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Abstract

Automotive radar is a key all-weather sensor for autonomous driving, providing range and
radial-velocity measurements under adverse illumination and weather conditions. Target de-
tection and subsequent point-cloud generation are therefore critical stages in automotive radar
signal processing. However, conventional constant false alarm rate (CFAR) detectors rely
on fixed local reference rules and statistical assumptions that are often violated by extended
targets and non-homogeneous backgrounds in road scenes, resulting in sparse and spatially
inaccurate point clouds. End-to-end deep-learning detectors can exploit richer radar context,
but may require substantial computational resources and provide limited interpretability and
post-training control of the detection threshold.

In this work, we propose a hybrid neural CFAR-like detector in which a three-level U-Net es-
timates a background-reliability map from radar data, and an explicit local thresholding stage
uses this map to form cell-wise detection decisions. Evaluated experimentally on the RaDelft
dataset, the proposed detector achieved the lowest Chamfer Distance (CD) among the evalu-
ated methods, reaching 1.36 m compared with 3.19 m for CA-CFAR, 3.29 m for OS-CFAR,
and 1.60 m for a deep-learning baseline taken from the literature. Moreover, the proposed
method used 0.87 million parameters and achieved 10.58 GFLOPs, which is 13 times less than
the evaluated deep-learning baseline. These results indicate that learning the reliability of lo-
cal background samples can improve automotive radar point-cloud quality while retaining an
explicit and adjustable detection procedure.
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Introduction

1.1. Background and Motivation

A reliable perception system is essential for autonomous driving because it provides informa-
tion about the surrounding environment, including other vehicles, pedestrians, and static ob-
jects. This information supports subsequent tasks such as localisation and mapping, prediction,
planning, and control.

To operate reliably, a perception system must remain robust under varying illumination, ad-
verse weather, and complex traffic conditions. Cameras, LiDAR, and radar are among the
sensors most commonly used for this purpose. Radar is generally more robust than cameras
and LiDAR under adverse weather and illumination conditions, such as rain, fog, and low light
or glaring [1]. Moreover, cameras cannot directly measure distance or velocity, while conven-
tional LIDAR measures distance but not velocity. Radar can measure both range and radial
velocity through Doppler information, which is particularly valuable for distinguishing mov-
ing targets from stationary objects and for target tracking [2]. Reliable radar signal processing
is therefore an important component of an effective automotive perception system.

Radar target detection is a fundamental step in the radar signal-processing pipeline. For each
resolution cell, it determines whether target echoes are present in measurements that also con-
tain noise, clutter, and interference. Following analogue-to-digital conversion and the subse-
quent signal-processing stages of range and Doppler/velocity estimation, target detection can
be used to generate a radar point cloud for downstream tasks such as object detection' and
tracking.

In general, radar target detection can be formulated as a binary hypothesis test comparing for
each resolution cell the case without target (/) with the case of target mixed with non-target
contributions (H1) [3], [4]:

HO y=n,

1.1
Hl:y:S+n7 ( )

I'The term detection’ mentioned here should be distinguished from the detection task addressed in this thesis.
In traditional radar target detection, detection refers to determining whether a target is present or if only noise (or
clutter) exists within each resolution cell. In contrast, object detection, typically employed in computer vision,
involves simultaneously localizing objects with bounding boxes and classifying them.
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where y denotes the received signal, s denotes the target echo, and n represents the combined
non-target contributions.

Classical radar detectors, including constant false alarm rate (CFAR) detectors, are based on
statistical models of the received signal. These methods estimate the local background and
derive a threshold for deciding between the two hypotheses. Their performance, however, can
be limited in automotive scenarios. Complex road environments contain rapidly varying clut-
ter, dense targets, and target-masking effects. Moreover, conventional CFAR configurations
use fixed hyperparameters, such as numbers of guard and reference cells. Such fixed windows
cannot readily accommodate targets whose apparent sizes vary with range, angle, and time,
particularly when extended targets occupy multiple resolution cells [5], [6]. This is actually
the case in mm-wave radar for automotive.

Deep learning provides an alternative means of extracting complex features and learning the
spatial structure of radar data. Its applications in radar include radar sensing, signal process-
ing, and automatic target recognition [7], [8], [9]. Radar target detection belongs to the signal-
processing stage and provides information required by downstream recognition tasks. Several
deep learning-based radar detectors have achieved better performance than traditional methods
under the conditions considered in their respective studies [10]. Unlike fixed-window detec-
tors based on predefined statistical rules, learned detectors can model (more) complex spatial
patterns in the input data.

Nevertheless, deep learning-based detectors also have important limitations. Their perfor-
mance depends strongly on the quantity, quality, and coverage of the training data, and their
behaviour may be unpredictable for inputs outside the training distribution. Radar annotations
are also commonly transferred from LiDAR or cameras, which may introduce inaccuracies
because the sensors operate according to different physical principles [7], and there can be
issues of residual calibration errors for the heading and field of view of the different sensors.
In addition, end-to-end models can be computationally expensive and difficult to interpret or
adjust after training [ 11]. These limitations are especially relevant to safety-critical automotive
systems and resource-constrained edge devices.

The availability of suitable datasets presents a further challenge. Large-scale, real-world au-
tomotive radar datasets are scarce, particularly for target-detection studies that require pre-
detection radar measurements, such as analogue-to-digital converter data or radar cubes, to-
gether with detection-level ground truth [7], [12]. Some existing datasets are not publicly
accessible, and many studies therefore rely on simulated data [7], [13]. This reliance makes it
difficult to assess reliability in real-world scenarios and to compare detectors under consistent
experimental conditions [10].

Existing studies often treat statistical detectors, such as CFAR, and deep learning-based detec-
tors as separate approaches, although their characteristics are complementary. CFAR provides
a structured and interpretable mechanism for local background estimation and threshold-based
detection that is meant to guarantee an expected level of false alarms. Deep learning, by con-
trast, can extract complex features that cannot be represented adequately by a fixed-size win-
dow. Motivated by this complementarity, this thesis investigates a hybrid framework in which
a neural network derives background-reliability weights from radar data, while a CFAR-like
procedure performs local background estimation and threshold-based detection.
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1.2. Thesis Objectives

The overall aim of this thesis is to investigate whether learned, data-dependent background
weighting can address limitations of fixed-window CFAR detection while retaining an explicit
local thresholding stage. To achieve this aim, the thesis pursues the following objectives:

1. To establish representative CFAR and deep learning-based detectors as baselines for
automotive radar target detection under a common experimental setting.

2. To develop a hybrid detector in which a U-Net-like network estimates a background-
reliability weight map from three-dimensional radar cubes, and then a CFAR-like proce-
dure uses the weighted background to derive cell-wise detection thresholds.

3. To evaluate the proposed detector against the two baselines on the RaDelft dataset [14]
and to analyse the contribution of its principal design components through ablation ex-
periments.

Together, these objectives examine not only whether the proposed detector performs effec-
tively, but also whether its learned weighting and explicit thresholding stages provide a useful
combination for real-world automotive radar detection.

1.3. Thesis Outline

The remainder of this thesis is organised as follows. Chapter 2 reviews the literature and ap-
proaches for automotive radar target detection, and identifies the limitations that motivate the
proposed method. Chapter 3 describes the baseline detectors in detail and presents the architec-
ture and detection procedure of the proposed method. Chapter 4 introduces the RaDelft dataset,
evaluation metrics, experimental settings, and final results. Finally, Chapter 5 summarises the
main findings, discusses the limitations of the study, and suggests directions for future work.



Literature Review

This chapter reviews methods that convert pre-detection radar measurements into target de-
tections or radar point clouds. The scope is limited to the detection stage operating on repre-
sentations such as range profiles, range—Doppler maps, and multidimensional radar tensors.
Methods that take an already generated radar point cloud as input for object classification,
tracking, or sensor fusion are therefore outside the main scope. Existing detection methods are
organised into two categories: model-based and learning-based methods. Model-based meth-
ods derive decision rules from explicit statistical descriptions of the measurements, whereas
learning-based methods learn detection patterns from labelled data. This distinction exposes
the complementary strengths and limitations that motivate the method developed in this thesis.

2.1. Model-Based Radar Target Detection

Model-based radar detectors formulate target detection as a statistical decision problem. A tar-
get is declared when the response in a cell under test is inconsistent with a background model
estimated from neighbouring measurements. Constant false alarm rate (CFAR) processing is
the most widely used realisation of this principle because it adapts the detection threshold to
the local “interference” level (i.e., the combination of thermal noise, clutter, and actual interfer-
ence) rather than applying one global threshold [3], [15]. Its practical appeal follows from three
properties: the decision process is interpretable, the design false-alarm probability can be spec-
ified explicitly under the assumed model, and the detector can be implemented efficiently with
a sliding reference window. These properties have made CFAR a standard point-generation
stage in automotive radar processing [6], [15], even though its classical statistical assumptions
can be violated in non-homogeneous scenes [16].

The principal CFAR variants differ in how they estimate the background from the reference
window. Cell-averaging CFAR (CA-CFAR) combines all reference cells and uses their mean
as the background estimate [17]. This method relies on two fundamental assumptions: the in-
terference samples in the reference cells and the Cell-Under-Test (CUT) are independent and
identically distributed (i.i.d.), and the reference window is free of interfering targets. Environ-
ments satisfying these conditions are termed “homogeneous environments”. Gandhi and Kas-
sam [16] demonstrated that CA-CFAR provides baseline performance in homogeneous back-
grounds. For a specified false-alarm probability, it requires the minimum additional signal-to-
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noise ratio (SNR) to achieve the same detection probability as an optimal detector with perfect
knowledge of the background power. However, these conditions are readily violated in prac-
tice. Target echoes may contribute energy to the reference window through nearby targets
or extended targets occupying multiple cells, which are common in automotive radar [5], [6].
This contamination biases the background estimate upwards and raises the detection threshold,
potentially suppressing the target. This phenomenon is known as target masking. Performance
also degrades when the interference level changes abruptly at a clutter edge, which in automo-
tive scenario could appear as the boundary of the free road and the edge of the building. An
inflated estimate can cause missed detections on the low-interference side, while an underesti-
mated background can cause excessive false alarms on the high-interference side. Greatest-of
and smallest-of CFAR modify the averaging strategy by selecting between estimates from the
two sides of the CUT, rather than using all samples. Greatest-of CFAR is more conservative
at clutter transitions but more susceptible to target masking. Smallest-of CFAR can improve
performance in multiple-target conditions but is more susceptible to clutter edges [18], [19].
These methods show that the composition of the reference set, rather than threshold scaling
alone, affects detection in non-homogeneous environments.

The methods discussed above exhibit a trade-off between robustness to clutter edges and re-
sistance to target masking. Ordered-statistic CFAR (OS-CFAR) addresses this trade-off more
directly by sorting the reference samples and estimating the background from a selected or-
der statistic. The detector can therefore tolerate a specified number of high-energy interfering
cells without allowing them to dominate the estimate [20], [21]. If fewer than N — £ high-
power samples contaminate the reference set, they are placed above z(;) and do not directly
determine the selected value. Under the assumed step-clutter model, choosing k£ > N/2 also
allows the estimate to track the higher clutter level once most reference cells enter that re-
gion [16]. OS-CFAR can therefore be more robust than mean-level processing under suitable
heterogeneous conditions. This robustness comes with additional computational cost because
sorting typically requires O(N log V) operations, compared with O(N) for mean-level sum-
mation. Moreover, performance depends on the selected rank and the number of contaminated
cells. A fixed order statistic cannot guarantee robustness when the fraction or spatial extent
of interfering responses varies. This limitation is particularly relevant to automotive targets,
which may occupy several cells and change in apparent extent with range, aspect angle, and
radar resolution. A detector configured for one target extent may exclude useful reference cells
in one scene, while retaining target-contaminated cells in another.

Further model-based work has sought greater robustness by censoring suspected outliers or re-
placing the arithmetic mean with less contamination-sensitive statistics. Censored-mean and
related multiple-target detectors exclude selected high-energy reference cells before estimat-
ing the background [22], [23]. More recently, censored harmonic averaging has been used to
reduce the influence of outliers without imposing the same rigid rejection rule as conventional
trimmed estimators. By combining censoring with a harmonic mean of the retained samples,
this approach further limits the influence of strong interfering targets. Zefreh et al. reported
improved robustness under heterogeneous clutter and interfering-target conditions [24]. Other
approaches modify the standard CFAR model more substantially. For example, Safa et al.
mapped the input and threshold into a high-dimensional feature space and applied a kernel-
based decision rule. Their nonlinear, low-complexity detector outperformed OS-CFAR un-
der the indoor multipath conditions examined in that study [25]. This result shows that the
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limitations of local averaging are not unique to road scenes and can be addressed through
model design without learning. However, the method was applied only to range profiles from
indoor scenes and did not exploit the additional dimensions available from millimetre-wave
radar. Its effectiveness for multidimensional automotive radar therefore remains uncertain. Ev-
idence from indoor sensing alone cannot establish performance in automotive settings, where
target geometry, clutter statistics, measurement representations, and operational constraints
differ [15], [26].

Automotive-specific clutter processing provides additional evidence that a single homogeneous-
background assumption is often inadequate. Yoon et al. showed that dense roadside clutter can

be recognised and suppressed by exploiting structure in FMCW radar measurements rather than

treating every high-energy response as an isolated target [26]. Nevertheless, most model-based

detectors still require the designer to carefully choose the reference-window geometry, guard

region, background statistic, and decision parameters in advance. These choices encode use-
ful physical knowledge and permit efficient inference, but they also limit the detector’s ability

to adapt when the spatial support of a target or the composition of the background changes.
The central limitation is therefore not simply that CFAR uses a threshold; rather, it is that the

reliability of the samples used to construct that threshold is determined by a fixed, rigid rule.

2.2. Learning-Based Radar Target Detection

Learning-based detectors replace some or all of the predefined statistical model with a mapping
learned from data. Neural networks can process a wider spatial context than a local CFAR
window and can jointly exploit intensity, Doppler, angular, and temporal information. This
capability is attractive for automotive radar because target responses are spatially extended
and the distinction between target, clutter, and multipath cannot always be expressed by a
single amplitude distribution.

DL-CFAR learns to locate target-component peaks in a range—Doppler input and clips them
so that the residual provides a less contaminated estimate of the noise background [27]. This
design directly addresses the masking mechanism that affects CA-CFAR in multiple-target
scenes. It also illustrates how learning can modify background estimation without discard-
ing threshold-based detection. However, the method was evaluated using simulated range—
Doppler data rather than real-world measurements. Akhtar et al. proposed a broader optimised
hybrid architecture that combines features derived from radar echo representations and tunes
the network using a population-based optimisation procedure [28]. Although the reported re-
sults indicate that learned combinations of time- and frequency-domain information can sup-
port range—Doppler detection, the study is based primarily on simulated automotive FMCW
data. Its performance therefore demonstrates feasibility rather than robustness in real traffic
environments.

Other methods learn the detection decision more directly. Temporal convolutional processing
has been applied to multiple radar dwells so that weak but persistent targets can be distin-
guished from non-homogeneous clutter [§]. By integrating evidence over time, these models
use information unavailable to a frame-wise CFAR detector, but the improvement is accom-
panied by additional latency and sensitivity to temporal alignment. Spatial networks similarly
exploit multidimensional radar structure. Lin et al. processed range—azimuth—Doppler cubes
with a shared feature extractor and multiple detection heads, demonstrating the value of rea-
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soning jointly across radar dimensions rather than applying independent local tests [9]. Deep
fully convolutional detection has also been investigated for extended radar targets, for which
the output must represent target support rather than only an isolated peak [29]. These studies
broaden the detection objective, but their outputs may be cell labels, target extents, or bounding
regions rather than the point clouds expected by an automotive perception stack.

Point-cloud generation methods align the learning objective more closely with the output of
an automotive radar front end. Cheng et al. proposed RPDNet, which learns radar detec-
tions using LiDAR-derived supervision and then applies spatiotemporal filtering to reduce
spurious points [30]. The method showed that improving the density and reliability of gen-
erated radar points can benefit downstream detection and localisation, although its evaluation
includes mobile-robot environments rather than being restricted to road vehicles. DenserRadar
extends the same general idea to high-resolution 4D automotive radar. It constructs dense oc-
cupancy supervision by accumulating LiDAR frames and predicts point clouds directly from
radar tensors; on K-Radar, the method was evaluated against CA-CFAR, OS-CFAR, and a
learning-based point-cloud detector at comparable output densities [31]. This comparison is
informative because it treats density and accuracy as coupled quantities: increasing the number
of retained cells is useful only if the additional points correspond to meaningful scene structure.

Roldan et al. provide the setting closest to the present thesis. Their detector uses three con-
secutive 4D range—azimuth—Doppler—elevation cubes and synchronised LiDAR supervision
from the real-world RaDelft dataset to generate a radar-only point cloud [6]. The study com-
pared learned and CFAR-based detectors using detection probability, false-alarm probability,
and Chamfer distance. Its results showed that Doppler and temporal information contributed
to representing extended targets. The method also exposes two broader limitations of end-
to-end learning. First, the continuous network output must be converted into a binary point
set using a decision threshold. A threshold chosen during development does not provide the
same statistical interpretation or inference-time adjustability as a model-based CFAR parame-
ter. Second, LiDAR supervision is not a neutral description of radar ground truth. LiDAR and
radar respond to different physical properties and observe the scene from different sensor po-
sitions. Spatially aligned LiDAR points can therefore supervise object occupancy but cannot
label every radar-specific return without ambiguity.

Recent work has begun to address this cross-modal supervision problem. Schwarz et al. aug-
mented LiDAR-derived point supervision with a downstream perception-task loss so that a
radar detector would not be rewarded solely for reproducing the LiDAR point distribution [32].
This direction recognises that a useful radar point cloud should preserve information relevant
to perception, including radar-specific velocity and reflection cues, rather than merely resem-
ble a sparse version of LIDAR. At the same time, task-aware supervision makes the learned
output dependent on the selected downstream model and annotation scheme. The literature
therefore shows a progression from learning a cleaner background, through direct cell classifi-
cation, to generating task-oriented point sets. Across this progression, greater representational
flexibility is obtained at the cost of stronger dependence on training data, labels, computational
resources, and post-training calibration.

A summary of above metioned method is in Table 2.1
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Methods

Main advantage

Main disadvantage

DL-CFAR [27]

OHDL [28]

Deep temporal detection [8]

TriHeadDet [9]

Blackman et. al [29]

RPDNet [30]

DenserRadar [31]

Ignacio et. al [6]

Schwarz et. al [32]

Use deep learning to deal with
masking effect

Design a hybrid deep learning
model to effectively use the
information from time and fre-
quency domain

Use temporal information
to enhance detection perfor-
mance

Decompose 3D data to 2D
by a three head network with
shared features to learn effec-
tively

Use Fully-convolutional net-
work to specifically deal with
the extended targets
Processing LiDAR points
cloud for supervision of
the network, combining
segmentation network with
GAN network to improve the
performance

Directly  extract  feature
from 4D radar cube using
3D convolution network.
Cross-attention mechanism
enhanced feature fusion.
Combined multi-frame fea-
tures to use temporal informa-
tion in 4D radar cube

Jointly train learn radar de-
tection and perception to pre-
serve radar specific character-
istics

Use only range—Doppler data
as input. Verified only on sim-
ulated data.

Simulated data and no angle
estimation considered.

More latency involved.

High complexity, need to be
verified by richer data.

Simulated data for Wide-area
surveillance (WAS) radar.

High complexity, the angle in-
formation is not included.

High complexity,

High complexity.

High complexity.

Table 2.1: A summary of the discussed learning-based methods.
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2.3. Comparative Analysis and Research Gap

Model-based and learning-based detectors make different commitments about where detection
knowledge is stored. In model-based methods, the assumptions are explicit in the background
distribution, reference statistic, window geometry, and false-alarm design. These choices sup-
port transparent operation and efficient implementation, but they restrict adaptation to extended
targets and heterogeneous road scenes. In learning-based methods, the assumptions are en-
coded implicitly by the architecture, training distribution, supervision, and loss function. Such
detectors can use spatial and temporal context to identify patterns beyond the reach of a fixed
local window, but their behaviour outside the training distribution is less predictable and their
output threshold is not necessarily associated with a controlled false-alarm probability. Neither
approach is therefore uniformly preferable; their relative performance depends on the scene,
radar representation, supervision, and operating point.

Comparison across the published literature is further complicated by inconsistent evaluation
objectives. Classical detection studies typically report probability of detection, probability
of false alarm, or receiver-operating-characteristic curves [8], [21]. Learning-based point-
generation studies additionally use point density, point accuracy, Chamfer distance, intersec-
tion over union, or downstream average precision [6], [30], [31]. These metrics answer differ-
ent questions. Cell-level detection metrics measure the ability to separate labelled target and
background cells, whereas geometric metrics assess whether the resulting point set represents
the spatial support of an object. Downstream metrics additionally depend on the perception
model receiving the point cloud. Reported gains are consequently not directly comparable
when the methods use different output definitions, radar resolutions, datasets, or numbers of
generated points.

The available evidence also reveals a tension between point-cloud completeness and false de-
tections. A conservative CFAR operating point can suppress clutter but produce a sparse repre-
sentation of extended objects. Relaxing the threshold increases point density while admitting
additional background and multipath responses. Learning-based methods can shift this trade-
off by using contextual evidence, as demonstrated by RPDNet, DenserRadar, and the RaDelft
detector [6], [30], [31]; however, their apparent advantage depends on the completeness and
alignment of the LiDAR-derived labels. A prediction that disagrees with LIDAR may be a
false radar detection, a radar-specific response absent from LiDAR, or a cross-sensor calibra-
tion error. This ambiguity limits claims that a learned detector has recovered a uniquely correct
radar point cloud.

These observations identify a narrower gap than simply using more deep learning. CA-CFAR
and OS-CFAR determine the contribution of reference cells through fixed averaging or rank-
ing rules. End-to-end neural detectors learn richer contextual decisions, but ordinarily replace
the explicit local background estimate with a score map followed by a fixed output threshold.
Comparatively less attention has been directed towards learning the reliability of the reference
data while retaining an explicit, locally adaptive thresholding stage. Such a hybrid formula-
tion could use spatial context to reduce target contamination in the background estimate while
preserving a CFAR-like decision mechanism that remains interpretable and adjustable at in-
ference time. Whether this combination improves point-cloud generation on real automotive
radar data, without simply transferring the limitations of LiIDAR supervision into the detector,
is the research question addressed by this thesis.
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2.4. Summary

Model-based detectors provide an efficient and interpretable route from radar measurements
to detection points, but their performance depends on fixed assumptions about the background
and the suitability of the reference window. Robust CFAR variants reduce sensitivity to clutter
transitions and interfering targets, yet they cannot fully accommodate target extents and back-
ground structures that vary across automotive scenes. Learning-based detectors use spatial,
Doppler, and temporal information to generate denser and more structured outputs, but in-
troduce dependence on training coverage, cross-modal supervision, computation, and output
calibration.

The two families are therefore complementary rather than mutually exclusive. The literature
motivates a detector in which learning is used to estimate which measurements provide reliable
evidence of the local background, while an explicit CFAR-like stage converts that estimate into
an adaptive detection threshold. The following chapter describes the model-based and learning-
based baselines used to evaluate this idea, and then presents the hybrid method developed in
this thesis.



Methodology

This chapter first introduces the automotive-radar signal model and the preprocessing steps
used to construct the radar cube. It then describes the three baselines used for comparison:
CA-CFAR, OS-CFAR, and a deep learning detector from the literature. Finally, the chapter
presents the proposed hybrid method, which combines learned background estimation with a
CFAR-like detection procedure.

3.1. Signal Model and Preprocessing

This section establishes the signal model used to describe the radar data in this thesis. Au-

tomotive radars commonly operate at millimetre-wave frequencies and employ frequency-

modulated continuous-wave (FMCW) signals because they support joint range and radial-

velocity estimation with a substantially lower sampling rate than the transmitted radio-frequency
bandwidth [2], [3]. The derivation below first considers a single-input single-output channel

and then extends the model to a multiple-input multiple-output (MIMO) array. Unless stated

otherwise, the model assumes point targets, constant radial velocity during one coherent pro-
cessing interval (CPI), narrow-band propagation, and far-field observations.

3.1.1. FMCW range and Doppler estimation

An FMCW radar transmits a sequence of linear-frequency-modulated chirps. In the rising saw-
tooth modulation commonly used by automotive radar, the instantaneous frequency increases
linearly during each chirp and then returns to its initial value before the next chirp begins. A
reflected chirp is delayed by the target’s propagation time and shifted in frequency by its ra-
dial motion via the Doppler effect. Comparing this echo with the currently transmitted chirp
therefore provides the information required to estimate both range and radial velocity. Let f,.
be the start frequency, B the swept bandwidth, T, the chirp duration, and k = B/T, the chirp
slope. The complex transmitted signal of one chirp is:

z(t) = exp [j27r (fct + thH , 0<t<T.. (3.1)

The quadratic phase in Eq. (3.1) produces the desired linear increase in instantaneous frequency.
Consider first a stationary point target at range R. Because the signal travels from the radar

11
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to the target and back, its round-trip delay is 7 = 2R/c. Apart from propagation loss and the
target reflection coefficient, represented by the complex amplitude «, the received echo is a
delayed copy of the transmitted chirp, 7(¢) = ax(t—7). The receiver then performs dechirping
by multiplying this echo by the conjugate of the current transmitted signal:

z(t) = r(t)x*(t)
= aexp(—j2nkTt), (3.2)

where all terms that are constant with respect to fast time are absorbed into . The remaining
complex-valued exponential is in real terms a sinusoid whose frequency is proportional to the
propagation delay. This frequency is referred to as the range beat frequency and satisfies:

_ 2KR cfr

fr=~KT : R=—. (3.3)
c 2K

Thus, a larger range produces a longer delay and, because the transmitted frequency changes
continuously, a larger difference between the transmitted and received frequencies. This re-
lationship converts the delay measurement into a frequency-estimation problem. Importantly,
the beat frequency is far below the millimetre-wave carrier frequency, allowing the range in-

formation to be digitally sampled and processed at a substantially lower rate [3].

The finite chirp duration limits the ability to distinguish closely spaced beat frequencies. Over
an observation interval 7¢, two sinusoidal components require a frequency separation of ap-
proximately 1/7, to be resolved. Mapping this frequency separation through Eq. (3.3), and
using B = KT, gives the theoretical range resolution

C C

AR = = —.
i 2kT, 2B

3.4)

Whereas the range resolution is controlled by the swept bandwidth, the practical measurement
range is mainly controlled by the receiver bandwidth. After dechirping, an analogue low-pass
filter suppresses high-frequency mixing products and limits the beat signal presented to the
ADC. If its cut-off frequency is fipr, the largest range-dependent beat frequency that can pass
through the receiver determines the practical maximum range. Neglecting Doppler at this stage
gives: 5
CJLPF

Rmax - 2/{/ .
This practical limit should be distinguished from the unambiguous range imposed by discrete-
time sampling. After ADC sampling at frequency f;, beat frequencies separated by an integer
multiple of f; produce identical sample sequences because

(3.5)

e—j27r(fr+kfs)n/fs — e—j27"frn/fs7 k c 7. (36)
The sampled data can therefore identify the beat frequency only within one interval of width f;.
Under the positive beat-frequency convention used here, mapping this interval to range gives:

R, = C—fs (3.7)
2K
The receiver filter is normally designed with fipr < f; and may occupy only a limited frac-

tion of the available sampling interval. Consequently, the usable range R, is smaller than
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the sampling-defined unambiguous range R, and it can be substantially smaller when the
analogue passband is narrow. In practice, echoes outside R, are attenuated by the receiver
before sampling, even though the sampling process would in principle permit a larger unam-
biguous interval.

The stationary-target derivation attributes the entire beat frequency to propagation delay. For
a moving target, however, the Doppler effect introduces an additional frequency shift. If v
denotes radial velocity and A the carrier wavelength, the Doppler frequency is [3]:

2v c
fD N fc
For a rising chirp and the sign convention adopted here, this term adds to the range beat fre-
quency, so the measured beat frequency becomes:

2sR v
fo= it fo=" 4+
c A

Equation (3.9) contains two unknowns, R and v, and a single fast-time beat frequency cannot

separate them. FMCW radar resolves this ambiguity by transmitting repeated chirps. Although

the target range changes only slightly between adjacent chirps, its Doppler frequency produces

a systematic phase progression in slow time. With the dechirping convention used above,

observations of the same transmit channel separated by 7, have the phase difference A¢ =

—27 fpTy0w. The Doppler frequency and radial velocity can therefore be estimated as:
-~ A¢ AAP

fD - 27TTslow ’ YT 477-,—rslow .

(3.8)

(3.9)

(3.10)

Because phase is observed modulo 27, phase increments outside [—, ) are indistinguishable
from wrapped values. Applying this condition to the slow-time phase progression gives the
maximum unambiguous radial velocity [3]

A
4jﬂslow '

|| < Vmax = (3.11)
The estimated Doppler frequency can finally be subtracted from the measured beat frequency.
The remaining component is associated with propagation delay alone, yielding the Doppler-
corrected range:

}?:i(fb—ﬁ)). (3.12)

3.1.2. MIMO radar and virtual array

Range and Doppler can be estimated from a single antenna channel, but angle estimation re-
quires a spatial comparison. The basic principle is that a wave arriving from an oblique di-
rection does not reach all antenna elements at exactly the same time. Consider a uniform
linear receive array with Ny elements separated by distance d, and let 6 denote the direction
of arrival (DoA) measured from broadside. Under the far-field assumption, the wavefront is
approximately planar. Relative to the first element, the additional path length and arrival-time
difference at element r are:

dsin 0
Al, =rdsing,  Ar =270 Ny — L (3.13)

C
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These time differences are extremely small for automotive-radar array dimensions and are not
usually measured directly. Instead, they appear as phase differences at the carrier frequency.
Since A = ¢/ f., the phase of element r relative to the first element is:

Ab, = —21 fu AT, = —27;”[ sin 6. (3.14)

The DoA is therefore recovered by finding the angle whose predicted phase progression best
matches the phases measured across the array. Collecting these predicted responses gives the

steering vector
_2m(Ng=Dd o T

a(f) = [1,e 153750 | omiT X sl (3.15)
Conventional digital beamforming evaluates this steering vector over a grid of candidate angles
and identifies directions that produce coherent addition across the antenna channels.

The ability to distinguish two nearby directions is governed primarily by the array aperture.
For the receive array above, the aperture is D = (Ngr — 1)d, and the angular resolution scales
approximately as [3], [33]: \

Dcosf
Hence, improving angular resolution requires a larger effective aperture. One direct approach
is to add physical receive antennas or increase their span. However, every additional receive
channel requires radio-frequency hardware, calibration, ADC resources, and data transfer, so
a large physical array rapidly increases system cost and complexity.

Af ~

(3.16)

MIMO radar provides a more hardware-efficient way to enlarge the effective aperture [33].
It transmits distinguishable (i.e., ideally orthogonal) signals from Ny transmit antennas and
records each signal at Ny receive antennas. Let p; and ¢, denote the one-dimensional positions
of transmit antenna ¢ and receive antenna r, respectively, relative to a common array reference,
wheret = 0,...,Nr —landr = 0,..., Ng — 1. In a colocated far-field MIMO radar, the
spatial phase of the transmit-receive pair depends on the sum of these positions. Defining u; ,
as the position of the corresponding virtual array element gives:

2T U,
Uty = Pt + ¢, [av(0)], = exp (—JTt’ sin 9) ) (3.17)

If all position sums are distinct, Nt transmitters and Ny receivers generate up to Np Ny vir-
tual antenna channels. Appropriate placement of the physical antennas can spread these vir-
tual positions over a substantially larger aperture than the receive array alone. According to
Eq. (3.16), this larger virtual aperture improves angular resolution while using fewer physical
receive chains than an equivalent conventional array.

The transmitted signals must be separated before the virtual channels can be formed. The radar
used in this thesis employs time-division multiple access (TDMA), in which the transmit anten-
nas are activated sequentially in different chirps [6], [34], [35]. This sequential transmission
incurs two motion-related costs. First, when the chirp repetition interval for the overall radar
schedule is fixed, a given transmitter is revisited only once every Nt chirps. The effective
slow-time interval for that transmitter is therefore increased by a factor of Nt, which reduces



3.1. Signal Model and Preprocessing 15

the unambiguous Doppler interval and the corresponding maximum unambiguous radial ve-
locity by the same factor:

A B c
ANtTpr1  4fNtTpgri’

(3.18)

Umax, TDMA =

where Tpg; is the interval between consecutive transmitted chirps. Second, a moving target
changes range between transmissions from different antennas. For transmit events separated
by At, this motion introduces an additional virtual-array phase term

4drvAt

Prmig = ;) (3.19)
Because this term depends on target velocity as well as direction of arrival, it can bias angle
estimation and produce artefacts unless Doppler-dependent motion compensation is applied
before beamforming [33], [34], [35], [36]. After the samples are assigned to their transmit—
receive pairs, range is estimated along fast time, Doppler along slow time, and angle across the
virtual antenna channels. These processing steps produce the range—Doppler—azimuth radar

cube used by the detection methods in the remainder of this chapter.

3.1.3. Radar signal-processing pipeline

The signal-processing steps are shown in Figure 3.1. After dechirping and analogue-to-digital
conversion, the complex baseband samples are organised along three acquisition dimensions:
fast time, slow time, and antenna channel. Fast-time samples describe the beat signal within
one chirp, slow-time samples describe its evolution across repeated chirps, and the channel
dimension contains the measurements from the physical or virtual antenna elements. This
organisation preserves the information required to estimate range, radial velocity, and angle in
successive processing stages [6], [15].

The first stage converts the sampled waveforms into range—Doppler spectra. A window is
normally applied before spectral estimation to reduce leakage and sidelobes. A fast Fourier
transform (FFT) along fast time then maps the range-dependent beat frequencies to range bins,
while a second FFT along slow time maps the inter-chirp phase progression to Doppler bins.
These operations are performed for each antenna channel, producing one range—Doppler matrix
per channel. When the displacement of the ego vehicle or a target is large relative to the radar
resolution during the coherent processing interval, compensation may additionally be applied
to reduce range or Doppler migration [15].

Angle estimation follows by comparing the complex responses of the antenna channels at each
range—Doppler location. For a one-dimensional array, this stage estimates azimuth; an array
with sufficient aperture in two spatial dimensions can additionally estimate elevation. Digital
beamforming is frequently used because the steering-vector search can be implemented effi-
ciently using a spatial FFT. Combining the range, Doppler, and angular estimates produces a
radar cube whose cells contain the reflected signal power at discrete spatial and velocity coor-
dinates. In computationally constrained implementations, detection may be performed before
angle estimation so that beamforming is evaluated only for selected range—Doppler cells. This
reduces considerably the processing load, although it also prevents coherent spatial integration
from contributing to the detection SNR.
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Figure 3.1: The block diagram of the radar signal processing steps.

The detection stage converts the dense radar representation into a sparse set of target hypothe-
ses. As mentioned in previous chapters, conventional processing typically combines CFAR
thresholding with local-maximum or peak selection. Data-driven detectors provide an alter-
native by learning target structure directly from range—Doppler, range—azimuth, or range—
azimuth—Doppler representations [6], [8], [9], [37], [38]. Because most radar-cube cells cor-
respond to empty space or weak background returns, the detector output is naturally sparse.
Detected cells can be represented as an occupancy grid, but they are commonly transformed to
Cartesian coordinates and stored as a radar point cloud for subsequent processing, visualisation,
and comparison with other sensors.

Downstream perception modules can attach task-level meaning to these detections. Semantic
processing may classify or segment radar returns into road-user and infrastructure categories,
while learned radar networks can jointly estimate object locations and class confidence [39],
[40], [41]. Tracking then associates detections over time to smooth noisy estimates, suppress
short-lived false alarms, and estimate target trajectories. This stage is particularly important
for automotive radar because a vehicle or pedestrian can generate several detections rather than
a single point; tracking methods must therefore account for the spatial extent and motion of
the target [42], [43].

This thesis focuses on the detection stage: its input is the processed radar representation, and
its output is the sparse point cloud evaluated in the following chapters.
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3.2. Baseline Approaches

This thesis implements two model-driven CFAR baselines and one data-driven deep learning
baseline. As previously discussed, CA-CFAR and OS-CFAR assume a statistical distribution
for the input data, estimate its parameters from neighbouring cells, and derive a power thresh-
old for a specified probability of false alarm, Py,. Their principal advantages are low compu-
tational cost and interpretable operation. However, their assumptions become less appropriate
when targets occupy multiple cells or when the observed background does not follow the as-
sumed distribution, which is often the case in automotive radar. The deep learning baseline
instead predicts whether each cell is occupied directly from the input data. It can capture more
complex features than a fixed statistical model, but it entails greater training and computational
costs and is less interpretable.

3.2.1. CFAR

Two CFAR methods are used as baselines in this thesis: cell-averaging CFAR (CA-CFAR) and
ordered-statistic CFAR (OS-CFAR). CFAR is a conventional approach to radar target detec-
tion. Its core principle is to derive a detection threshold from locally estimated distribution
parameters while maintaining a specified Py,. The structure of a CFAR detector is shown
in Fig. 3.2 [3]. For each cell under test (CUT), guard and reference cells are defined around
the CUT. The guard cells reduce the influence of potential target-energy leakage on the back-
ground estimate. The reference cells are used to estimate the local background level. The
CFAR window slides across the input domain and performs a binary hypothesis test at each
position. The input may be one-dimensional, such as a range profile, or two-dimensional, such
as a range—Doppler map.

. ) Signal AD
Rectifier ¢ Conditioning Converter

» Data Window
! CFAR Window

A4

: é
¥ l CFAR Constant
CUT= T:-H,
* T = o+ o+ o
CUT < T: Hy ag ®

Figure 3.2: Structure of a CFAR detector. The cell under test (CUT) is compared with a threshold derived from
the local background estimate. Guard cells reduce the influence of target energy on the background estimate,
while reference cells are used to estimate the local background level [3].

The difference between CA-CFAR and OS-CFAR lies in how they estimate the background
and compute the threshold for a specified Pf,. CA-CFAR estimates the background level by
averaging the values of the reference cells [3], [17]. OS-CFAR instead uses a selected order
statistic from those cells [3], [20]. Under the assumed background-only model, the reference-
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cell power samples X; are independent and identically distributed (i.i.d.). If the complex base-
band background is circular complex Gaussian with zero mean, square-law detection yields
exponentially distributed power samples [3], [4]. For CA-CFAR, a threshold corresponding
to a specified Py, can be derived from the mean interference power. The probability density
function of the exponential distribution is:

1
7 7

where 1 denotes the mean interference power. Integrating this distribution above the threshold
T gives:

= — —=1]d .
Jopenl) o 620

The corresponding threshold is:
T =—pln(Py,). (3.22)

For a fixed design value of Py,, the threshold 7" is therefore proportional to the estimated mean
interference power L.

For OS-CFAR, the reference samples are sorted in ascending order as:
Xy < X < < Xy, (3.23)

and the k-th order statistic X () is used as the background estimate. The detection threshold
is:
T = aos X, (3.24)

where ag 1s the OS-CFAR scaling factor. Let the CUT sample Y follow the same exponential
distribution under the null hypothesis Hy. For a known value X ;) = z, the conditional false-
alarm probability is:

Pr(Y >T | Xgy = IL‘) = Pr(Y > aos® | Xy = ZL‘)

3.25
= exp(—Aaps), ( )

where A = 1/4. Because Xy is random, the overall false-alarm probability is obtained by
averaging over its distribution.

Pro0s = / exp(—Aaos) fX(k)(:c) dz. (3.26)
0

For N i.i.d. samples with cumulative distribution function F'(z) and probability density func-
tion f(z), the density of the k-th order statistic is:

(o) = k() )@= P40, 6.27)
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For exponentially distributed samples,
F(z) =1 — exp(—Az), f(z) = Aexp(—Ax). (3.28)
Substitution into Eq. (3.27) gives:

fxp (@) = k(]]:j) (1 —exp(—=Az))* ' exp[—Az(N — k +1)]. (3.29)

Using this density in Eq. (3.26) yields:

P —ﬁ N—i (3.30)
fa,08 = N—i+toaos .

=0

Thus, apg can be obtained numerically for specified values of Py, os, N, and k. OS-CFAR is
more robust to high-valued outliers because it uses a selected order statistic instead of the mean
of all reference cells. With the ascending-order convention, up to N — £ high-valued samples
can lie above X ;) without directly determining the estimate. However, OS-CFAR is more
computationally intensive because it requires ordering the reference samples and solving for
the scaling factor [20], [21]. In practice, the choice of CFARs depends on the radar application
and the characteristics of its operating environment [44], [45].

The preceding analysis relies on several assumptions that may be violated in automotive sce-
narios. Three assumptions are particularly relevant:

1. Point-target assumption. Each target in the radar field of view is assumed to occupy
approximately one resolution cell.

2. Independence assumption. The reference-cell samples are assumed to be independent
and identically distributed (i.i.d.) random variables.

3. Distribution assumption. The background data are assumed to follow a specified dis-
tribution from which a detection threshold can be derived.

The point-target assumption can be violated for several reasons. Automotive radar operates at
relatively short and varying distances from targets, so a target’s apparent size in the radar field
of view changes with its position. For example, because angular resolution varies across the
field of view, a target may occupy different numbers of cells at different angles. A distant target
may occupy a single cell, whereas a nearby target may extend across multiple cells. Moreover,
increasing radar resolution further reduces cell size and makes multi-cell target responses more
likely [5], [6]. A fixed number of guard cells may therefore fail to exclude energy leakage from
targets of varying sizes, leading to an inaccurate background estimate and target masking.

The independence assumption can also be violated in dense automotive scenarios. Truncated
and windowed FFT processing induces side-lobes from strong targets, leading to cross-cell
power leakage. These side-lobes can introduce correlations between adjacent cells, while
nearby targets can contaminate several reference cells simultaneously. Consequently, a fixed
window size may not provide a reliable background estimate across scenes with different target
densities and spatial structures.

The distribution assumption is fundamental to the detector’s ability to maintain a constant false
alarm rate. Under the model adopted here, the power of a background-only signal follows



3.2. Baseline Approaches 20

an exponential distribution. For a deterministic target return embedded in complex Gaussian
background, the target-plus-background power follows a scaled non-central chi-squared distri-
bution [3], [4], [46]. These theoretical distributions are illustrated in Fig. 3.3, and their sepa-
ration depends on the signal-to-noise ratio (SNR). Figure 3.4 additionally presents histograms
derived from the experimental RaDelft [14] dataset later used in this thesis. The target and
non-target distributions have similar shapes and overlap substantially, indicating that a single
power threshold may not separate them effectively.
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Figure 3.3: Theoretical distributions of background-only and target-plus-background power. The power of a
background-only signal follows an exponential distribution, whereas the target-plus-background power follows
a non-central chi-squared distribution.
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Figure 3.4: Empirical histograms of background-only and target-plus-background power derived from the
RaDelft dataset. The distributions overlap, indicating that a single, fixed power threshold may not separate them
effectively.
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3.2.2. Deep Learning Baseline

The deep learning baseline is based on the method proposed by Roldan et al. [6]. This base-
line was selected for three reasons. First, unlike CA-CFAR and OS-CFAR, it is an end-to-end
data-driven detector that maps radar-cube measurements directly to an occupancy-grid pre-
diction, providing a relevant learned alternative to the proposed hybrid design. Second, it
was developed and evaluated using the publicly available RaDelft dataset, which consists of
real-world synchronized automotive radar and LiDAR measurements and is therefore closely
aligned with the data setting of this thesis. Third, the network is trained with LiDAR-derived
supervision while using radar data alone at inference. This provides a controlled compari-
son because both the reproduced baseline and the proposed method can use the same data
split and LiDAR-derived training targets, while differing in how the final detection decision
is formed [6], [14], [47]. The original study presented several network variants, for exam-
ple networks without Doppler information or without elevation information. For the config-
uration without elevation information, the method takes three consecutive three-dimensional
radar cubes (range x azimuth x Doppler) as input and produces a detected point cloud. As
shown in Fig. 3.5, each frame is first processed independently by a Doppler encoder comprising
two three-dimensional convolutional layers and a three-dimensional max-pooling layer. The
encoded features then pass through a feature pyramid network [48] with a ResNet-18 back-
bone [49]. The three branches share weights, and their outputs are concatenated and processed
jointly by a temporal-coherence network comprising four three-dimensional convolutional lay-
ers. This network produces an occupancy grid for each input frame.

The architecture has two strengths that are relevant to this study. First, the Doppler encoder
preserves velocity-related information before the radar cube is reduced to a representation com-
parable with the LiDAR-derived labels. Second, the temporal-coherence network combines
three consecutive frames to capture temporal context. The ablation study by Roldan et al.
confirms that both Doppler and temporal information contribute to detection performance [6].
However, the method also has three limitations in the present setting. First, its binary output
is determined by a fixed decision threshold after training. A CFAR detector instead allows its
detection parameters to be adjusted at inference time, although this adjustment may affect the
constant-false-alarm-rate property. Second, the deep learning baseline has a relatively high
computational cost. Third, thresholding discards the distinction between confidence scores
above the selected operating point. For example, scores of 0.51 and 0.99 receive the same
binary label when the threshold is 0.5.

In this work, this baseline was reproduced using the authors’ publicly available implementa-
tion without modifying the model or training code [47]. Because pretrained weights were not
released, the model was retrained for 50 epochs using the same training, validation, and test
split as the proposed method. The checkpoint with the lowest validation loss was selected for
evaluation. Following the original implementation, the continuous network output was con-
verted into a binary occupancy grid using a decision threshold of 0.5. This value corresponds to
the conventional midpoint of a probability-like output, but it is not statistically calibrated and
cannot guarantee a specified false-alarm probability. It therefore provides a fixed operating
point for the comparison rather than the inference-time adjustability offered by the proposed
method.
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Figure 3.5: Architecture of the deep learning baseline. Three consecutive radar cubes are processed by a shared
Doppler encoder and FPN/ResNet-18 backbone. Their features are then combined by a temporal-coherence
network to predict one occupancy grid per frame. Adapted from Roldan et al. [6].
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3.3. Proposed Method

This section presents the proposed method, which combines learned background estimation
with an explicit CFAR-like detection procedure. As shown in Fig. 3.6, the network does not
directly convert the radar measurements into a binary point cloud. Instead, it predicts a con-
tinuous background-reliability map that attenuates probable target responses before the local
background is estimated. The final detections are obtained by comparing the original radar
energy with a cell-wise threshold derived from this weighted background. This design pre-
serves the confidence information contained in the continuous network output, while retaining

an interpretable and adjustable thresholding stage.
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Figure 3.6: Pipeline of the proposed hybrid detector. Max and argmax operations compress the Doppler
dimension into energy and Doppler-index maps. A U-Net predicts a background-reliability map, which
suppresses probable target cells before local background estimation and cell-wise thresholding.
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Let the normalised radar cube(divided by the global maximum power value) as the input be
denoted by:
R € RN NaxNa, (3.31)

where r € {0,...,N, —1},a € {0,...,N, — 1},and d € {0, ..., Ny — 1} index the range,
azimuth, and Doppler dimensions, respectively. In the radar configuration used in this study,
Ny = 128. Max and argmax operations along the Doppler dimension produce an energy map
and a normalised Doppler-index map as:

E.,= max R,,q4, (3.32)
0<d<Ny

D, ,= arg max I, , 4. (3.33)
Ng—1 o<a<n,

The index values are normalised before this operation, by dividing the Doppler-bin index by
Ny — 1 = 127 maps D, , to [0, 1]. The two maps are stacked to construct the Unet network
input

X = stack(E, D) € R?*Nr*Ne, (3.34)

This Doppler compression from 128 bins to two channels assumes that each range—azimuth
cell contains at most one dominant target response. Under this assumption, E, , retains the
strength of the dominant return, while D, , retains the Doppler bin associated with that return.
The representation aligns the network input with the two-dimensional range—azimuth detection
problem and avoids the cost of processing the full cube with heavier three-dimensional convo-
lutions. Its limitation is that secondary Doppler peaks are discarded. If multiple objects with
different, spread radial velocities contribute to the same range—azimuth cell, only the strongest
response is represented.

The tensor X is then processed by a U-Net, denoted by fy, which predicts
Y = fo(X) € [0, 1]V Ne, (3.35)

The network architecture is shown in Fig. 3.7. The encoder contains three feature scales. Each
scale uses convolution, batch normalisation, and rectified linear unit activation to extract spa-
tial features, while strided convolution and max pooling reduce the spatial resolution and in-
crease the number of channels. The decoder restores the resolution by bilinear interpolation.
At each decoder scale, the upsampled features are concatenated with the corresponding en-
coder features through a skip connection and refined by convolutional blocks. A final 3 x 3
convolution with one output channel is followed by a sigmoid activation. Consequently, a
large value of Y indicates that the cell is likely to represent background, whereas a small value
indicates a probable target response.

Retaining this continuous output is central to the proposed method. Direct thresholding would
assign the same binary label to all scores above the selected operating point, despite differences
in their predicted confidence. It would also make point generation depend on a network-output
threshold without an explicit connection to the local radar background. The proposed method
instead uses the continuous output to control how strongly each cell contributes to background
estimation. The final decision remains an explicit comparison between the measured radar
energy and a locally derived threshold.
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Figure 3.7: U-Net used to estimate the background-reliability map. The encoder extracts features at three
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The network is supervised using an occupancy map H € {0, 1}"~*¥ obtained by voxelis-
ing the synchronised LiDAR point cloud on the range—azimuth grid. To reduce sensitivity to
small spatial discrepancies between the radar measurements and LiDAR-derived labels, the
hard occupancy map is expanded along the azimuth dimension. In accordance with the imple-
mentation, soft labels are used, which means instead of the hard label given by LiDAR of 0
and 1, the label spreads to nearby with a Gaussian blur with kernel size 1 x 5 and standard
deviations (o,,0,) = (0.1,2.0) is applied to H. Here use 0 = 0.1 as zero to meet PyTorch
requirements. Given a vertical kernel size of 1, no vertical blurring is applied regardless of 0.
The blurred values are divided by the scaling constant W, clipped to [0, 1], and combined with
the original hard labels by element-wise maximisation:

~ H T,a
Gy = clipgy (ng5’(0'1V’IQ,'°)( E ) (336)

G, = max <Hr,a, ém> , (3.37)

where Gi5,(0.1,2.0) denotes the Gaussian-blur operator. The final target G,., € [0, 1] preserves
every original occupied cell while assigning smaller values to neighbouring azimuth cells. This
softening accommodates limited spatial misalignment without removing the original LIDAR
occupancy labels.

Because G, , represents target occupancy whereas Y, , represents background reliability, the
predicted target probability is defined as p,, = 1 — Y, ,. Focal loss is used to address the
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imbalance between occupied and background cells and to emphasise difficult samples [50]:

Nr—1 Ng—1
1 T a
Loon = =57 2 2 [0Gra(l = pro) 08(pcs) + (1= 0)(1 = Gro)pfalog(1 = pr)]

(3.38)
where a € [0, 1] balances the target and background terms, and v > 0 down-weights well-
classified cells.

The proposed network was trained for 50 epochs with a batch size of 16 on an NVIDIA Tesla
V100 GPU. Training used focal-loss parameters « = 0.95 and v = 2.0. The model was
optimised using AdamW with an initial learning rate of 10~* and a weight decay of 1074, A
cosine-annealing schedule reduced the learning rate over the 50 training epochs to a minimum
of 107%. The random seed was fixed at 42, and the checkpoint with the lowest validation loss
was selected for evaluation.

At inference, the background-reliability map is multiplied element-wise by the original energy
map:
By, =Y, iE .. (3.39)

Probable background cells remain approximately unchanged, while probable target cells are
attenuated. The resulting map BY is used directly for local background estimation. The op-
eration is not a normalised weighted average: the subsequent mean is not divided by the sum
of the reliability weights. A low value of Y, , therefore reduces the contribution of a proba-
ble target cell to the estimated background, which limits threshold inflation caused by target
contamination. The example of Y, , and B" is shown in Figure 3.8

Scene 2 | Frame 122 example
Radar Energy (dB) Network Output Y

y - Forward (m)

0 o 10
x - Lateral (m)

Figure 3.8: This figure from the left to right shows the example of original radar energy map, network output
Y, . and weighted background map BY

For each cell under test (r, a), the local background is estimated using a 5 x 5 window centred
on that cell. The centre cell is excluded, no additional guard cells are used, and reflection
padding is applied at the range and azimuth boundaries, which is to mirror the inner pixels on
the edge. Let

N ={-2,-1,0,1,2}*\ {(0,0)} (3.40)

denote the 24 relative positions in the window. The local background estimate is:

1 y
Hra =5 Y Blrwpelato) (3.41)
(u,v)eN
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where p, () and p,(-) denote reflection mappings at the two boundaries. The cell-wise thresh-
old and final detection are then defined as:

150 = NHra, (3.42)
17 Er,a > TT,CH

ra — 343
7 {Oa Er,a < Tr,m ( )

where 7 is the threshold factor, and /i, , is the estimated background level. The comparison
uses the original energy map rather than the weighted map, so the network modifies only the
background estimate and does not directly remove responses from the detection input. Varying
7 at inference adjusts the balance between detection probability and false-alarm probability
without retraining the network. The procedure is described as CFAR-like because it retains
local background estimation and an adjustable cell-wise threshold, but 7 is selected empirically
rather than derived from an assumed distribution with a guaranteed design probability of false
alarm. It is selected via a grid search over[1.0, 4.0] to maximize the average performance.

3.4. Summary

This chapter described the signal-processing foundations, comparison methods, and proposed
hybrid detector used in this thesis. CA-CFAR and OS-CFAR provide model-based baselines
with explicit local thresholding, while the reproduced deep learning detector predicts occu-
pancy directly from three consecutive radar cubes. The proposed method instead compresses
each radar cube into energy and dominant-Doppler maps and uses a U-Net to estimate a contin-
uous background-reliability map. This map modifies the local background estimate, while the
final decision compares the original radar energy with an explicit cell-wise threshold. Conse-
quently, the threshold factor can be adjusted at inference time without retraining the network.
The following chapter evaluates these methods on the RaDelft dataset and examines the con-
tribution of the principal design choices through ablation experiments.



Results and Analysis

This chapter presents the dataset used for the study, together with evaluation metrics, baseline
results, proposed method results, and ablation studies. The analysis first introduces the RaDelft
dataset and the metrics used in the experiments, then compares CFAR baselines, the deep
learning baseline identified from the literature, and the proposed method.

4.1. RaDelft Dataset

Publicly available automotive radar datasets are relatively scarce when considering datasets
designed for target detection, and therefore containing experimental data before point-cloud
generation [6], [12]. Compared to simulated datasets, real-world data retain the complex clut-
ter/interference and dense-target characteristics of real driving environments, which are diffi-
cult to model precisely. This is crucial for validating the practical performance of detection
algorithms. Among existing options, this report uses the RaDelft dataset, a publicly available
real-world multisensor automotive dataset that was collected at TU Delft [6], [14].

The RaDelft dataset contains approximately 16,975 frames of real-world driving-scene data col-
lected in Delft, Netherlands [6], [14]. The sensor suite is jointly calibrated and time-synchronized,
consisting of radar, LIDAR, camera, and odometry sensors; its cross-sensor extrinsic calibra-
tion follows the joint calibration framework described by Domhof et al. [51]. The radar data
are provided at multiple processing stages, including raw Analog-to-Digital Converter (ADC)
data, radar cubes after range, Doppler and angle estimation, and point clouds, allowing detailed
analysis of the signal processing pipeline.

The radar system is a Frequency-Modulated Continuous-Wave (FMCW) radar operating in
a MIMO configuration. It uses 12 transmitters (Tx) and 16 receivers (Rx), forming a virtual
array of 192 elements in total. The topology of the virtual array is shown in Figure 4.1. With 86
elements in the azimuth direction, this large aperture provides a theoretical angular resolution
of 1.33° at boresight. However, the array is sparse in the elevation direction, which limits
elevation resolution and can create artefacts in its estimation. Therefore, this thesis focuses
on 2D detection without considering elevation. The waveform parameters are configured with
a start frequency of 76 GHz and an effective bandwidth of 750 MHz, yielding a theoretical
range resolution of 0.2 m. The system operates in a Time-Division Multiple Access (TDMA)
mode [6]. The final processed radar cubes have dimensions of 512 x 128 x 256 x 2 (range

28
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Figure 4.1: Antenna array topology for the radar used to collect the RaDelft dataset.

x Doppler x azimuth x [elevation index, power]). In the experiments, the elevation cube is
discarded because of the sparsity of the elevation dimension, and the power cubes (512 x 128 x
256) are used as the input.

Before presenting the experimental results, two limitations of the dataset should be mentioned.
First, the maximum unambiguous Doppler velocity is very low, at only 2.48 m/s, due to the
TDMA scheme with many transmitters [34], [35]. Although the dataset authors mention a
method to extend this range, it was not applied in the provided dataset. This is because the
experiments in this thesis do not require precise Doppler information, hence this approach was
not implemented here. Second, a residual mismatch remains between the sensors, although
they have been calibrated. The radar captures signals and echoes in its field of views almost
instantaneously, while the LiDAR scans its field of view by rotating. This causes a position
mismatch for moving objects, because they move while the LiDAR is still scanning. This error
depends on the LiDAR rotation direction and the object’s speed. Due to the lack of a simple
and suitable correction, this issue is left for future work. The Figure 3.4 mentioned in chapter 3
showes the overlapped data of target and non-target. This overlap could potentially caused by
the misalignment of LiDAR and radar data, the presence of extended targets, or the presence
of dense scenes with multiple targets.

4.2. Performance Metrics

To evaluate the experimental results, this thesis uses both accuracy-oriented and efficiency-
oriented metrics. For detection accuracy, the main metrics are probability of detection (Fy),
probability of false alarm (FPy,), and Chamfer Distance (CD). For target-level detection, P,
and Py, are used. P,; measures the ratio of ground-truth targets correctly identified by the
radar, while P, indicates the false-positive rate. They are calculated here as follows:

TP p __FP
T TP+FN T TNY¥FP

where T'P, F'P, FFN,and T'N represent true positives, false positives, false negatives, and true
negatives, respectively.

Py

However, these binary metrics have a significant limitation in the context of our dataset. As
noted in the previous section, the time-synchronization mismatch between the radar and the
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scanning LiDAR can cause slight position shifts. In the P, calculations, if a detection shifts
even slightly due to sensor mismatch, it is counted as a miss on the occupancy grid, causing
the P, score to drop sharply despite the detection being physically close.

To address this, CD is used as a complementary performance metric [6], [52]. Unlike the
binary nature of P;, CD measures the spatial similarity between the predicted radar point set
(Sprea) and the ground-truth set from LiDAR (S,;). Differ from the definition that calculates
the average squared distance from each point in one set to its nearest neighbor in the other
set. Here used in this thesis it calculates the average distance from each point in one set to its
nearest neighbor in the other set without square, the formula is as follows:

1 1

CD(S Spt) = —— E i — — E i — .

( pred gt) |Sp7~ed| < yrgé{]lt ||$ ?J||2 + |Sgt| - mglgiid ||y $||2
€ pred ) gt

Here, Sp,.q represents the predicted point cloud, S,; represents the ground-truth point cloud,
and = and y represent points in the predicted and ground-truth point clouds, respectively.

This “soft” metric is more robust to the slight spatiotemporal errors inherent in the dataset.
It focuses on the overall structural alignment rather than a strict hit-or-miss binary threshold,
providing a fairer evaluation of the spatial performance of radar-detected point clouds. Nev-
ertheless, CD is not without flaws. Since it relies on squared Euclidean distance, it is highly
sensitive to outliers; a single noise point far from the target can disproportionately inflate the
error. Furthermore, it focuses solely on the nearest neighbor distance, meaning it does not
account for the density distribution of the points. For now, this report uses CD in conjunction
with P and Py, to provide a broader view of performance. However, neither set of metrics is
entirely ideal for this specific sensor setup. While F; and Py, are too rigid to handle sensor
synchronization errors, CD is too vulnerable to noise and outliers. This trade-off highlights
a limitation in current evaluation methods for asynchronous radar-LiDAR systems. Conse-
quently, future research should aim to develop specialized metrics that tolerate slight temporal
misalignments while remaining robust to noise and point-density variation.

In addition to accuracy-oriented metrics, computational cost is also evaluated. Real-time pro-
cessing is essential in automotive scenarios, because Advanced Driver Assistance Systems
(ADAS) must collect information and make decisions with low latency. Moreover, modern
ADAS algorithms often run on edge devices, whose computational capacity is limited com-
pared with desktop CPUs or GPUs. Therefore, the number of parameters and Floating-Point
Operations (FLOPs) are introduced as model-efficiency metrics. The number of parameters
approximates the model size that must be loaded, while FLOPs estimate the number of arith-
metic operations required for one forward pass at inference. Compared with runtime per frame,
which can vary substantially across hardware platforms, these metrics provide a more device-
independent estimate of computational cost. The FLOPs and parameter counts were estimated
in this work using the thop package [53].

4.3. Baseline Results

The overall results are shown in Table 4.1 using the metrics introduced in the previous sec-
tion. The table compares four methods under the same training and testing configuration. For
threshold-based methods, the reported values use the threshold factor that achieved the lowest
CD for the corresponding configuration tuned based on the testing data. The proposed method
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Figure 4.2: Overall point-cloud comparison. In the top left corner is the camera image, and in the top right
corner is the radar energy map in XY view. The second row from the left to the right shows the point clouds
generated by CA-CFAR, the proposed method, and Roldan et al. [6] respectively, as well as the LiDAR ground
truth.

achieves the lowest CD, indicating the best spatial alignment with the LIDAR ground truth.
Compared with the CFAR baselines, the proposed method improves P;, Py,, and CD. Com-

pared with the deep learning baseline, it has a lower F; but also a substantially lower Py, and
computational cost.

Table 4.1: Overall results for the baselines and the proposed method. The values are mean values over all the
samples of the test dataset. The CA-CFAR and OS-CFAR and proposed method results here are shown with the
best configurations, threshold factor and number of training cells and guardcells.

Method ‘ Py (%) Py, (%) CD(m) Parameters FLOPs
CA-CFAR 22.84 10.93 3.19 / 30.1M
OS-CFAR 16.47 8.04 3.29 / 114.8M

Roldanetal. [6] | 83.47  21.70 1.60 13.442M  131.66G
Proposed 42.95 5.00 1.36 0.87M 10.58G

In addition to the quantitative metrics, an overall visualization is shown in Figure 4.2. A single
frame from Scene 2 is shown as an example, with the camera image and radar energy map in the
XY view in the upper row, and the point clouds generated by CA-CFAR, the proposed method,
Roldan et al. [6] respectively, as well as the LIDAR ground truth in the second row. This
visualization illustrates representative differences between the methods. CA-CFAR generates
many scattered points across the field of view, without forming clear object shapes. In contrast,
the deep learning baseline generates denser point clouds, but the detected shapes are spatially
inflated and essentially overestimated.

The following subsections discuss the CFAR baselines, the deep learning baseline, and the
proposed method in more detail.
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4.3.1. CFAR Baselines

This subsection reports the CFAR baseline results under different training-cell and guard-cell
configurations. Table 4.2 shows the results of CA-CFAR and OS-CFAR under different con-
figurations. Here, T' denotes the number of training cells and G denotes the number of guard
cells. For example, 7" = 5 means that five training cells are used around the cell under test, and
GG = 5 means that five guard cells are excluded around it. The experiments focus on CA-CFAR
and OS-CFAR because CA-CFAR is used as part of the proposed method, while OS-CFAR is
a widely used CFAR variant [16], [21]. Therefore, these two methods provide representative
classical baselines without reporting every CFAR variant. The results show that changing the
CFAR configuration affects performance, but does not resolve the main limitation. All CFAR
configurations produced low Fy, relatively high P,, and high CD. CA-CFAR with T = 5 and
G = 5 achieved a higher P; than CA-CFAR with 7" = 5 and G = 0, but this came with a
higher Py,. Similarly, OS-CFAR varied across configurations, but none of the tested settings
reduced the CD below 3 m.

Table 4.2: CFAR results under different configurations. 7" denotes the number of training cells and G denotes
the number of guard cells. Each result is reported using the threshold factor that achieved the best CD.

Method | Py (%) Pro (%) CD(m) FLOPs

CA-CFAR (T'=5,G=5) | 22.84 10.93 3.19 30.1M
CA-CFAR (T'=5,G =0) | 13.89 8.26 3.24 54.1M
CA-CFAR (I'=9,G =0) | 1895 9.73 3.22 58.9M
OS-CFAR (T'=5,G =5) | 16.47 8.04 329 114.8M
OS-CFAR (T'=5,G=0) | 5.19 3.02 3.58  3349M
OS-CFAR (T'=9,G' =0) | 11.30 5.83 342  3822M

After the quantitative comparison, Figure 4.3 shows the point clouds generated by four CFAR
configurations. The first row shows from left to right the camera image, radar energy map
and LiDAR point cloud in XY view, while the second row shows the CFAR point clouds.
The visualization further shows that parameter tuning alone does not make the CFAR outputs
geometrically reliable. Across the tested configurations, the point clouds remain sparse or
scattered. This is consistent with the high CD values in Table 4.2, which indicate poor spatial
alignment with the LIDAR ground truth.

Figure 4.4 and Figure 4.5 show good and bad frame examples for the best CA-CFAR and OS-
CFAR configurations, with 7' = 5, G = 5, and a = 1.5. The good/bad frames were selected
according to their CD values, with the best frame having the lowest CD and the worst frame
having the highest CD. Even in the best examples, the generated point clouds are sparse and
do not accurately represent target shapes. In the worst examples, the point clouds are scat-
tered and fail to capture meaningful structure. The visual and quantitative results consistently
indicate that the CFAR baselines are limited in automotive scenarios. They are interpretable
and tunable, but they struggle to generate dense and geometrically accurate point clouds, as
reflected by their low Py, relatively high Py,, and high CD values. This behaviour is consistent
with the limitations discussed for dense and non-homogeneous automotive scenes: targets are
often extended, their apparent size changes with range and viewing direction, and target and
clutter responses may not be well separated by a single power threshold. These limitations
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Figure 4.3: Point-cloud comparison of four CFAR configurations for an example of data frame. CFAR point

clouds are shown in the second row.

motivate methods that retain explicit threshold control while using learned features to improve

the target representation.

Figure 4.6 shows a bar plot with the frame-level CD values for CA-CFAR across the test scenes.
This plot makes the variation across frames visible, rather than only reporting one single mean

value as in Table 4.2.
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(a) Example point cloud of a good frame generated by CA-CFAR
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(b) Example point cloud of a bad frame generated by CA-CFAR

Figure 4.4: Example point clouds generated by CA-CFAR under the configuration 7' =5, G = 5, and o = 1.5.
The frames are selected according to their CD values. Good frames are selected based on the lowest CD values,
while bad frames are selected based on the highest CD values.
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Figure 4.5: Example point clouds generated by OS-CFAR under the configuration 7' =5, G = 5, and o = 1.5.
The frames are selected according to their CD values.
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Figure 4.6: Bar plot of CD for all test frames using CA-CFAR with 7 = G = 5 and a = 1.5.

4.3.2. Deep Learning Baseline

This subsection reports the results of the deep automotive radar detector proposed by Roldan et
al. [6] and re-implemented as part of this thesis work. Figure 4.7 shows the CD distribution of
the deep learning baseline across all test frames. The bar plot indicates that most frames have
lower CD values than the CFAR baselines, showing the advantage of data-driven detection for
spatial point-cloud generation.

The qualitative examples in Figure 4.8 show the main limitation of this baseline. Although it
achieved the highest P, in Table 4.1, its point clouds are often spatially inflated and overesti-
mated in terms of extension, which is consistent with its higher Pr,. Some generated points
also appear in regions without clear radar-energy support, making the detections difficult to
interpret from the radar measurement alone. This suggests that the deep learning baseline im-
proves detection density and spatial alignment, but it does so with more false positives, limited
post-training control over the operating point, and substantially higher computational cost.

Chamfer distance
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Figure 4.7: CD bar plot for all test frames using the deep learning baseline proposed by Roldan et al. [6].
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(b) Example point cloud of a bad frame generated by the deep learning baseline

Figure 4.8: Point clouds of good and bad frames generated by the deep learning baseline. The first row is the
camera and point cloud generated by network in XY view. The second row from left to right is the LIDAR point
cloud and the True Positives, False Positives and False Negatives points of network.
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4.3.3. Summary of Baseline Results

The baseline results reveal two complementary limitations. The CFAR baselines are inter-
pretable and adjustable, but their point clouds remain sparse and geometrically inaccurate in
dense automotive scenes. The deep learning baseline generates more complete point clouds
and achieves the highest P;, but this comes with spatially inflated detections, higher Ps,, lim-
ited interpretability, and much higher FLOPs. These observations motivate a detector that
combines learned radar features with an explicit threshold factor «, so that the final operating
point can still be adjusted after training.

4.4. Proposed Method Results

This section presents the results of the proposed method using the same metrics as the base-
lines. For each threshold-based configuration, the reported operating point uses the « value
that achieved the lowest CD for that experiment. The goal of the proposed method is not to
maximize Py alone, but to produce cleaner point clouds with low CD, controlled Ps,, lower
FLOPs, and an adjustable threshold factor.

Figure 4.9 shows two example frames with relatively low and high CD values. For the low-CD
frame, the point clouds generated by the proposed method are more compact and better aligned
with the LiDAR ground truth than those generated by CFAR, while avoiding the spatially
inflated appearance of the deep learning baseline. For the high-CD frame, the generated points
differ substantially from the LiDAR points. This difference may arise partly from physical
differences between the sensors, as some responses may be detected only by radar. Moreover,
radar can exhibit strong sidelobes in the presence of strong targets. For targets at high elevation,
these sidelobes may be detected as false-positive points, consistent with the ring-like detections
reported for CFAR processing on RaDelft [6]. Furthermore, the proposed method was trained
on a limited dataset and may not generalise well to all scenarios, especially those that are
underrepresented in the training data. This limitation could lead to poor performance on certain
frames and higher CD values.

The ROC curve comparison in Figure 4.10 shows how changing « affects the trade-off between
P, and Py,, and demonstrates that the proposed method provides a better operating curve than
CA-CFAR when considering an average of P; and P, for all frames of the test Scenes 2 and
6.

Figure 4.11 shows in a bar plot that most frames have relatively low CD. The violin plots in
Figure 4.12 and Figure 4.13 show that the proposed method has a lower median CD and a
narrower interquartile range than both CA-CFAR and the deep learning baseline, indicating
more consistent performance of spatial accuracy across frames.
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(a) Example point cloud of a good frame generated by the proposed method

Scene: 6 | Frame: 2276
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(b) Example point cloud of a bad frame generated by the proposed method

Figure 4.9: Point clouds of good and bad frames generated by the proposed method. In the first row is the
camera and radar energy map in XY view. In the bottom row from left to right are network output, final
generated point cloud and LiDAR point cloud.
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Figure 4.10: ROC curve comparison between CA-CFAR and the proposed method on test Scenes 2 and 6. The
curve shows method performance in terms of P; and Py, under different threshold factors. The factors are
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Figure 4.11: Bar plot of CD for the proposed method on the test scenes, with 4080 frames in total.
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Figure 4.12: Violin plot of the proposed method versus CA-CFAR. The IQR is the CD range from the 25th to

the 75th percentile.
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Figure 4.13: Violin plot of the proposed method versus the deep learning baseline. The IQR is the CD range
from the 25th to the 75th percentile.
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4.4.1. Backbone analysis

Different U-Net variants were evaluated for the proposed method to assess their behaviour in
this task. Table 4.3 shows the results. As network depth and the corresponding level of ex-
tracted features vary between architectures, the default number of layers was selected for each
network to enable a fair comparison. U-Net++ and U-Net 3+ achieve slightly higher P; and
lower CD than the original U-Net, but they also have higher P, and significantly more param-
eters and FLOPs. This indicates that while these variants can improve detection performance,
they do so at the cost of increased computational complexity. To balance performance and
efficiency, the original U-Net is selected as the preferred backbone for the proposed method
in this study.

Table 4.3: Results for different U-Net variants using the default number of layers reported in the original
papers [54], [55], [56]. A different layer configuration is used in the final results.

Method ‘Pd (%)  Pfq (%) CD(m) Parameters FLOPs

U-Net[54] 47.89 5.72 1.472 14318M  19.722G
U-Net++[55] | 49.74 6.09 1.432 15.656M  42.14G
U-Net 3+[56] | 51.63 6.39 1.437 21.393M 245G

4.4.2. Ablation Study

To verify the effectiveness of the proposed method, an ablation study is conducted. The study
evaluates different U-Net variants, U-Net depths, and soft target mechanism.

Table 4.4 compares different U-Net depths. Here, the level denotes the number of feature scales
in the U-Net. For example, a 2-level U-Net contains one downsampling and one upsampling
operation. Increasing the depth from 2 to 4 levels improves Py, but also increases Py, and com-
putational cost. In terms of CD, the 3-level U-Net achieves the best result, indicating that this
depth provides the best balance between spatial accuracy and efficiency for this detection task.
Increasing the network depth further does not improve the overall behavior, possibly because
the more complex networks become more sensitive to the training data. This is consistent with
Figure 4.14: the training loss decreases as the depth increases, while the validation loss first
decreases and then increases for deeper networks. Therefore, a 3-level U-Net is selected as the
backbone for the proposed method.

Table 4.4: Results for different U-Net depths. Level denotes the number of feature scales in the U-Net. Here
the 3-level version is used for the final implementation as it achieves the best CD.

Method ‘ Py (%) P, (%) CD(m) Parameters FLOPs

2-level | 40.99 6.08 1.453 0.2M 5.99G

3-level | 42.95 5.05 1.359 0.87M 10.58G
4-level | 49.69 6.61 1.437 3.56M 15.15G
S-level | 47.89 5.72 1.472 15.656M  19.722G

After the network architecture ablation, Table 4.5 evaluates the effect of soft targets mentioned
in 3.3. Compared with hard targets, soft targets improve CD from 1.397 to 1.359 and increase
P, from 36.95% to 42.95%. The increase in Py, from 4.07% to 5.05% indicates that the softer
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Figure 4.14: Validation loss and training loss for different U-Net depths, whose performance is analyzed in
Table 4.4

supervision activates a broader spatial region around each target. This trade-off is consistent
with the intended role of soft targets: they provide more tolerant spatial supervision under
radar-LiDAR mismatch, improving spatial alignment while slightly increasing false positives.

Table 4.5: Comparison of soft and hard targets with focal loss.

Method | Py (%) Pra (%) CD (m)

Soft target + focal loss | 42.95 5.05 1.359
Hard target + focal loss | 36.95 4.07 1.397

4.4.3. Leave One Scene Out experiment

Finally, a leave-one-scene-out experiment is conducted to evaluate how the proposed method
generalizes across scenes. The results are shown in Table 4.6. Each row reports the best « for
that split, selected according to the lowest CD under the corresponding experiment. Therefore,
this table evaluates best-case spatial accuracy performance for each unseen scene, rather than
comparing all scenes at one fixed threshold.

The CD values range from 1.245 to 1.485, showing that the proposed method does not suffer
catastrophic spatial degradation when tested on unseen scenes. However, the balance between
P, and Py, varies substantially across scenes. Scene 3 has the highest CD and low F; with low
Py, which indicates a conservative or under-detection case. Scene 1 has the highest F; and
highest Py, while still maintaining a relatively low CD, indicating a more aggressive detection
case. Scene 5 achieves the lowest CD, but with a moderately high Py,, suggesting good spatial
alignment with more activated detections. Fig4.15 shows a clearer CD comparison in different
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Table 4.6: Best-a leave-one-scene-out results. Each row reports the operating point with the lowest CD for that
split.

Training scenes | Testing scenes | Py (%) P, (%) CD (m)

1,3,4,5,7 2,6 42.95 5.05 1.359
2,3,4,5,6,7 1 61.13 12.50 1.346
1,3,4,5,6,7 2 39.30 3.72 1.409
1,2,4,5,6,7 3 32.54 3.77 1.485
1,2,3,5,6,7 4 42.78 6.08 1.433
1,2,3,4,6,7 5 55.83 8.12 1.245
1,2,3,4,5,7 6 53.75 8.68 1.323
1,2,3,4,5,6 7 44.47 6.74 1.381
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Figure 4.15: Leave-one-scene-out CD bar plot. The bars show the best-a. CD values for each
leave-one-scene-out configuration, with the corresponding testing scenes indicated. Each value is the average
across the corresponding test scenes; red indicates a value above the overall average, whereas yellow indicates a
value below it.

scenes by bar plot, where the red bars are scenes above the average CD and yellow bars are
the scenes below the average CD. These results show that the best operating point is scene-
dependent. Future work could therefore use scene-adaptive a selection or validation-based
threshold tuning instead of using a single fixed threshold across all scenes.

4.5. Summary

This chapter evaluated the proposed hybrid detector against CA-CFAR, OS-CFAR, and the
deep learning detector of Roldan et al. [6] on the RaDelft dataset. The results showed that the
CFAR baselines retained explicit threshold control but produced sparse and spatially inaccurate
point clouds across the tested configurations. The deep learning baseline achieved the highest
detection probability, with P; = 83.47%, but also produced the highest false-alarm probability,
with Py, = 21.70%, and required substantially greater computational resources.
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The proposed method achieved the lowest Chamfer Distance of the evaluated methods, reduc-
ing CD to 1.36 m compared with 3.19 m for CA-CFAR, 3.29 m for OS-CFAR, and 1.60 m for
the deep learning baseline. It also reduced the measured P, to approximately 5.0%, although
its P; of 42.95% remained below that of the deep learning baseline. The ablation experiments
identified the three-level U-Net as the most favourable balance between spatial accuracy and
computational cost, while soft targets improved spatial alignment at the expense of a moderate
increase in false alarms. Finally, the leave-one-scene-out experiments produced CD values
between 1.245 and 1.485m, indicating broadly similar best-case spatial performance across
unseen scenes, although the preferred balance between F; and Py, remained scene-dependent.
Overall, the results support learned background-reliability estimation as a means of improving
local threshold-based radar detection while retaining post-training control over the operating
point.



Conclusion and Future Work

5.1. Conclusion

This thesis investigated whether learned, data-dependent background weighting can mitigate
the limitations of fixed-window CFAR detection while retaining an explicit and adjustable
local thresholding stage. Classical CFAR detectors provide interpretable decisions and low
computational cost, but their fixed reference-cell rules are poorly suited to dense automotive
scenes in which targets are extended and the background is non-homogeneous. Fully learned
detectors can model more complex radar features, but may require substantially greater com-
putation and provide less control over the final operating point after training. To bridge these
approaches, this thesis proposed a hybrid detector in which a U-Net predicts a continuous
background-reliability map and a CFAR-like procedure uses this map to construct cell-wise
detection thresholds.

The principal contribution of the proposed method is therefore not the direct replacement of
threshold-based detection with a neural network. Instead, the network learns which range—
azimuth cells should contribute to the local background estimate. Probable target cells are
attenuated before the background is averaged, thereby limiting threshold inflation caused by
target contamination, while the original radar energy remains the input to the final decision.
This separation preserves an explicit relationship between the measured radar response, the
estimated local background, and the resulting detection. It also allows the threshold factor to
be changed at inference time without retraining the network.

The three objectives defined in Chapter 1 were addressed under a common experimental setting
on the RaDelft dataset. First, CA-CFAR, OS-CFAR, and a deep learning detector were estab-
lished as representative baselines. The CFAR experiments showed that changing the reference
and guard-cell configurations altered the balance between detections and false alarms but did
not overcome the poor geometric correspondence of their generated point clouds. The deep
learning baseline generated denser point clouds and achieved the highest probability of detec-
tion, but its outputs were often spatially inflated and were associated with a higher false-alarm
probability and substantially greater computational cost. These results exposed the comple-
mentary limitations that motivated the hybrid design.

Second, the proposed detector combined a compact two-channel representation of radar en-

47
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ergy and dominant Doppler index with learned background-reliability estimation and local
thresholding. Third, the overall comparison and ablation experiments evaluated both the re-
sulting performance and the main architectural choices. As reported in Table 4.1, the proposed
method achieved a CD of 1.36 m, compared with 3.19 m for CA-CFAR, 3.29 m for OS-CFAR,
and 1.60 m for the deep learning baseline. It also achieved a measured Py, of approximately
5.00%, while the corresponding values were 10.93%, 8.04%, and 21.70%, respectively. The
proposed method did not maximise every metric: its P; of 42.95% remained below the 83.47%
achieved by the deep learning baseline. Its advantage instead lay in the combined operating
characteristics of lower geometric error, fewer false alarms, post-training threshold adjusta-
bility, and lower model complexity. The final three-level U-Net contained 0.87 million pa-
rameters and required 10.58 GFLOPs, compared with 13.442 million parameters and 131.66
GFLOPs for the deep learning baseline.

While ablation study validate the efficacy of network structure choices, the cross-scene evalua-
tion highlights the robustness of the final framework in realistic settings. Leave-one-scene-out
validation firmly confirms the generalization capability of the model across unseen environ-
ments, achieving resilient point cloud quality across diverse test scenarios. At the same time,
the observed variability in detection and false alarm trade-offs reveals that the method’s ideal
operating point is sensitive to environmental context, suggesting that adaptive thresholding is
a key consideration for deployment.

Taken together, these findings suggest that the reliability of the cells used for background esti-
mation is a central design consideration for automotive radar detection. Fixed CFAR windows
determine this reliability in advance, whereas the proposed method makes it dependent on the
observed radar features. The results further indicate that learning need not replace the com-
plete detection rule: it can instead support the part of a structured detector that is most difficult
to specify with a fixed model. Within the evaluated setting, this hybrid organisation provides a
useful balance between data-dependent feature extraction and an explicit, adjustable decision
procedure.

Several limitations should be considered when interpreting these conclusions. The experiments
used only the RaDelft dataset and focused on two-dimensional range—azimuth detection, so the
results do not establish generalisation to other radar configurations, locations, or environmen-
tal conditions. The LiDAR-derived labels are an imperfect proxy for radar target visibility
because the two sensors have different physical responses and acquisition processes. Resid-
ual temporal and spatial misalignment can therefore affect both training and evaluation. In
addition, the max—argmax compression retains only the dominant Doppler component in each
range—azimuth cell, and the fixed 5 x 5 neighbourhood still imposes a predefined spatial scale
on background estimation. The reported procedure is consequently CFAR-like rather than a
statistically calibrated CFAR detector: its threshold factor is selected empirically and does
not guarantee a specified design probability of false alarm. Finally, neither strict occupancy-
grid metrics nor CD fully resolves the evaluation difficulties caused by cross-sensor mismatch,
outliers, and differences in point density.

Overall, this thesis shows that learned background-reliability estimation is a promising alter-
native to either fixing the reference set entirely in advance or replacing the detection rule with
an end-to-end network. On RaDelft, the resulting detector improved geometric point-cloud
quality and false-alarm performance over the evaluated CFAR baselines, while requiring sub-
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stantially less computation than the evaluated deep learning baseline. Its remaining limitations
identify concrete directions for improving supervision, adaptivity, statistical calibration, and
external validity.

5.2. Future Work

There are few potential directions that can be considered as future work.

1. The most immediate direction is to improve the ground truth used for supervision and
evaluation. LiDAR provides detailed spatial measurements, but it is only a proxy for
radar target visibility. The rotating LIDAR acquires a scene over time, whereas the radar
measurements used in this thesis represent a much shorter acquisition interval. Moving
objects can consequently appear at different positions in the two sensor representations
even after extrinsic calibration. Moreover, differences in penetration, reflectivity, angu-
lar response, and sensitivity mean that an object or surface visible to one sensor is not
necessarily represented in the same way by the other. Future work could compensate for
the temporal offset using LiDAR scan timing, vehicle odometry, and estimated object
motion, and could represent the residual alignment uncertainty explicitly in the train-
ing targets. Sensor-aware labels that distinguish geometric occupancy from expected
radar visibility may provide a more appropriate supervisory signal than treating every
LiDAR point as an equally valid radar target. second direction is to make the remain-
ing fixed components of the proposed detector adaptive. In the current evaluation, the
threshold factor is selected using aggregate validation performance and the local back-
ground is computed with a fixed 5 x 5 window. The leave-one-scene-out results indi-
cate that the favourable balance between F; and Py, changes across scenes, suggesting
that one global threshold factor may not be optimal for every frame or operating condi-
tion. A future detector could predict a frame-level or region-level threshold factor from
summary features using a small auxiliary network, or calibrate the factor against an ex-
plicit false-alarm objective. The reference geometry could similarly be extended through
multi-scale windows, range-dependent windows, or a learned neighbourhood selection
mechanism. Such extensions should retain the explicit detection stage and should be
evaluated not only for accuracy but also for calibration, stability, and computational
cost.

2. The statistical model underlying automotive radar detection also warrants further study.
Classical target and background models were developed for settings that do not neces-
sarily reflect the long-tailed interference, dense clutter, extended targets, sidelobes, and
rapidly changing local statistics encountered in road scenes. The results of this thesis
show that fixed power-based models and fixed reference rules are insufficient in the eval-
uated data, but they do not identify a complete replacement distribution. Future work
could therefore characterise background and target responses conditionally on range,
Doppler, scene type, and local spatial context. A model that combines such conditional
statistics with learned reliability estimates may make it possible to derive thresholds with
better calibrated false-alarm behaviour, rather than selecting the threshold factor solely
from empirical performance.

3. Evaluation should be extended beyond the present dataset and metric set.

» Cross-dataset experiments are required to further verify the generalization of the
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method, which is to determine whether the learned background-reliability repre-
sentation transfers across different dataset with different radar hardware, antenna
geometries, resolutions, locations, and weather conditions.

* The current suite of evaluation metrics could be further expanded. While P; and
Py, measure cell-wise detection capability and CD evaluates the spatial accuracy
of the point clouds, they do not adequately capture point cloud density and inflation
under minor spatio-temporal misalignments. Potential directions include exploring
target-level matching criteria, robust point-set distance metrics, and uncertainty-
aware occupancy representations. Finally, the efficiency indicated by parameter
counts and FLOPs should be verified through deployment on representative auto-
motive edge hardware, with measurements of runtime, memory use, latency, and
energy consumption.

5.2.1. Alternative Directions Explored During This Study

Two preliminary directions considered during this study further clarify the importance of ac-
curate supervision. Because targets and background cannot be separated using power alone,
the first research activity attempted to learn a latent representation in which the background
response of each cell followed a prescribed distribution. Under this formulation, each radar
cell was mapped to a multidimensional vector and distributional constraints, such as Kullback—
Leibler divergence or Wasserstein distance, were considered as a means of regularising back-
ground samples. A threshold derived in this latent space could, in principle, connect learned
feature separation with an explicitly controlled false-alarm probability. In practice, this direc-
tion did not produce a sufficiently stable separation to be developed into the final method. A
likely obstacle was that inaccurate or sensor-inconsistent labels assigned some radar responses
to the wrong class, making it difficult to impose a coherent background distribution. This
direction may become more viable with improved radar-specific labels, uncertainty-aware su-
pervision, and a systematic study of whether the assumed latent distribution is appropriate.

The second preliminary direction attempted to filter LIDAR-derived labels that were unlikely
to correspond to radar-visible targets. The filter combined object height with the peak-to-
average ratio across the Doppler dimension. Height was used conservatively so that low ob-
stacles relevant to vehicle safety were retained, while the Doppler peak-to-average ratio was
intended to identify cells without a distinct radar response. This procedure removed some
vegetation-related LiDAR points while preserving much of the principal vehicle and infras-
tructure structure, but it did not yield a consistent improvement across the evaluation metrics.
The experiment illustrates that label cleaning based on hand-designed rules can exchange one
form of mismatch for another: removing sensor-inconsistent labels may also discard weak but
valid radar targets or alter the density of the reference point cloud. A more rigorous continu-
ation would compare the filtered and unfiltered labels under controlled ablations, analyse the
removed points by object type and range, and replace hard filtering with probabilistic radar-
visibility weights where possible.

These exploratory directions converge on the same broader requirement. Further progress
depends not only on a more expressive detector, but also on a clearer definition of what con-
stitutes a radar target and how that definition should be represented by another sensing modal-
ity. Better-aligned and radar-aware supervision would support adaptive threshold selection,
learned reference geometries, latent statistical modelling, and more reliable cross-dataset eval-
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uation. These developments could move the current hybrid design from empirically adjustable
CFAR-like detection towards a detector whose adaptability and false-alarm behaviour are both
measurable and statistically interpretable.
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