conditions
in urban areas. These test scenarios aim to verify how the radar detects a pedestrian by
applying different algorithms (K-Means, Mean Shift, and DBSCAN) to the point cloud data
generated from the detection.

Finally, a comparison among three algorithms is presented, focusing on K-Means,
Mean Shift, and DBSCAN. The test scenarios are performed with trucks, cars, motorcyclists,
pedestrians, and cyclists. Although we conducted a review of 10 clustering algorithms, we
only analyze three clustering algorithms, K-Means, Mean Shift, and DBSCAN, as these al-
gorithms’ characteristics are more similar to a distribution of radar-generated point clouds.

Only three clustering algorithms were chosen and analyzed, K-Means, Mean Shift,
and DBSCAN, which have characteristics more similar to a distribution of point clouds
generated by radar. The choice is also based on the process that each algorithm used.
To perform the grouping, for the mathematical process that each algorithm uses and
also the computational time that each algorithm takes to perform the grouping—that is,
the greater the mathematical complexity of the algorithm, the greater the computational
execution time, considering that we are applying in radar systems for autonomous vehicles
and ADAS functions—the computational time is an important factor. This article presents
the process and mathematics involved in each algorithm, so that the reader can read the
characteristics of each algorithm in addition to also presenting a comparative table with
the advantages and efficiency of using each algorithm.

The mention of the importance of the radar system in adverse weather conditions
is to reinforce the importance of the automotive radar system in autonomous vehicles.
Therefore, no tests have yet been carried out to present in this article, but we are working
to carry out these tests together with the Radar ECU.

Table 3 describes test scenarios using the K-Means, Mean Shift, and DBSCAN algo-
rithms, with a truck, car, motorcyclist, pedestrian, and cyclist, although we carried out a
review of 10 clustering algorithms.

Table 3. This is a wide table describing test scenarios using the K-Means, Mean Shift, and DBSCAN
algorithms for object recognition.

Test Scenario Truck Car Motorcycle Pedestrian Cyclist
Algorithm K-Means Scenario 1.1 Scenario 1.2 Scenario 1.3 Scenario 1.4 Scenario 1.5
Algorithm Mean Shift Scenario 2.1 Scenario 2.2 Scenario 2.3 Scenario 2.4 Scenario 2.5
Algorithm DBSCAN Scenario 3.1 Scenario 3.2 Scenario 3.3 Scenario 3.4 Scenario 3.5

The simulations help to describe how the radar can recognize objects using the point
clouds generated and how the clustering algorithms work using data from a radar system.
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Figure 16 shows how the simulated radar on a vehicle detects a pedestrian. On the left
side, there is a top view of the vehicle and pedestrian moving, respectively, in longitudinal
and lateral directions. The figure (on the right) shows the instant when the radar identifies
the pedestrian, who is three meters forward, through five-point clouds.
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Figure 16. Radar detecting pedestrians in Driving Scenario Design.
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Figure 17 shows how the simulated radar on a vehicle detects a cyclist. On the left
side, there is a top view of the vehicle and cyclist moving, respectively, in longitudinal and
lateral directions. On the right side, the figure shows the instant when the radar identifies
the cyclist, two meters forward, through four-point clouds.
Figure 18 shows how the simulated radar on a vehicle detects a stationary vehicle.
On the left side, there is a top view of the stationary vehicle in longitudinal and lateral
directions. On the right side, the figure shows the instant when the radar identifies the
stationary vehicle, six meters forward, through five-point clouds.
Figure 19 shows how the simulated radar on a vehicle detects a vehicle in motion.
On the left side, the figure shows a top view of the vehicle in motion in longitudinal and
lateral directions. On the right side, the figure shows the instant when the radar identifies
the stationary vehicle, three meters forward, through five-point clouds.
Figure 20 shows how the radar simultaneously detects a stationary vehicle, a cyclist,
and a pedestrian. As the vehicle approaches the objects, the radar detects all the points.
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Figure 17. Radar detecting cyclist in Driving Scenario Design.
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Figure 18. Radar detecting a stopped vehicle in Driving Scenario Design.
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Figure 19. Radar detecting a moving vehicle in Driving Scenario Design.
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Figure 20. Radar detecting many objects in Driving Scenario Design.

The DBSCAN algorithm recognizes points in the presence of multiple objects. As the
density of points is higher, the DBSCAN algorithm easily recognizes the groups of points.
This facilitates the classification of these objects later, as shown Figure 21.
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Figure 21. DBSCAN recognizing many objects.

As the object is further from the radar, fewer points can be captured. For example,
when a truck is far away, the radar only captures 5 points, but as the truck approaches, the
radar begins to capture more points, such as 7 or 8.

The point clouds generated by the radar are composed of several points. By applying
the cluster algorithm with the best performance, it is possible to distinguish objects accu-
rately, even if the identified object has few points, as in addition to information such as
directions, we can have information such as speed, azimuth angle, and depth. This allows
us to have a more accurate identification.

The performance among the algorithms was determined by a quantitative analysis
using the criteria determined by safety government and non-government agencies, such as
EURONCAP and Latin NCAP, in documents referring to Autonomous Driving and auto-
motive radar [42], such as Euro NCAP Roadmap 2025 IN SEARCH OF VISION ZERO and
the Global Vehicle Goal Specification TB 025 [43]. The formulated metrics are as follows:

(a) Distance at which the algorithm identifies and recognizes objects.
(b) The actual distance of the objects; the further away the objects, the better.
(c) Speed of objects.

Soon after, just obtain the point clouds and apply the desired algorithm. These steps
were for application in a simulation scenario in MATLAB very close to the real one, but to
apply the algorithm in a point cloud scan of a real radar that is stored as a collection of
2D or 3D points depending on the generation of the radar, it is worth mentioning that the
more modern, the better the resolution and quality of the points captured by the radar. As
explained in the topic about radars, which contains the coordinates of objects around a
vehicle, it is enough to have a “. mat” and apply it in the algorithm; see the example.

Load the x, y, or X, y, z coordinates of the objects, then define the area of interest. If you
want to visualize the graph in 2D, and if you want to circle the objects of interest, apply the
desired algorithm.

This is how clustering algorithms can be applied in radar systems for object classi-
fication and recognition. After this step of manual recognition by circling the objects, it
is enough to recognize the patterns that the points generated by the radar form for each
object and do a training of AI Machine Learning, neural networks such as YOLO v3, train
the network to recognize these point patterns, and associate them with the objects so that
the radar itself recognizes the objects starting from the clustering and the points generated
by the radar. Thus, we have a tool that brings security and reliability to the use of object
recognition for autonomous vehicles.

The results obtained in the simulations within the driving scenario tool are presented
in the following tables, where simulations were performed for the K-Means, Mean Shift,
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and DBSCAN algorithms. Tables 4-6 presents the performance of previously mentioned
algorithms. Similarly, Table 7 highlights the best-case performance scenario.

Table 4. Test results obtained from K-Means algorithm.

Vehicle Speed

Metric

Scenario 1.1

Scenario 1.2

Scenario 1.3

Scenario 1.4

Scenario 1.5

20 km/h

Metric A
Metric B
Metric C

Distance 45 m
Distance 45 m
Stopped

Distance 45 m
Distance 45 m
Stopped

Distance 40 m
Distance 40 m
Stopped

Distance 45 m
Distance 45 m
Stopped

Distance 45 m
Distance 45 m
Stopped

40 km/h

Metric A
Metric B
Metric C

Distance 40 m
Distance 40 m
40km/h

Distance 40 m
Distance 40 m
40 km/h

Distance 40 m
Distance 40 m
40km/h

Distance 45 m
Distance 45 m
02 km/h

Distance 42 m
Distance 42 m
20 km/h

60 km/h

Metric A
Metric B
Metric C

Distance 40 m
Distance 40 m
60 km/h

Distance 40 m
Distance 40 m
60 km/h

Distance 40 m
Distance 40 m
60 km/h

Distance 45 m
Distance 45 m
04 km/h

Distance 40 m
Distance 40 m
30 km/h

Table 5. Test results obtained from Mean Shift algorithm.

Vehicle Speed

Metric

Scenario 2.1

Scenario 2.2

Scenario 2.3

Scenario 2.4

Scenario 2.5

20 km/h

Metric A
Metric B
Metric C

Distance 40 m
Distance 40 m
Stopped

Distance 40 m
Distance 40 m
Stopped

Distance 40 m
Distance 40 m
Stopped

Distance 40 m
Distance 40 m
Stopped

Distance 40 m
Distance 40 m
Stopped

40km/h

Metric A
Metric B
Metric C

Distance 40 m
Distance 40 m
40 km/h

Distance 40 m
Distance 40 m
40 km/h

Distance 40 m
Distance 40 m
40 km/h

Distance 45 m
Distance 45 m
02 km/h

Distance 42 m
Distance 42 m
40 km/h

60 km/h

Metric A
Metric B
Metric C

Distance 40 m
Distance 40 m
60 km/h

Distance 40 m
Distance 40 m
60 km/h

Distance 40 m
Distance 40 m
60 km/h

Distance 45 m
Distance 45 m
40 km/h

Distance 40 m
Distance 40 m
30 km/h

Table 6. Test results obtained from DBSCAN algorithm.

Vehicle Speed

Metric

Scenario 3.1

Scenario 3.2

Scenario 3.3

Scenario 3.4

Scenario 3.5

20 km/h

Metric A
Metric B
Metric C

Distance 47 m
Distance 47 m
Stopped

Distance 47 m
Distance 47 m
Stopped

Distance 45 m
Distance 45 m
Stopped

Distance 45 m
Distance 45 m
Stopped

Distance 45 m
Distance 45 m
Stopped

40 km/h

Metric A
Metric B
Metric C

Distance 47 m
Distance 47 m
40km/h

Distance 47 m
Distance 47 m
40 km/h

Distance 45 m
Distance 45 m
40km/h

Distance 45 m
Distance 45 m
02 km/h

Distance 45 m
Distance 45 m
40km/h

60 km/h

Metric A
Metric B
Metric C

Distance 47 m
Distance 47 m
60 km/h

Distance 47 m
Distance 47 m
60 km/h

Distance 45 m
Distance 45 m
60 km/h

Distance 45 m
Distance 45 m
40 km/h

Distance 45 m
Distance 45 m
30 km/h

Figure 22 presents the comparative analysis of the best performance of each algorithm.
The scenario of the best performance of the three algorithms was with the object stationary,
and the vehicles with the radars at 20 km/h.

Observing the graphs and results presented in the tables, the algorithm with the
best performance in object recognition according to the evaluation statistics is DBSCAN,
as presented in the theoretical foundation. As it is a density algorithm, it is a very suc-
cessful algorithm for several applications, including in automotive radar systems for
object recognition.
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Table 7. Best case performance of each algorithm.
. . Scenarios Scenarios Scenarios Scenarios Scenarios
Vehicle Speed Metric 11-2.1-3.1 1.2-22-3.2 1.3-23-3.3 14-24-34 1.5-2.5-3.5
20 km/h Metric A Distance 47 m Distance 47 m Distance 45 m Distance 45 m Distance 45 m
DBSCAN Metric B Distance 47 m Distance 47 m Distance 45 m Distance 45 m Distance 45 m
Metric C Stopped Stopped Stopped Stopped Stopped
20 km/h Metric A Distance 45 m Distance 45 m Distance 40 m Distance 45 m Distance 42 m
K-Mean Metric B Distance 45 m Distance 45 m Distance 40 m Distance 45 m Distance 42 m
Metric C Stopped Stopped Stopped Stopped Stopped
20 km/h Metric A Distance 40 m Distance 40 m Distance 40 m Distance 40 m Distance 40 m
Mean Shift Metric B Distance 40 m Distance 40 m Distance 40 m Distance 40 m Distance 40 m
Metric C Stopped Stopped Stopped Stopped Stopped

The calculation of the scores described in Figure 23 below takes into account three factors:

The first is the distance that the algorithm can classify the object where the score varies
from 0 to 10, where 0 means that the distance that the algorithm calculated is closest to the
test vehicle, and 10 is how much the value returned by clustering is closest, far from the
test vehicle. That is, the further away the algorithm recognizes the object, the better.

The distance considered to calculate the scores is 50 m, and as these are autonomous
vehicles on the highway, this is a considerable distance for decision-making in the case of
ADAS functions.

The second metric is the actual distance to the object, compared to the distance
provided by the algorithm, where 0 means that the distance values are very different,
and 10 means that the distance calculated by the algorithm is very close to the actual
distance to the object. The distance considered to calculate the score is 50 m.

The third metric is the speed of the object when compared with the speed returned by
the algorithm, where 0 means that the real speeds and those calculated by the algorithm
are very different, and 10 means that the actual distances of the object and the distance
calculated in the cluster are very close with tolerance below 5The relative speeds considered
to calculate the score were 20, 40, and 60 km/h. As an example, the test vehicle was running
at 100 km /h while other vehicles were at 120, 140, and 160 km/h.

Comparison of Clustering Algorithms
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Figure 22. Comparing clustering algorithm.
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Figure 23 shows the performance of the algorithms based on the scores (0 to 10)
assigned to each metric.

Algorithms Performance

12
o 10 10 10 10 10
E 10 9 9
w
E = 77
[T
[ F]
c 6
o
L™~
@
o 2
DBSCAN K-Means Mean Shift
Algorithm
Actual

B Recognition Distance ¥ Obiject speed

Distance
Figure 23. Performance of algorithms in tests.

6. Conclusions

In this study, we thoroughly evaluated the suitability of various clustering algorithms
for automotive radar systems used in perception systems for ADAS and AVs. Our analysis
encompassed a diverse set of algorithms, including Affinity Propagation, Hierarchical
Clustering, DBSCAN, BIRCH, K-Means, Mini-Batch K-Means, OPTICS, Mean Shift, Spectral
Clustering, and Mixture of Gaussians. The performance indicators used in our evaluation
highlighted the particular strengths of K-Means, Mean Shift, and DBSCAN, demonstrating
their efficacy in identifying, recognizing, and tracking objects through radar-based point
cloud data.

Our findings emphasize the critical role of radar in perception systems, given its
robustness under various weather conditions and its ability to utilize electromagnetic
waves for object detection and classification. The integration of point cloud technology
with clustering algorithms allows for precise definition and association of object shapes
within the vehicle’s environment, contributing significantly to the reliability and robustness
of navigation systems.

Moreover, this study underscores the importance of radar selection, as the choice
of radar sensor considerably influences the performance of object recognition methods.
The results indicate that for effective implementation of ADASs and autonomous vehicle
technologies, it is essential to match the right clustering algorithm with the appropriate
radar sensor to achieve optimal performance.

In conclusion, the insights gained from this evaluation can guide the development
of more advanced and reliable perception systems, enhancing the efficiency and safety of
autonomous technologies. Future work could explore the integration of these clustering
algorithms with multi-sensor data-fusion techniques to further improve the robustness and
accuracy of object detection and tracking in complex driving scenarios.

Future Works

Building on the insights gained from this study, several avenues for future work
are proposed to advance the development and implementation of perception systems for
autonomous vehicles and driving assistance technologies:

e  Multi-Sensor Data Fusion;
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*  Real-Time Processing Optimization;

*  Machine Learning and Al Integration;

e  Extended Field Testing;

e Adaptive Clustering Techniques;

¢  Collaboration with Industry Partners;

e  Safety and Redundancy Mechanisms;

e  Regulatory and Standardization Efforts.
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Abbreviations

The abbreviations mentioned in the topic below are used in this manuscript:

ADAS Advanced Driver Assistance System

AD Autonomous Driving

DBSCAN  Density-Based Spatial Clustering of Noise Applications
GMMs Gaussian Mixture Models

FMCW Frequency-modulated Continuous Wave

MMIC Monolithic Microwave-Integrated Circuit

RADAR  Radio Detection and Ranging

LIDAR Light Detection and Ranging

BIRCH Balanced Iterative Reducing and Clustering using Hierarchies
OPTICS Ordering Points to Identify the Clustering Structure
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