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Abstract

This thesis investigates radar-based material classification using the IWRL6432BOOST de-
velopment board from Texas Instruments, a low-power Frequency-Modulated Continuous Wave
(FMCW) millimeter-wave (Millimeter Wave (mmWave)) radar sensor. The target domain com-
prises mobile robot platforms operating in visually degraded or privacy-sensitive environments.
A lightweight signal processing pipeline converts raw Analog-Digital Converter (ADC) data into
range and signal-intensity representations, which are segmented into data frames. From these,
compact feature descriptors are derived, capturing intensity statistics over significant range bins.
A multilayer perceptron (Multilayer Perceptron (MLP)) is trained on these features to enable
real-time inference on radar data.

Evaluation is conducted in a controlled indoor environment with a nadir-looking sensor con-
figuration. Five common surface materials (iron, aluminum, plexiglass, wood, limestone) are
classified using an 80/20 train-test split. Performance is assessed through accuracy, macro-
precision, macro-recall, macro-F1 score, and confusion matrices. Model decomposition studies
demonstrate that integrating Doppler and intensity features improves robustness across measure-
ment sessions and enables e [edtive discrimination between materials with similar reflectivity but
distinct microvibration patterns. Short temporal frames provide an optimal trade-o [Hetween
responsiveness and accuracy.

The developed system achieves high data e [Ciehcy and real-time capability without reliance
on camera or Light Detection and Ranging (LiDAR) sensors, while meeting the computational
and power constraints of compact robotic platforms. Limitations regarding cross-domain gen-
eralization are discussed, and potential extensions—such as lightweight convolutional neural
networks (Convolutional Neural Networks (CNNs)) for range-Doppler tensor processing and
multi-sensor fusion for comprehensive 3D scene understanding—are outlined.






Zusammenfassung

Diese Arbeit untersucht die radarbasierte Materialklassi kation unter ausschlie licher Ver-
wendung des IWRL6432BOOST-Entwicklungsboards von Texas Instruments, einem stroms-
parenden FMCW-Millimeterwellen-mmWave-Radarsensor. Zielsysteme sind mobile Roboter-
plattformen in visuell beeintrachtigten oder datenschutzsensiblen Umgebungen.

Eine schlanke Signalverarbeitungspipeline transformiert rohe ADC-Daten, die verarbeitet wer-
den, um Entfernungs- und Signalintensi@atsdarstellungen zu erzeugen, welche anschlie end in
einzelne Datenrahmen unterteilt werden. Darauf aufbauend werden kompakte Merkmalsdeskrip-
toren abgeleitet, die Intensitatsstatistiken wber signi kante Entfernungs-Bins erfassen. Ein
kompaktes mehrschichtiges Perzeptron (MLP) wird auf diesen Merkmalen trainiert, um eine
Echtzeitinferenz auf den Radardaten durchzufshren.

Die Evaluierung erfolgt in einer kontrollierten Innenraumumgebung unter Verwendung einer
nach unten gerichteten Sensorkon guration. Ranf gangige Oberachenmaterialien (Eisen, Alu-

minium, Plexiglas, Holz, Kalkstein) werden mit einer 80/20-Training-Test-Aufteilung getestet.

Die Leistung wird anhand von Genauigkeit, Makro-Prazision, Makro-Recall, Makro-F1-Score
und Konfusionsmatrizen bewertet.

Modellzerlegungsstudien zeigen, dass die Integration von Doppler- und Intensiatsmerkmalen

die Systemrobustheit uber verschiedene Messsitzungen hinweg verbessert und eine e ektive Un-
terscheidung zwischen Materialien ermeglicht, die ahnliche Re exionseigenschaften, aber un-

terschiedliche Mikrovibrationsmuster aufweisen. Kurzzeitige Datenrahmen bieten hierbei eine

optimale Antwortlatenz.

Das entwickelte System bietet eine reduzierte, aber funktionale Pipeline, hohe Datene zienz,
arbeitet ohne Kamera- oder LiDAR-Sensoren und erfullt die Rechen- und Energieanforderungen
kompakter Roboterplattformen. Die Limitationen hinsichtlich der domanensbergreifenden Gen-
eralisierung werden diskutiert, und potenzielle Erweiterungen - einschlie lich leichtgewichtiger
CNNs far die Entfernungs-Doppler-Tensorverarbeitung sowie Multi-Sensor-Fusionsansatze far
ein umfassenderes 3D-Szenenverstandnis werden aufgezeigt.
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Chapter 1

Introduction

Radar, short for Radio Detection and Ranging is a sensing technology that originated in the
early 20th century and was initially developed for military purposes. The rst practical radar
systems appeared in the 1930s and 1940s, with signi cant advancements during World War I,
where radar was used to detect and track enemy aircraft and ships [10]. These early applications
demonstrated the potential of radar as a reliable detection technology, even under challenging
environmental conditions.

Since then, radar technology has evolved substantially and has become an integral part of
modern sensing systems across numerous domains, including astronomy, meteorology, robotics,
automotive systems, medical diagnostics, and two- or three-dimensional mapping [20]. One of
radar's de ning strengths is its capability to operate independently of ambient light and in ad-
verse weather conditions, such as fog, rain, or snow [1]. This robustness has driven its continued
adoption and adaptation to an increasingly wide range of applications.

In recent years, mmWave radar sensors have gained particular importance. Operating in the
30{300 GHz frequency range, these sensors combine the established advantages of radar with
the bene ts of higher spatial resolution and compact hardware design. Their short wavelengths
allow them to capture ne structural details, penetrate certain materials, and deliver accurate
distance and velocity estimates. Unlike cameras or LIDAR, mmWave radar remains largely unaf-
fected by poor lighting or adverse weather conditions, which makes it especially useful for robust
perception in safety-critical environments [17]. Additionally, mmWave radar, unlike LiDAR, can
operate in privacy-sensitive applications without compromising user con dentiality.

Beyond object detection and tracking, mmWave radar o ers unique potential for material clas-

si cation. Di erences in re ectivity, dielectric properties, and Doppler micro-signatures enable
the discrimination of surfaces that appear visually similar but di er in physical composition.
This capability is valuable in scenarios where visual sensing is limited or not desirable due to
privacy concerns. Typical use cases include mobile robotics, where surface type recognition can
guide navigation and manipulation strategies. industrial automation and quality control, where
non-destructive material inspection is required; automotive guidance systems, where material
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classi cation is crucial for safe and e cient operation; and recycling processes, where robust
sorting of di erent materials is essential [28].

The focus of this thesis is the development of a lightweight radar-based material classi ca-
tion system using the Texas Instruments IWRL6432BOOST mmWave development board. The

system is designed to operate on embedded hardware with strict computational and energy con-
straints, while still achieving reliable classi cation of ve common surface materials. To this end,

a compact machine learning pipeline based on feature extraction and a MLP is implemented,
evaluated, and analyzed under di erent testing conditions.

The remainder of this thesis is organized as follows. Chapter 2 introduces the theoretical back-
ground of radar sensing, mmWave technology, and the fundamentals of machine learning for
classi cation tasks. Chapter 3 describes the design of the radar-based material classi cation
system, including hardware setup, data acquisition, and preprocessing methods. Chapter 4
presents the machine learning pipeline, model architecture, and training procedure. Chapter 5
provides a detailed evaluation of the system, analyzing its performance under di erent test sce-
narios and discussing strengths and weaknesses. Finally, Chapter 6 concludes the thesis with
a summary of ndings, an outlook on possible improvements, and potential applications of the
system.

Radar-based Material Classification using Signal Intensity and Doppler
Signatures



Chapter 2

Technical Background

2.1 mmWave Radar Sensors: An Overview

2.1.1 Basics of Radar Technology

The foundations of radar technology were laid by Heinrich Hertz in the late 19th century,
when he demonstrated that radio waves could be re ected by metallic objects. This insight
inspired the idea of using electromagnetic waves for detecting and locating targets. In 1904,
Christian Halsmeyer introduced the Telemobiloscope the rst practical radar device, marking
the beginning of applied radar sensing [5]. Radar systems underwent signi cant advancements
in the 1930s and 1940s, particularly during World War I, and subsequently found wide use in
civil applications such as aviation, meteorology, and navigation.

Figure 2.1: Christian Halsmeyer's "Telemobiloskop” The device was demonstrated in 1904 as a system
for detecting metallic objects using electromagnetic waves.
Source: [3]

The fundamental range measurement in radar is based on the following equation:

ct
d= =~ (2.1)
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where d is the distance between the radar and the target,c is the speed of light, andt is the
round-trip time of the transmitted wave [27].

Modern radar systems follow the same principles but are capable of extracting additional in-
formation from the received signal. In addition to distance, the echo also carries information
about signal intensity and frequency shift The signal intensity depends on the distance, the
target's material properties, and its Radar Cross Section (RCS). The frequency shift arises due
to the Doppler e ect when a target moves relative to the radar, allowing estimation of its radial
velocity:
fd C
Vs ——
2 fo

wherev is the relative velocity, f 4 is the Doppler frequency shift, andf is the transmitted fre-
guency of the radar signal [26]. Note that this relationship applies only to the radial component
of motion.

(2.2)

Another important relation is the radar equation, which expresses the received signal power
as a function of system parameters and target properties:

Pt Gt G ?

Pr = (4 )3 d4

(2.3)

Here, P, is the received power,P; is the transmitted power, G; and G, are the antenna gains,

is the wavelength, is the RCS of the target, and d is the distance to the target. As shown
in Equation 2.3, the received power decreases proportionally to=d*, which severely limits the
operational range of radar systems and necessitates the use of high-gain antennas and su cient
transmit power.

These physical principles form the foundation of all radar systems, from early mechanical pro-
totypes to modern high-resolution mmWave sensors, which will be discussed in the following
section.

Radar-based Material Classification using Signal Intensity and Doppler
Signatures



2.1. mmWave Radar Sensors: An Overview 5

2.1.2 Millimeter Wave Radar Sensors

Millimeter-wave (mmWave) radar sensors are a specialized type of radar technology that operate
with short wavelengths of electromagnetic radiation, typically in the range of 30 to 300 GHz,
corresponding to wavelengths between 10mm and 1mm [17]. These small wavelengths allow
for compact hardware design with relatively small antennas, making them suitable for modern
systems where space is limited. Furthermore, short wavelengths ensure strong re ections from
most objects and prevent the radar signal from simply passing through them. Another advan-
tage is the high measurement precision, which enables the detection of displacements smaller
than 1 mm under controlled conditions [15].

A typical mmWave radar system consists of a transmitter, a receiver, and an antenna or ra-
diating element. Often, an antenna array is used, which provides angular resolution and enables
signal processing techniques such as beam steering. This improves the signal-to-noise ratio and
overall system performance in terms of range and resolution [7, 17, 25]. The transmitter and

Figure 2.2: Schematic representing the basic design of antenna components in a mmWave radar device.
Source: [17]

receiver (Transmitter (Tx) and Receiver (Rx) in Figure 2.2) are typically integrated into a single
chip. They determine the operating frequency and transmit power, which directly in uence
how well the sensor processes re ected signals. Their design is also crucial for compensating for
limitations such as in-phase and quadrature imbalance [14, 17].

Radar-based Material Classification using Signal Intensity and Doppler
Signatures
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Based on the hardware architecture in Figure 2.2, the basic detection process of an mmWave
radar can be described as follows. The transmitter emits a radar signal, which is radiated by
the antenna and propagates through the environment. After re ection from an object, the echo
signal is collected by the receiver antenna, amplied by a Low Noise Amplier (LNA), and
mixed with a local oscillator to generate an Intermediate Frequency (IF) signal. The IF signal
is then passed through a Bandpass Filter (BPF) and digitized by an ADC. Subsequently, pulse
compression is applied to enhance range resolution.

The processed signal is further analyzed to extract distance, relative velocity, and angle in-
formation. From these parameters, the radar system generates detection points. If detection
points persist over time, they are aggregated into tracks, which are updated using Itering

techniques such as Kalman lters to provide a stable and accurate representation of the target
state [14, 15, 17].

Figure 2.3: High-level schematic of the signal processing chain in mmWave radar devices. Objects are
detected and tracked step by step from left to right.
Source: [17]

MmWave radar sensors can be categorized based on their operating mode. The most common
approach is the FMCW mode, which is standard in most modern devices. Other modes include

pulse radar and continuous-wave radar, which o er fewer capabilities and are therefore less com-

mon.

FMCW radar continuously transmits a signal that is modulated in frequency over time (a chirp
signal). In this mode, the frequency shift of the re ected signal compared to the transmitted
signal (the beat frequency) is used to determine the relative velocity of the object, while distance
is measured analogously to traditional radar systems [4].

Key characteristics of FMCW radar include continuous data acquisition, high precision, and si-
multaneous measurement of distance and velocity [21]. These properties explain its widespread
adoption in modern radar systems.

Radar-based Material Classification using Signal Intensity and Doppler
Signatures
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Figure 2.4: Visualization of the frequency modulation over time used in FMCW radar. The modulation
typically follows a sawtooth or triangular pattern.
Source: [4]

2.2 Texas Instruments (TI) mmWave Plattform

This work is based on the TI mmWave platform, a development platform for mmWave radar
sensors. It encompasses a wide range of devices and dedicated software tools that support the
development of new applications and the integration of mmWave radar sensors into existing
systems.

The TI platform consists of several hardware components, such as the xXWRLx432 family of
mmWave radar sensors and the AWR2x44 radar sensors. Tl devices use FMCW sensing with a
specialized Radio-Frequency CMOS (RFCMOS) single-chip design, which o ers exibility and
programmability in both the Radio Frequency (RF) front-end and the back-end of development.
TI's mmWave sensors can store up to 512 chirps with four pro les per frame, enabling exible,
real-time con guration for various application needs. This allows the sensors to maximize useful
data extraction and adapt chirps and processing to achieve higher range, velocity resolution, or
to optimize for speci ¢ algorithms as required [14].

For their radar devices, Tl provides comprehensive software, drivers, and tools in the form
of the mmWave Software Development Kit (SDK) and mmWave Studio. The SDK includes
several example applications to test device functionality, along with a set of libraries and work-
ows to support the development of new applications. Furthermore, it o ers tools to visualize
data collected by the radar device in real time, such as the mmWave Demo Visualizer and the
headless parser. Tl also provides the Uni ash tool to ash rmware to the radar device and

Radar-based Material Classification using Signal Intensity and Doppler
Signatures
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update its software. The main focus of TI's platform is to support the development of industrial
and automotive applications [14].

2.3 Fundamentals of Machine Learning for Classi cation

Machine learning enables computers to learn patterns from data and make predictions or deci-
sions without explicit case-by-case programming. In classi cation, the goal is to assign an input
(for example, a radar signature) to one of several prede ned categories [16].

Figure 2.5: Overview of how machine learning operates. Data are mapped through a model to class
scores, which are converted into probabilities and compared to the ground truth via the a loss that guides
learning.

Source: [16]

In supervised learning, a modelf is trained on labeled pairsf(x(;y()gN,, where x 2 Rd

per classk. These scores are converted to probabilities with the softmax

exp(ze) . ¥

X pc =1; (2.4)
1 exp(z) -

Pk =

which normalizes the scores so thapy represents the estimated probability of the input belong-
ing to classk [22].

Radar-based Material Classification using Signal Intensity and Doppler
Signatures
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Learning is guided by a loss function that quanti es the discrepancy between predicted prob-
abilities and true labels. For multi-class classi cation with one-hot encoded labels, the most
common choice is categorical cross-entropy. It combines the softmax output with a logarithmic
penalty on the probability assigned to the correct class:

(i)
1 X M
i=1 i=1 exp(z’)

exp(z

where N is the number of training samples,zj(') is the logit of classj for samplei, and y(V is the
correct class index. Equation 2.5 penalizes the model when the assigned probability for the true
class is low, thereby encouraging the parameters to shift probability mass toward the correct
class during training [22].

Figure 2.6: High level view of a radar based classi cation pipeline from signal to features to class
prediction.
Source: [28]

To assess a classi er, it is not enough to train it. Also, standard metrics that describe how well
it performs are needed. The most basic metric is the overall accuracy

number of correctly classi ed samples (2.6)
total number of samples ’ '

Accuracy =

which reports the fraction of correct predictions. Accuracy is easy to interpret but can be
misleading when classes have very di erent frequencies.
Therefore, per-class metrics are widely used. For a given classlet TP; denote true positives,

Radar-based Material Classification using Signal Intensity and Doppler
Signatures
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FP; false positives, and FN false negatives. Precision, recall, and F1 score are then

- TP;
Precision = WI':PI (2.7)
(2.8)
_ ™
Recall = TP +EN;’ (2.9)
(2.10)
F1 = 2 Precision Recall (2.11)

Precision + Recall; °

Equation (2.7) re ects how many predicted positives are correct. Equation (2.9) re ects how
many true instances are identi ed. Equation (2.11) balances both in a single number [9].

Since results should represent all classes equally, macro aveyages are often reported by taking
the unweighted mean across classes, for example, ko = é iczl F1;. In addition, confusion
matrices visualize correct and incorrect assignments per class and reveal systematic error pat-
terns [9].

Predicted Positive | Predicted Negative

Actual Positive | True Positive (TP) | False Negative (FN)

Actual Negative | False Positive (FP) | True Negative (TN)

Figure 2.7: Schematic representation of a binary confusion matrix with the four basic outcomes: true
positives, false positives, true negatives, and false negatives.

An important aspect of any machine learning work ow is the choice of hyperparameters, which
control how the training process is carried out. Thelearning rate determines the step size with
which the optimizer updates the model parameters; overly large values can cause divergence,
while overly small values lead to very slow convergence. Théatch sizespeci es how many
samples are processed before the model parameters are updated, in uencing both the stability
of training and the required computational resources. Thenumber of epochsde nes how many
times the model iterates over the entire training dataset, balancing between under tting (too
few epochs) and over tting (too many epochs). To further guide generalization, regularization
techniques are employed, for exampleweight decay which penalizes large parameter values to
prevent the model from becoming overly complex. Finally, mechanisms such asarly stopping
and learning rate schedulersadapt the training dynamically: early stopping halts training once
validation performance stagnates, while schedulers gradually reduce the learning rate when im-
provements slow down. Together, these hyperparameters signi cantly a ect the nal accuracy,
stability, and generalization ability of a classi cation model [23].

Radar-based Material Classification using Signal Intensity and Doppler
Signatures
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11

Hyperparameter

Function

E ect on Training

Learning Rate

Controls the step size of pa-
rameter updates

High values speed up learning but
risk instability; low values improve
stability but slow convergence

dataset

Batch Size Number of samples per up-| Larger batches yield smoother gra-
date dients but require more memory;
smaller batches increase stochastict
ity
Epochs Number of full passes over the| Too few cause undertting; too

many can lead to over tting

Weight Decay (L2
regularization)

Penalizes large parameter val-
ues

Prevents over tting and encourages
simpler models

Early Stopping

Stops training when valida-
tion performance stagnates

Avoids over tting and reduces un-
necessary computation

Learning Rate

Scheduler

Adjusts the learning rate dur-
ing training

Reduces the step size when progres
slows, improving convergence

Table 2.1: Overview of commonly used hyperparameters in classi cation tasks [23]

Radar-based Material Classification using Signal Intensity and Doppler
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Chapter 3

System Design and Implementation

3.1 Selection and Commissioning of the Sensor

In this work, the Tl IWRL6432BOOST development board is used as the mmWave radar sen-
sor. Itis a low-power, 60 GHz radar application development platform based on Glass-reinforced
epoxy laminate (FR4), which supports the TI mmWave SDK. The board provides all the nec-
essary features for this work while remaining a cost-e ective and compact solution.

Figure 3.1: Tl IWRL6432BOOST development board top view.
Source: [12]

13
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Figure 3.2: Tl IWRL6432BOOST development board bottom view.
Source: [12]

The IWRL6432BOOST uses an antenna array designed as seen in Figure 3.3.

The transmitter and receiver antennas are arranged to form a virtual array with six transmitter-
receiver pairs. This con guration enables an azimuth angular resolution of 29 and a coarse
elevation angular resolution of 68. The receiver antennas are placed at= 2 spacing from each
other in both the azimuth and elevation planes.

The transmitter antennas are spaced at in the azimuthal plane and at =2 in the eleva-
tion plane. The IWRL6432BOOST is connected and powered via a Universal Serial Bus (USB)
connection. To ash rmware onto the device, it must be set to ashing mode. For this, the
device needs to be connected to a computer via USB, and the switches must be set as follows:

S1.1S12 | S1.3|S14|S15|S5S16 |S41|S42 |S43 |S44
OFF | OFF | OFF | OFF | OFF | ON | ON | OFF | ON {

Table 3.1: Switch con guration for ashing mode. The switches S1.1 to S1.6 are located on the top
side of the board in the lower center, while the switches S4.1 to S4.4 are located on the top side of the
board in the center-right half.

If the device is reset in this con guration, it will enter ashing mode, and the Uni ash tool can

Radar-based Material Classification using Signal Intensity and Doppler
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Figure 3.3: Antenna array con guration of the Tl IWRL6432BOOST development board with 3 re-
ceivers (Rx) and two transmitters(Tx). They are FR4-based on the Printed Circuit Board
Source: [12]

be used to ash the rmware onto the device.

By switching S1.1 to ON, the device can be set to functional mode and will start to oper-
ate the rmware. Once in functional mode, the device sends data to the connected computer,
which can be accessed using the Parser or Visualizer tools provided with the mmWave SDK.

After commissioning, the functionality of the device was validated by running the Surface Clas-
si cation demo application, which is part of the mmWave SDK. No additional calibration was
necessary.

The preloaded demo project, Surface Classi cation, was also used as a starting point. Mod-
i cations to the rmware were made to enable custom data logging, labeling, training, and
output.

3.2 Testing Environment

The testing environment for this work consisted of the TI IWRL6432BOOST development board,

a mounting clamp to hold the device in a xed position, and a computer to provide power and
communicate with the device.

The computer was connected to the device via USB and was used to control the device and
collect the data. The surface samples were placed on a 16.5 cm high elevation on a table under

Radar-based Material Classification using Signal Intensity and Doppler
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