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Abstract

Automotive radar is robust to adverse weather and illumination conditions,
but its sparse, noisy, and not always spatially accurate measurements make
dense occupancy estimation challenging. This thesis investigates light detec-
tion and ranging (LiDAR)-supervised radar-based first-return occupancy grid
mapping on a polar range–azimuth grid. Radar is used as the sole input modal-
ity during inference, while synchronized LiDAR point clouds are processed into
radar-aligned supervision representing visible free space, the nearest occupied
boundary, and the unknown region behind it.

The proposed framework formulates occupancy estimation as an azimuth-
wise first-return prediction problem rather than independent cell-wise classifi-
cation. The complete range–Doppler–azimuth (RDA) radar cube is processed
using a Range–Azimuth-Preserving Doppler Spectrum Encoder with parallel
multi-scale Doppler-only branches, followed by a U-Net 3+ prediction backbone.
The predicted first-return distribution is rendered into a visibility-consistent
three-state occupancy grid. Training combines a Lovasz-based occupancy ob-
jective with a smoothed cumulative distribution function (CDF)-L1 boundary
loss. Radar-aware azimuth weighting and causal temporal feature fusion are
further investigated as controlled extensions.

Experiments are conducted on the RaDelft dataset using a scene-level train,
validation, and test split. The proposed single-frame baseline achieves a free-
space intersection over union (IoU) of 0.79, an unfree-space IoU of 0.82, a
mean IoU (mIoU) of 0.80, and a first-return mean absolute error (MAE) of
5.38 m. It outperforms an odometry-compensated multi-frame inverse sensor
model and a RaDelft-adapted PolarNet reference taken from the literature.
Additional experiments show that retaining the complete Doppler spectrum
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is more effective than fixed mean or maximum aggregation. The proposed
Doppler encoder provides accuracy comparable to a reference encoder from the
literature, but at lower computational cost.

Overall, the results demonstrate that structured first-return prediction from
full Doppler-resolved radar measurements provides an effective approach to
LiDAR-supervised polar occupancy mapping, with the single-frame full-RDA
model offering the most favourable accuracy–efficiency balance among the eval-
uated full-RDA configurations.
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Chapter 1

Introduction

1.1 Background and Motivation

Reliable perception of the surrounding environment is a fundamental requirement for
autonomous driving. An autonomous vehicle must continuously reason about the
spatial layout around itself in order to support safe navigation, motion planning,
and collision avoidance. This requires not only detecting individual objects, but
also understanding which spatial regions are visible, free, occupied, or not directly
observable.

Occupancy grid mapping (OGM) provides a structured representation for this
task by discretizing the environment into spatial cells and assigning an occupancy
state to each cell. Classical occupancy grid mapping has been widely used in mo-
bile robotics to represent uncertain spatial information from range-sensor measure-
ments [21, 8]. In autonomous driving, occupancy grids remain useful because they
provide information about both obstacles and available free space, which is essential
for scene understanding and planning [23]. Compared with object-level representa-
tions such as bounding boxes or sparse detections, an occupancy grid can describe
irregular obstacle shapes, partially visible structures, and regions that do not belong
to predefined object categories.

Automotive perception systems commonly rely on multiple sensing modalities,
including cameras, LiDAR, and radar [36, 3]. Cameras provide dense appearance in-
formation, but their performance can be affected by illumination changes, glare, and
adverse weather conditions. LiDAR provides accurate three-dimensional geometric
measurements of visible scene surfaces and is therefore highly useful for constructing
spatial maps, but its measurements can also be affected by weather-related scatter-
ing and occlusion [7]. In addition, LiDAR deployment is often associated with higher
hardware cost and integration complexity compared with radar-based sensing [44].
Radar, in contrast, directly measures range and Doppler responses and can provide
long-range sensing and velocity-related information with greater robustness to ad-
verse weather and poor lighting conditions [33, 36]. These properties make radar
an attractive modality for automotive occupancy estimation, especially in scenarios
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1. Introduction

where optical sensors may be degraded or visually ambiguous.
Despite these advantages, radar-based occupancy estimation remains challeng-

ing because radar measurements are sparse and noisy and are affected by clutter,
sidelobes, multipath, limited angular resolution, and measurement uncertainty [33].
Conventional radar mapping typically relies on detection-based preprocessing and
hand-crafted inverse sensor models, whereas learning-based approaches seek to infer
spatial representations more directly from radar measurements. A detailed review
of these approaches is provided in Chapter 2.

Learning-based radar occupancy estimation further requires suitable geometric
supervision. LiDAR provides accurate measurements of visible surfaces and obsta-
cle boundaries and can therefore be used to construct radar-aligned reference labels.
However, radar and LiDAR observe the environment through different sensing mech-
anisms, leading to discrepancies in visibility, spatial response, and the locations of
observed object surfaces [39, 17]. Against this background, this thesis adopts a first-
return formulation centred on the nearest observable boundary along each azimuth
direction. A formal definition of this representation is provided in Section 1.2.

In addition to range and azimuth information, automotive radar measurements
provide a Doppler-resolved response at each spatial location. However, radar-based
perception pipelines often compress the Doppler dimension before spatial predic-
tion, for example through mean or maximum aggregation, thereby discarding spec-
tral information before it can be exploited by the learning model. This motivates
investigating whether retaining and learning from the complete Doppler-resolved
measurement can benefit radar-based first-return occupancy estimation.

The RaDelft dataset provides a suitable basis for this study because it contains
synchronized high-resolution automotive radar, LiDAR, camera, and ego-motion
measurements collected in real-world driving scenarios [29]. It has been used in
different research [34, 43, 42, 11] where access to preprocessed radar data, i.e., before
point cloud generation, is desired. Its synchronized sensor measurements enable
LiDAR-derived geometric supervision to be aligned with Doppler-resolved radar
observations, while retaining radar as the only input modality during inference.

Accordingly, this thesis investigates LiDAR-supervised radar-based first-return
occupancy estimation from full range–Doppler–azimuth measurements on a radar-
aligned polar grid using RaDelft dataset.

1.2 Problem Definition and Terminology

This thesis investigates LiDAR-supervised radar-based first-return occupancy grid
mapping on a radar-aligned polar range–azimuth grid. Radar is the only input
modality used during inference, while synchronized LiDAR point clouds are pro-
cessed to generate reference occupancy labels for training and evaluation. Formally,
the core problem is to learn a mapping between the radar input XRAD and the
corresponding LiDAR-derived reference occupancy map YLiDAR.
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1.3. Research Questions

For consistency with the subsequent methodology and experimental chapters,
this sensor-derived reference is referred to as the ground-truth map throughout the
thesis. This terminology does not imply a perfect sensor-independent description
of the scene, since the labels remain subject to LiDAR visibility, sampling, and
cross-sensor alignment limitations. The learned mapping is thus expressed as

Ŷ = fΦ(XRAD), (1.1)

where fΦ denotes the radar-to-OGM model with learnable parameters Φ, and Ŷ
denotes the rendered polar occupancy prediction. The detailed output parameteri-
zation and occupancy-rendering procedure are presented in Chapter 3.

To fully contextualize this mapping, it is essential to define the structures of the
target output space, its evaluation criteria, and the input modality. The target out-
put space—referred to as the first-return occupancy grid map—provides a structured
spatial representation of the environment. For each azimuth direction, range cells
before the nearest visible obstacle boundary are labelled as free, the boundary cell is
labelled as occupied, and cells behind the boundary are labelled as unknown because
they are not directly observable from the current measurement. If no first return is
present within the valid sensing range, the corresponding azimuth direction, i.e. a
column in the chosen 2D data format, is represented as a no-hit column.

When evaluating these occupancy predictions, the occupied and unknown states
are grouped into an unfree class representing regions that cannot be interpreted
as confidently traversable by the ego-vehicle. Evaluation considers both occupancy
overlap and the geometric accuracy of the estimated first-return boundary. The
corresponding metrics are defined in Chapter 3.

Finally, regarding the input space XRAD, the primary modality considered in
this thesis is the complete range–Doppler–azimuth radar cube, which retains the
Doppler-resolved measurement at each range–azimuth location. Fixed Doppler-
compressed range–azimuth representations are considered as comparison configu-
rations. The radar preprocessing, feature encoding, prediction architecture, and
training formulation are described in Chapter 3.

1.3 Research Questions

The objective of this thesis is to investigate LiDAR-supervised radar-only first-return
occupancy estimation, with particular attention to the formulation of the prediction
task, the representation and encoding of Doppler-resolved radar measurements, and
the design of the learning objective used to supervise the proposed model architec-
tures. Accordingly, the following research questions are addressed:

RQ1 How can radar-only occupancy estimation be formulated and supervised, through
an appropriate learning objective, so that the predicted polar occupancy grid
inherently follows first-return visibility constraints?
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1. Introduction

RQ2 How can the Doppler-resolved information in the complete range–Doppler–
azimuth radar cube be encoded while preserving the range–azimuth geometry
required for first-return occupancy prediction, and how does this compare with
fixed Doppler-compressed representations?

RQ3 How can the loss function formulation jointly supervise occupancy structure
and first-return boundary localization, and to what extent can radar-aware su-
pervision weighting and causal temporal context further improve the intended
single-frame framework?

1.4 Thesis Contributions
To address these research questions, this thesis makes the following contributions:

• Visibility-consistent first-return occupancy formulation and super-
vision. Radar occupancy estimation is formulated as an azimuth-wise first-
return or no-hit prediction problem rather than as independent classification
of individual range–azimuth cells. A corresponding LiDAR-based supervision
pipeline is developed to construct radar-aligned polar targets, in which the
nearest observable boundary determines the visible free region, occupied first-
return cell, and unknown region behind it. Steps for ground removal, local
ground-surface estimation, height filtering, radar-grid projection, and validity
masking are incorporated to obtain geometrically consistent supervision.

• Range–azimuth-preserving Doppler-spectrum encoding. A Doppler
Spectrum Encoder is developed to process the complete range–Doppler–azimuth
radar cube without collapsing the Doppler dimension through fixed aggrega-
tion. Parallel Doppler-only convolutional branches extract spectral features at
multiple scales while preserving the range–azimuth geometry, leaving spatial
reasoning to the subsequent two-dimensional prediction backbone. The result-
ing representation is evaluated against fixed Doppler-compressed inputs and
alternative Doppler encoding strategies.

• Task-aligned learning for structured first-return prediction. A loss
function formulation is developed that combines occupancy-oriented supervi-
sion of the rendered grid with direct supervision of the first-return boundary
distribution. This jointly targets occupancy overlap and nearest-boundary lo-
calization. Building on the resulting single-frame framework, Radar-Aware
Weighting and Causal Temporal Feature Fusion are further investigated as
controlled extensions to assess the effects of azimuth-dependent supervision
reliability and short-term radar context.

The principal contribution of this thesis therefore lies in the integrated formu-
lation of LiDAR-supervised radar occupancy estimation as a structured first-return
prediction problem, together with Doppler-resolved radar encoding and task-aligned
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1.5. Thesis Outline

supervision. The individual use of Doppler information, multi-scale convolution, Li-
DAR supervision, or temporal fusion is not claimed as novel in isolation. The main
results of this thesis are being prepared for submission as a journal paper to the
IEEE Transactions on Radar Systems.

1.5 Thesis Outline
Chapter 2 reviews prior work relevant to radar-based occupancy and free-space esti-
mation. It first discusses traditional inverse sensor models and learning-based radar
occupancy approaches, with particular attention to their prediction formulations
and the use of LiDAR-derived supervision. It then examines radar input represen-
tations and Doppler encoding strategies, focusing on the trade-off between preserv-
ing Doppler-resolved measurement information and computational efficiency. The
chapter concludes by summarizing the methodological gaps relevant to structured
first-return prediction and range–azimuth-preserving Doppler encoding.

Chapter 3 presents the methodology used in this thesis. It describes the RaDelft
dataset and sensor alignment, the LiDAR-based first-return label-generation proce-
dure, the radar input representations, the Range–Azimuth-Preserving Doppler Spec-
trum Encoder, and the structured first-return prediction and occupancy-rendering
framework. It further introduces the radar-aware weighting and causal temporal-
fusion extensions, defines the odometry-compensated multi-frame inverse sensor
model and the RaDelft-adapted PolarNet model used as reference methods, and
specifies the training and evaluation protocols.

Chapter 4 reports the experimental results. The proposed single-frame baseline
is compared with approaches from the literature, i.e., an odometry-compensated
multi-frame inverse sensor model and a RaDelft-adapted PolarNet reference. The
chapter then evaluates alternative radar input representations and Doppler encoder
designs, followed by the radar-aware weighting and causal temporal-fusion exten-
sions. Quantitative results are complemented by qualitative comparisons, per-frame
error analysis, representative failure cases, and an evaluation of computational effi-
ciency.

Chapter 5 summarizes and interprets the main findings in relation to the research
objectives and the reviewed literature. It discusses the role of Doppler-resolved
encoding, the behaviour of the structured first-return formulation, the implications
of LiDAR-derived supervision, and the benefits and limitations of the proposed
extensions. The chapter concludes with the principal limitations of the study and
directions for future research.
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Chapter 2

Related Work

This chapter reviews prior work relevant to radar-based first-return occupancy es-
timation. It first examines traditional inverse sensor models and learning-based
approaches for radar occupancy and free-space estimation, with particular atten-
tion to their input representations, supervision strategies, and output formulations.
It then reviews radar input representations and Doppler encoding methods, focus-
ing on how existing approaches balance measurement preservation, spatial structure,
and computational efficiency. These two lines of work establish the context for the
methodological choices investigated in this thesis.

2.1 Radar-Based Occupancy and Free-Space
Estimation

Object-centric methods represent known traffic participants as discrete instances,
whereas occupancy grids provide a scene-centric description of free, occupied, and
unobserved space [40, 8]. Occupancy representations therefore complement ob-
ject detection and provide information directly relevant to navigation and motion
planning for autonomous vehicles [31].

2.1.1 Traditional Inverse Sensor Models

Traditional radar occupancy mapping generally combines a hand-crafted inverse sen-
sor model with recursive probabilistic updating. The inverse sensor model converts
radar measurements into free- and occupied-space evidence, which is accumulated
across observations using Bayesian or evidential update rules. Existing approaches
differ mainly in how they represent radar uncertainty, interpret missing detections,
and incorporate scene dynamics.

Early radar-specific methods focused on converting detection-level measurements
into static occupancy evidence. Werber et al. [38] defined spatial occupancy like-
lihoods around automotive radar measurements of range, azimuth, and amplitude.
Degerman et al. [5] extended statistical radar occupancy mapping to three dimen-
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2. Related Work

sions and related the measured signal-to-noise ratio to detection probability through
an explicit radar observation model. Slutsky and Dobkin [32] addressed the inter-
pretation of non-detected regions through a dual inverse sensor model. Its positive
component assigns occupied-space evidence around radar detections, whereas its
negative component uses the absence of detections along a viewing direction to infer
free-space evidence. Although these approaches account for important radar char-
acteristics, the conversion from measurements to grid evidence remains manually
specified.

Subsequent work increased the flexibility and state complexity of model-based
occupancy mapping. Porębski [27] proposed a customizable inverse sensor model
that separates grid-cell selection from the assignment of free- and occupied-space
evidence and supports both Bayesian and Dempster–Shafer representations. For
dynamic traffic scenes, Coué et al. [4] introduced Bayesian Occupancy Filtering, in
which occupancy and motion-related states are recursively predicted and updated.
Haag et al. [10] later proposed the UNIFY framework, which represents static occu-
pancy and velocity in separate Bayesian grid layers while using radar-specific obser-
vation models to handle measurement ambiguities. These extensions provide more
flexible and dynamic representations, but require increasingly complex observation,
transition, and uncertainty models.

Despite their interpretability and probabilistic consistency, traditional inverse
sensor models remain dependent on hand-designed likelihood functions, detection
thresholds, uncertainty distributions, and sensor-specific assumptions. Such com-
ponents may require substantial retuning across radar configurations and operating
environments, while sparse detections, limited angular resolution, multipath, and
ambiguous scattering can produce fragmented occupancy evidence.

Classical ray-based mapping already represents a visibility relationship between
free space, a measured surface, and the unobserved region behind it [8]. The lim-
itation of radar-specific inverse sensor models is therefore more specific. Radar
measurements may contain sparse, ambiguous, or multiple responses along a similar
viewing direction, while model-based approaches generally convert these measure-
ments into cell-wise occupancy evidence through predefined observation rules. Ex-
plicitly representing the nearest observable boundary or a no-hit state as the primary
prediction variable has received comparatively less attention in radar occupancy es-
timation.

2.1.2 Learning-Based Radar Occupancy Estimation

Learning-based radar occupancy methods replace hand-crafted inverse sensor models
with data-driven mappings from radar observations to dense spatial representations.
Existing approaches differ mainly in their radar input format, output formulation,
and strategy for transferring supervision from higher-resolution sensors.

Early methods primarily used radar detections or two-dimensional radar repre-
sentations. Sless et al. [31] rasterized temporally aggregated radar clusters into a
bird’s-eye-view (BEV) grid and formulated free-, occupied-, and unobserved-space
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2.1. Radar-Based Occupancy and Free-Space Estimation

estimation as semantic segmentation using LiDAR-derived labels. Although the
learned model outperformed classical Bayesian mapping, the use of clustered detec-
tions and multi-frame aggregation limits the measurement information available to
the network and introduces dependence on temporal alignment. Weston et al. [39]
instead learned an inverse sensor model from raw polar radar power returns using
partial LiDAR occupancy labels and heteroscedastic uncertainty modeling1. How-
ever, the supervision remained spatially incomplete, and the output was still pre-
dicted through cell-wise segmentation.

Other work preserved the native polar geometry or addressed discrepancies be-
tween radar and LiDAR supervision. Nowruzi et al. [22] proposed PolarNet for
open-space segmentation directly in the polar domain. Kung et al. [17] used polar
sliding-window inference to extend prediction beyond the supervised range. Wei
et al. [37] learned a single-frame polar inverse sensor model from sparse radar de-
tections and subsequently combined the predicted measurement grid with radar
Doppler velocities to construct a dynamic occupancy grid map. While these ap-
proaches improve radar alignment, polar-domain processing, or temporal efficiency,
they primarily rely on two-dimensional inputs or introduce Doppler information only
after the initial occupancy prediction.

Notably, cross-sensor supervision is itself a source of modelling uncertainty. We-
ston et al. [39] used partial LiDAR occupancy labels rather than treating all LiDAR
observations as uniformly valid supervision. Kung et al. [17] further showed that
the physical sensing discrepancy between radar and LiDAR can produce inconsistent
targets: objects visible to LiDAR may be weakly observable or absent in radar, while
radar may retain responses from regions that are occluded in LiDAR measurements.
Their label preprocessing was therefore designed to reduce the influence of LiDAR
observations that are not reliably supported by radar. These studies indicate that
LiDAR-derived supervision should be selected and transformed with respect to radar
visibility and sensing characteristics rather than transferred directly as an error-free
occupancy target.

More recent methods have considered richer radar measurements and generative
completion. Jin et al. [15] processed range–Doppler matrices using a transformer-
based segmentation network. Their polar ground-truth maps combine camera-
derived semantic free-space information with LiDAR-based vehicle localization, thereby
retaining more pre-detection radar information than detection-level approaches.
Nevertheless, their input does not jointly preserve the complete range–Doppler–
azimuth structure, and occupied and unknown regions are represented by a com-
mon non-free class. Park et al. [26] formulated single-frame occupancy estimation
as conditional image-to-image translation from a radar detection grid to a pixel-wise
free-space map. This avoids temporal accumulation but remains dependent on the
information retained after radar detection and thresholding.

1Heteroscedastic uncertainty refers to input-dependent predictive uncertainty, where the noise
or uncertainty level is allowed to vary across observations or spatial locations rather than being
assumed constant.
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Table 2.1: Representative learning-based radar occupancy methods.

Input and Supervision Prediction

Method Radar input Supervision Output
representation

Prediction formulation

Sless et al. [31] Temporally
aggregated radar
clusters

LiDAR-derived
occupancy
labels

Cartesian
three-state BEV

Cell-wise segmentation

Weston et al. [39]Raw polar radar
power returns

Partial LiDAR
occupancy
labels

Probabilistic
occupancy grid

Probabilistic cell-wise
prediction

PolarNet [22] Polar radar
representation

Open-space
labels

Polar free-space
mask

Pixel-wise segmentation

Kung et al. [17] Polar radar
image

Preprocessed
LiDAR labels

Polar occupancy
grid

Cell-wise prediction with
sliding-window inference

Wei et al. [37] Single-frame
radar detections

LiDAR-derived
polar grids

Polar grid and
dynamic OGM

Cell-wise grid prediction;
post-hoc Doppler fusion

Jin et al. [15] Range–Doppler
matrix

Camera- and
LiDAR-derived
labels

Binary polar
free/non-free
grid

Cell-wise segmentation

Park et al. [26] Single-frame
radar detection
grid

Paired
occupancy
maps

Pixel-wise
free-space map

Conditional image
translation

Table 2.1 compares the reviewed representative learning-based radar occupancy
methods in terms of their radar input, supervision source, output representation,
and prediction formulation.

As summarized in Table 2.1, learning-based approaches reduce dependence on
manually designed sensor models and support a range of occupancy and free-space
representations. Several methods also exploit the native polar geometry of radar
measurements. For example, Jin et al. [15] construct polar targets in which the
first transition from free to non-free space denotes an obstacle and cells behind
this transition are treated as unknown. However, occupied and unknown regions
are represented by a common non-free class, while the prediction itself remains
formulated at the cell level.

Among the reviewed learning-based methods, explicit parameterization of a sin-
gle first-return or no-hit distribution for each azimuth remains uncommon. Many
approaches also rely on detection-level inputs or two-dimensional radar representa-
tions that preserve only part of the original measurement structure. At the same
time, LiDAR-derived supervision introduces discrepancies in sensing range, visibility,
occlusion, spatial resolution, and material response. These observations identify two
closely related modeling questions yet to answer: how occupancy supervision should
be structured around the observable boundary, and how sufficient information from
the multidimensional radar measurement should be retained for learning.
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2.2 Radar Input Representations and Doppler
Encoding

The choice of radar input representation determines which measurement informa-
tion remains available to a learning-based perception model. Detection-level point
clouds are compact and convenient for geometric processing, but are produced after
thresholding and peak selection, which may suppress weak or spatially extended
responses. Denser representations obtained after the fast Fourier transform (FFT)
retain measurements over range, azimuth (and/or elevation), and Doppler, but re-
quire greater memory and computation [45, 6]. Existing methods therefore adopt
different compromises between information preservation, computational efficiency,
and compatibility with established network architectures.

A common strategy is to reduce the multidimensional radar spectrum to two-
dimensional image-like representations. Range–azimuth maps retain the polar spa-
tial layout used for detection, segmentation, or occupancy prediction, whereas range–
Doppler maps preserve range and radial-velocity information without directly resolv-
ing azimuth. Fixed operations such as summation, averaging, or maximum selection
can be used to collapse the remaining dimension. These operations enable the use
of standard two-dimensional convolutional networks, but reduce an entire Doppler
spectrum to one scalar at each range–azimuth location. Spectra with different peak
widths, secondary components, or energy distributions may therefore produce simi-
lar aggregated responses.

Multi-view approaches retain additional information by processing several two-
dimensional projections of the same radar tensor. Ouaknine et al. [24] separately
encoded range–azimuth, range–Doppler, and azimuth–Doppler views before combin-
ing them in a shared latent representation. This strategy exploits complementary
information from different coordinate pairs while avoiding the cost of processing the
complete three-dimensional tensor at once. However, each branch still operates on
a projected view and therefore does not preserve the joint range–azimuth–Doppler
relationship within a single representation.

Other methods process local or complete radar tensors more directly. Major
et al. [20] demonstrated vehicle detection from dense range–azimuth–Doppler mea-
surements, showing the value of retaining the Doppler dimension for learning-based
radar perception. Palffy et al. [25] extracted local three-dimensional radar blocks
around detected targets and classified them using a convolutional network. Al-
though these local cubes preserve the Doppler distribution around a road user, the
approach depends on a preceding detection stage. RADDet [45] instead processes
a complete range–azimuth–Doppler tensor using a ResNet-based backbone. Such
full-tensor approaches retain the Doppler bins at the input, but their computational
cost increases with tensor size and their generic backbones do not explicitly separate
spectral encoding from spatial feature extraction.

Learned representations have also been introduced at earlier stages of the radar-
processing pipeline. FFT-RadNet [28] avoids explicitly constructing a complete
range–azimuth–Doppler tensor and instead learns to recover angular information

11



2. Related Work

from a range–Doppler spectrum. This reduces the memory and computational cost
associated with conventional angle estimation while supporting both vehicle detec-
tion and free-space segmentation.

Within the context of occupancy mapping, Doppler information has also been
introduced after the spatial prediction stage. As discussed in Section 2.1.2, Wei et
al. [37] combine a predicted polar measurement grid with radar Doppler velocities to
construct a dynamic occupancy grid map. Doppler is therefore used as a post-hoc
motion attribute rather than as a pre-detection spectrum jointly encoded for the
initial occupancy prediction.

Roldan et al. [29] provide a particularly relevant architectural reference for
Doppler encoding. Their DopplerEncoder applies two sequential three-dimensional
convolutional layers followed by three-dimensional max pooling, transforming a two-
channel range–azimuth–Doppler tensor into 64 range–azimuth feature channels. The
resulting representation is then processed by a two-dimensional spatial backbone
for dense radar detection. Their ablation study further showed that replacing the
Doppler-resolved input with mean aggregation degraded detection performance, in-
dicating that the Doppler distribution contains useful information beyond a fixed
spatial projection.

This architecture is particularly relevant because it illustrates learned Doppler
compression before two-dimensional spatial reasoning without first reducing the
spectrum through a fixed aggregation operation. However, the encoder was de-
veloped for dense radar detection rather than occupancy estimation, and its three-
dimensional convolutions jointly operate across Doppler and neighbouring spatial
locations. This leaves open the question of how Doppler-resolved measurements can
be encoded while more explicitly preserving the range–azimuth geometry required
by a downstream occupancy model.

A different compromise between spectral preservation and data volume is adopted
by RadarOcc [6]. The method processes a range–azimuth–elevation–Doppler ten-
sor, but compresses the Doppler spectrum at each spatial location into a compact
descriptor containing the three strongest power values and their indices, together
with the spectral mean and standard deviation. This representation retains selected
Doppler statistics at a fraction of the original data volume and was shown to outper-
form average pooling in most occupancy metrics. However, the retained statistics
and number of spectral peaks are predefined rather than learned jointly with the
downstream task.

Taken together, prior work retains Doppler information in different ways through
multi-view projection, full-tensor processing, learned dimensional reduction, hand-
crafted spectral descriptors, or post-hoc velocity integration. These approaches il-
lustrate a recurring trade-off between retaining the Doppler-resolved measurement
and limiting the computational cost of the subsequent spatial network. Learned
Doppler compression before two-dimensional spatial processing provides a partic-
ularly relevant compromise, while preserving range–azimuth geometry during this
compression remains an open design choice for downstream occupancy estimation.
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2.3 Summary
This chapter reviewed two lines of work relevant to radar-based first-return oc-
cupancy estimation. Traditional radar occupancy mapping provides interpretable
and probabilistically grounded estimates, but commonly relies on hand-crafted in-
verse sensor models, detection thresholds, and predefined uncertainty assumptions.
Learning-based methods reduce this dependence and support direct prediction of
occupancy or free-space representations from radar measurements. However, among
the reviewed approaches, occupancy is still predominantly formulated through cell-
wise prediction, while explicit estimation of a first-return or no-hit variable for each
azimuth remains uncommon. Cross-sensor supervision introduces an additional chal-
lenge because radar and LiDAR differ in visibility, spatial resolution, scattering be-
haviour, and the physical locations of their observed responses, thus making not
straightforward to use LiDAR as a ground truth for radar.

The reviewed literature also shows that the choice of radar input representation
determines how much Doppler-resolved information remains available to the model.
Detection-level inputs and fixed two-dimensional projections reduce computational
cost but discard part of the measured spectrum, whereas full-tensor processing pre-
serves more information at substantially greater computational expense. Learned
Doppler compression provides an intermediate solution by transforming the Doppler
spectrum into range–azimuth feature channels before spatial processing, although
the way in which spatial geometry is preserved during this operation varies across
architectures.

In summary, these observations motivate two methodological directions exam-
ined in this thesis: structuring occupancy prediction around the nearest observable
boundary along each azimuth, and retaining Doppler-resolved radar information
while preserving the range–azimuth geometry required for spatial occupancy esti-
mation. The following chapters describe the dataset, target generation procedure,
network architecture, training objective, and evaluation methodology used to inves-
tigate these design choices.
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Chapter 3

Methodology

This chapter presents the methodology for LiDAR-supervised radar-based first-return
occupancy grid mapping. The chapter is organized into two main parts. Section 3.1
describes the proposed method, including LiDAR-based first-return target generation,
radar representation and Doppler encoding, structured first-return prediction, the
loss function, and the controlled extensions. Section 3.2 then defines the experimen-
tal setup, including the RaDelft dataset and sensor processing, reference methods,
training configuration, and evaluation protocol.

3.1 Proposed Method

This section presents the proposed radar-based first-return occupancy mapping
framework. Section 3.1.1 first provides an overview of the complete processing
pipeline. Section 3.1.2 then describes the construction of radar-aligned first-return
supervision from synchronized LiDAR measurements. Sections 3.1.3 and 3.1.4 present
the radar input representations and Doppler encoding strategies, including the pro-
posed Range–Azimuth-Preserving Doppler Spectrum Encoder. Section 3.1.5 defines
the structured azimuth-wise first-return prediction and occupancy-rendering formu-
lation. Section 3.1.6 presents the learning objective and the Radar-Aware Weighting
extension. Section 3.1.7 then introduces the Causal Temporal Feature Fusion archi-
tecture for incorporating short-term radar context.

3.1.1 Framework Overview

A LiDAR-supervised radar-to-occupancy-grid mapping framework is developed to
estimate first-return occupancy from automotive radar measurements. As shown in
Figure 3.1, the framework contains a radar prediction branch and a LiDAR-based su-
pervision branch. The radar branch receives Doppler-resolved radar measurements1

1Here, Doppler-resolved refers to the radar representation after Doppler FFT, where the re-
sponses across the Doppler bins are retained at each range–azimuth location rather than being
collapsed into a Doppler-compressed range–azimuth map.
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Figure 3.1: Overview of the proposed LiDAR-supervised radar-to-first-return OGM
framework. Doppler-resolved radar measurements form the network input, while
synchronized LiDAR measurements are processed into radar-aligned first-return oc-
cupancy targets for supervision. The predicted first-return representation is subse-
quently rendered into free, occupied, and unknown regions.

and predicts an azimuth-wise first-return or no-hit representation. The LiDAR
branch processes synchronized point clouds into radar-aligned first-return targets.
The predicted first-return representation is finally rendered into a three-state polar
occupancy grid containing free space, the occupied first-return boundary, and the
unknown region behind that boundary.

The proposed method follows four principal stages. First, synchronized LiDAR
measurements are transformed into the radar coordinate system and processed to
construct radar-aligned first-return occupancy targets. Second, the radar measure-
ment is represented either by the complete range–Doppler–azimuth cube or, for
comparison, by a fixed Doppler-compressed range–azimuth representation. For the
full-RDA configuration, the proposed Range–Azimuth-Preserving Doppler Spectrum
Encoder transforms the Doppler-resolved measurement into a range–azimuth fea-
ture representation while preserving the spatial layout of the target grid. Third,
a U-Net 3+ based spatial backbone predicts an azimuth-wise first-return or no-hit
distribution, from which the three-state occupancy grid is rendered. Finally, at
the training stage the model is optimized using a task-aligned loss function that
combines occupancy-oriented and first-return boundary supervision.

The proposed framework is centred on four methodological design choices. The
first is the construction of LiDAR-derived first-return occupancy supervision, which
converts sparse LiDAR obstacle evidence into a structured radar-aligned target con-
taining visible free space, the nearest occupied boundary, and the unknown region
behind it. The second is the formulation of occupancy estimation as an azimuth-wise
first-return prediction problem rather than independent cell-wise classification. The
third is the use of a range–azimuth-preserving Doppler-spectrum encoding strategy,
which retains Doppler-resolved radar information while maintaining the spatial cor-
respondence required by the target grid. The fourth is a task-aligned loss function
that combines Lovasz-based supervision of the rendered occupancy structure with a
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Figure 3.2: Pipeline for constructing radar-aligned first-return occupancy targets
from synchronized LiDAR measurements.

smoothed CDF-L1 term that directly supervises the first-return boundary.

3.1.2 LiDAR-Based First-Return Target Generation

This section describes the construction of LiDAR-derived first-return supervision on
the radar-aligned polar grid. Synchronized LiDAR measurements are used as the
geometric reference because they provide substantially more accurate spatial infor-
mation than the radar measurements used as network input. Rather than treating
individual LiDAR points as independent occupied labels, the point cloud is processed
to identify obstacle evidence relevant to the radar field of view and then converted
into an azimuth-wise first-return target. The resulting representation distinguishes
visible free space, the nearest observed obstacle boundary, and the region that is not
directly observable behind that boundary.

The target-generation pipeline is illustrated in Figure 3.2. Raw LiDAR mea-
surements are first separated into ground and non-ground components using Patch-
work++ [19]. The resulting point sets are transformed into the radar-aligned co-
ordinate frame, restricted to the radar field of view, and filtered to remove LiDAR
returns originating from the ego-vehicle body and chassis. Local ground information
is then used to evaluate obstacle height relative to the surrounding road surface, af-
ter which the retained obstacle points are projected onto the radar polar grid. The
nearest valid obstacle evidence along each azimuth direction defines the first return
from which the final occupancy target is constructed. Regions that do not provide
reliable LiDAR supervision are excluded through the validity mask described later
in this section.

Figure 3.3 shows a representative frame at several stages of the target-generation
process for illustrative purposes. Panel (a) provides the corresponding camera view,
while panels (b)–(d) illustrate the raw LiDAR measurements, their transformation
into the radar-aligned frame, and the subsequent restriction to the radar field of
view after ego-vehicle removal, respectively. The later stages show how ground
segmentation and relative-height filtering progressively retain the obstacle evidence
used for first-return supervision.
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Figure 3.3: Representative LiDAR target-generation stages shown left to right, top
to bottom: (a) camera reference, (b) raw LiDAR point cloud, (c) radar-aligned Li-
DAR point cloud, (d) radar-FoV crop after ego-vehicle removal, (e) ground-removed
obstacle candidates, and (f) height-filtered obstacle evidence used for first-return
supervision.
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The following subsections describe the individual processing stages more in detail
and the construction of the final first-return occupancy target.

Ground Removal Using Patchwork++

The raw LiDAR point cloud contains measurements from both the road surface
and above-ground objects. Since road-surface returns should not be interpreted as
occupied obstacle evidence, the point cloud is first separated into ground and non-
ground components. As illustrated in Figure 3.3(e), this step distinguishes the road
surface from the above-ground measurements used as candidate obstacle evidence.

Patchwork++ is used for ground segmentation [19]. The method partitions each
LiDAR point cloud into ground and non-ground points using spatially adaptive
ground estimation, making it suitable for driving scenes containing sloped, uneven,
or locally varying road surfaces.

The two resulting point sets are retained for different stages of the subsequent
processing. Ground points provide the geometric reference required for local ground-
surface estimation, whereas non-ground points form the initial set of obstacle can-
didates. This separation prevents road-surface measurements from being directly
interpreted as obstacles while retaining the ground information required for relative-
height filtering.

Patchwork++ is applied in the original LiDAR coordinate frame. The segmented
ground and non-ground point sets are subsequently transformed and spatially filtered
as described in the following section.

Radar-Frame Alignment and Spatial Filtering

After ground segmentation, both the ground and non-ground point sets are trans-
formed from the LiDAR coordinate frame into the radar-aligned coordinate frame.
Performing the transformation after Patchwork++ preserves the separation between
the ground reference points and the non-ground obstacle candidates while placing
both sets in the common coordinate system used for subsequent occupancy-label
generation.

The transformed point clouds are then restricted to the spatial region relevant
to the radar measurement. Essentially, points outside the radar field of view are
removed, and returns associated with the ego vehicle are excluded. These oper-
ations prevent LiDAR measurements outside the effective radar sensing region or
originating from the vehicle itself from contributing to the generated supervision.

The same spatial filtering is applied to both the ground and non-ground point
sets. The retained ground points are subsequently used to estimate the local road
surface, while the retained non-ground points are treated as candidate obstacle mea-
surements for relative-height filtering. This ensures that both point sets are defined
in the same radar-aligned spatial region before the following processing stages.
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Local Ground-Surface Estimation and Height Filtering

After radar-frame alignment and spatial filtering, the retained ground points are
used to estimate a local ground surface for each LiDAR frame. A local reference is
required because the road surface cannot be assumed to remain globally horizontal
across real-world driving scenes. Road slope, local elevation changes, and changes
in vehicle orientation can shift the vertical position of the road surface in the radar-
aligned coordinate frame. Consequently, obstacle filtering based only on a fixed
absolute height threshold could produce inconsistent labels across frames.

The local ground surface is approximated by a plane fitted to the segmented
ground points within the radar-aligned region of interest, as:

z = ax+ by+ c, (3.1)

where x, y, and z denote the coordinates of a LiDAR point in the radar-aligned
frame, and a, b, and c are the estimated plane parameters. To reduce the influence
of incorrectly segmented points and local surface irregularities, the plane estimate
is refined using residual-based filtering. An initial plane is fitted to the available
ground points, after which points with an absolute normal residual greater than
0.08 m are discarded. If at least 20 inlier points remain, the plane is re-estimated
from these points. The resulting estimate is accepted only if the residual root-mean-
square error does not exceed 0.08 m and the median absolute residual does not
exceed 0.05 m.

If insufficient reliable ground points are available to obtain an accepted estimate
in the current frame, or if the fitted plane fails these quality criteria, the most
recent valid ground-plane estimate from an earlier frame is reused. If no earlier
valid estimate is available, a constant ground height of z = −1.8223 m is used as
a fallback. This ensures that a ground reference remains available for subsequent
relative-height filtering, in which non-ground points between 0.1 m and 2.5 m above
the estimated local ground surface are retained as obstacle candidates.

For each retained non-ground point, the height relative to the estimated local
ground surface is computed as:

h= z− (ax+ by+ c). (3.2)

Using relative rather than absolute height reduces the sensitivity of the obstacle-
selection process to road slope and frame-dependent changes in the ground position.
A non-ground point is retained as obstacle evidence only if

hmin ≤ h≤ hmax, (3.3)

with

0.1 m ≤ h≤ 2.5 m. (3.4)

The lower threshold suppresses residual ground points, road-surface noise, and
other very low structures that are not treated as relevant obstacle evidence. The
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upper threshold removes elevated measurements such as tree canopies, overhead
structures, and high object parts that are not directly relevant to the near-ground
occupancy representation considered in this work.

The resulting height-filtered point set provides the obstacle evidence used for
polar-grid projection. Figure 3.3(f) illustrates the retained points after relative-
height filtering.

Polar Grid Projection

The height-filtered LiDAR obstacle points are projected onto the polar range–
azimuth grid defined by the radar representation. This converts the three-dimensional
LiDAR obstacle evidence into a two-dimensional spatial support that is directly
aligned with the radar range–azimuth coordinates.

For each retained point (x,y,z) in the radar-aligned coordinate frame, where x
denotes the forward direction, y the lateral direction, and z the vertical direction,
the range and azimuth coordinates are computed as:

r =
√
x2 +y2 +z2, (3.5)

and

θ = arctan2(y,x). (3.6)

Let {ri}Ri=1 and {θj}Aj=1 denote the centres of the radar range and azimuth bins,
respectively. Each LiDAR point is assigned independently to the nearest radar range
and azimuth bin as:

ir = argmin
i

|r− ri|, iθ = argmin
j

|θ−θj |. (3.7)

Nearest-bin assignment is used because the physical radar azimuth angles are not
uniformly spaced. The azimuth support is obtained from the angle-FFT spatial-
frequency grid and mapped to physical angles through the corresponding arcsine
relation. Consequently, a constant angular spacing ∆θ is not assumed.

Each retained LiDAR point contributes obstacle evidence to the corresponding
polar cell (ir, iθ). Multiple points assigned to the same cell do not change its binary
obstacle-evidence state. The resulting sparse polar obstacle map is subsequently
used to determine the nearest LiDAR-supported obstacle boundary along each az-
imuth direction.

First-Return Occupancy Grid Construction

After projection onto the radar-aligned polar grid, the retained LiDAR obstacle
evidence is converted into a structured first-return occupancy target. Rather than
treating all projected obstacle cells as occupied, only the nearest obstacle evidence
along each azimuth direction is retained as the observable boundary. Figure 3.4
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illustrates the resulting labelling rule for each azimuth column with and without
observed obstacle evidence.

Radar

free free free occupied unknown unknown unknown unknown

Radar

free free free free free free free free

= free = Occupied = unknown

No obstacle evidence observed

Obstacle evidence observed

(a) First-return column

(b) No-hit column

Figure 3.4: First-return occupancy labelling rule for azimuth columns with (top)
and without (bottom) observed obstacle evidence.

Let O(r,θ) ∈ {0,1} denote the projected LiDAR obstacle evidence at range bin r
and azimuth bin θ. If obstacle evidence is present in an azimuth column, the nearest
occupied range bin is selected as the first-return index:

tθ = min{r |O(r,θ) = 1}. (3.8)

For a valid first return tθ, the corresponding occupancy label is defined as:

y(r,θ) =


free, r < tθ,

occupied, r = tθ,

unknown, r > tθ.

(3.9)

Cells before the first return are therefore interpreted as visible free space, the
first-return cell represents the nearest observed obstacle boundary, and cells behind
that boundary are labelled as unknown because they are not directly observable from
the current LiDAR measurement. This follows the visibility structure underlying
ray-based occupancy mapping [8].

If no obstacle evidence is present in an azimuth column, the entire column is
assigned to the no-hit state. In this case, no occupied boundary is defined within
the valid sensing range and all valid range cells in the column are labelled as free.
The no-hit state is retained explicitly in the structured target representation and is
later treated as an additional outcome alongside the physical first-return range bins.
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The resulting target is therefore defined independently for each azimuth direc-
tion. If a valid first return is present, the corresponding azimuth column consists of
free space before the first-return bin, an occupied state at the first-return bin, and
unknown space behind it. If no valid first return is present, the valid portion of the
column is represented entirely as free space. This representation preserves the visi-
ble free-space structure of the LiDAR observation while reducing multiple projected
obstacle responses along the same azimuth to the nearest observable boundary.

Valid Supervision Region

Notably, not all cells in the implemented occupancy tensor correspond to physically
meaningful or sufficiently reliable LiDAR supervision. The valid supervision region
is therefore restricted to the physical radar-aligned support for which the LiDAR-
derived first-return target is considered reliable.

The first exclusion concerns padded bins that do not correspond to the physical
radar sensing region. Following the polar-grid projection described in Section 3.1.2,
the radar-aligned physical region used for supervision contains 500 range bins and
240 azimuth bins. For network processing, the corresponding tensors have a spatial
size of 512×256, providing dimensions compatible with the successive downsampling
operations of the U-Net 3+ backbone. The additional bins therefore contain no
physical supervision: the last 12 range bins are excluded, together with 8 padded
azimuth bins on each side. After these padded regions are removed, the valid radar-
aligned support used for training and evaluation is 500×240.

A second exclusion is required because the front radar installation partially oc-
cludes low-height LiDAR measurements within a limited angular sector. This can
result in incomplete obstacle evidence and consequently unreliable first-return tar-
gets, particularly when missing LiDAR returns would otherwise be interpreted as
free space or as a no-hit observation.

Figure 3.5 illustrates the affected angular region using height-filtered LiDAR
obstacle evidence projected onto the radar range–azimuth grid.
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Figure 3.5: Example of the LiDAR supervision sector affected by partial occlu-
sion from the front radar installation. (a) Synchronized front-camera image. (b)
Height-filtered LiDAR obstacle evidence in polar range–azimuth coordinates, with
the affected sector shown by the gray shaded region.

Because of this, the azimuth sector from approximately −63◦ to −37◦ is therefore
excluded from the valid supervision region. Although LiDAR measurements may
still be present within this sector, their completeness is not considered sufficiently
reliable for consistent first-return target generation.

To summarize, the resulting valid supervision region excludes both non-physical
padded cells and the angular sector affected by LiDAR visibility degradation. The
corresponding validity mask is applied consistently during model training and quan-
titative evaluation, as described later in Sections ?? and 3.2.4.

3.1.3 Radar Input Representations

This subsection describes the radar input representations considered for first-return
occupancy prediction. The primary representation is the complete RDA radar cube,
which retains the Doppler-resolved measurement at every range–azimuth location.
Two fixed Doppler-compressed range–azimuth representations are additionally con-
sidered to assess the effect of removing the Doppler dimension before network infer-
ence.

The full-RDA representation preserves the complete Doppler spectrum and is
subsequently processed by a learned Doppler encoder, whereas the compressed vari-
ants reduce the Doppler dimension to a single scalar at each range–azimuth location
before spatial prediction. The following subsections first define the full-RDA repre-
sentation and its alignment with the LiDAR-derived supervision, and then introduce
the Doppler-mean and Doppler-maximum range–azimuth variants.

Range–Doppler–Azimuth Radar Representation

For each radar frame, the preprocessed radar measurement is represented as a range–
Doppler–azimuth tensor
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XRAD ∈ RR×D×A, (3.10)

where (R), (D), and (A) denote the numbers of range, Doppler, and azimuth
bins, respectively. Although the radar processing chain can also provide elevation
estimates, elevation information is not used as an input to the models considered
in this thesis. The prediction task is defined on a two-dimensional range–azimuth
occupancy grid, and the radar input therefore retains the power measurements only
in range, Doppler, and azimuth dimensions.2

For network processing, the radar cube is provided in batched form:

XRAD ∈ RB×R×D×A, (3.11)

where B denotes the batch size. The radar-aligned physical support contains
500 range bins, 128 Doppler bins, and 240 azimuth bins. Before being passed to
the network, the spatial dimensions are zero-padded from 500×240 to 512×256 to
obtain dimensions compatible with the successive downsampling operations of the
U-Net 3+ backbone. Specifically, 12 range bins are appended at the far-range end
and 8 azimuth bins are added on each side. These padded bins do not correspond
to physical radar measurements and are therefore excluded from supervision and
evaluation using the validity mask defined in Section 3.1.2.

For Doppler encoding, the tensor is rearranged such that the Doppler dimension
precedes the spatial dimensions:

XBDRA
RAD ∈ RB×D×R×A. (3.12)

This rearrangement changes only the tensor layout and does not modify the
radar measurements.

Let XRAD(d,r,θ) denote the radar response at Doppler bin d, range bin r, and
azimuth bin θ. The corresponding target Y (r,θ) is defined at the same physical
range–azimuth location after LiDAR projection onto the radar grid.

The azimuth dimension follows the physical radar angular support rather than a
uniformly spaced angular grid. As described in Section 3.1.2, LiDAR measurements
are assigned to the nearest radar range and azimuth bins so that the target grid
follows the same spatial sampling as the radar representation.

Unlike a fixed Doppler-compressed representation, the full radar cube retains the
complete Doppler response at each range–azimuth location. This preserves informa-
tion about spectral peak location, spectral width, and multi-component structure in
the Doppler information that would be lost when the Doppler dimension is reduced
to a single scalar, e.g. by a summing operation.

Figure 3.6 illustrates this distinction. Panel (a) shows a Doppler-sum range–
azimuth map for spatial reference only, whereas the model input remains the full

2Elevation estimates are available separately in the RaDelft radar processing output, but they
are not included as an input channel in the proposed framework. Extending the formulation to
elevation-aware or three-dimensional occupancy prediction is left for future work.
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Figure 3.6: Representative Doppler spectra from two range–azimuth cells with nearly
identical Doppler-sum responses but different spectral distributions shown in (b) and
(c). Panel (a) is shown for spatial reference only; the full Doppler-resolved cube is
used as the primary network input.

Doppler-resolved radar cube. The two selected cells have nearly identical Doppler-
sum responses of −48.03 dB and −48.09 dB, but their underlying spectra differ
substantially. Cell A exhibits a concentrated response with a −10 dB spectral sup-
port of one Doppler bin, whereas Cell B exhibits a distributed response spanning 17
bins. Fixed scalar aggregation therefore removes spectral characteristics that remain
instead available in the full-RDA representation.

Doppler-Compressed Range–Azimuth Variants

Two fixed Doppler-compressed range–azimuth representations are also considered
to evaluate the effect of removing the Doppler dimension before network inference.
Given the preprocessed radar cube XRAD(d,r,θ), Doppler-mean aggregation is de-
fined as
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Xmean(r,θ) = 1
D

D∑
d=1

XRAD(d,r,θ), (3.13)

whereas Doppler-maximum aggregation is defined as

Xmax(r,θ) = max
d
XRAD(d,r,θ). (3.14)

Both operations collapse the Doppler dimension and produce a single-channel
range–azimuth representation. For an individual frame, the resulting network input
has dimensions

1×R×A, (3.15)

while a training batch is represented as

B×1×R×A. (3.16)

Doppler-mean aggregation summarizes the complete spectrum through uniform
averaging, whereas Doppler-maximum aggregation retains only the strongest re-
sponse at each range–azimuth location. Consequently, both representations discard
the internal spectral structure available in the full range–Doppler–azimuth measure-
ment.

A Doppler-sum representation was also considered during preliminary exper-
iments. Since the number of Doppler bins D is fixed, Doppler summation and
Doppler averaging differ only by the constant scale factor D,

Xsum(r,θ) =DXmean(r,θ). (3.17)

The final comparison therefore retains Doppler mean and Doppler maximum
as the two fixed compression strategies, avoiding a largely redundant representa-
tion while preserving the distinction between averaging the complete spectrum and
retaining its strongest response.

The resulting range–azimuth maps are then passed directly to the same U-Net 3+
spatial prediction backbone used by the full-RDA framework and therefore do not
employ a learned Doppler encoder. Compared with the full-RDA input, these repre-
sentations reduce the model-side input dimensionality and remove Doppler-resolved
information before learning. They are therefore used to assess the effect of fixed
Doppler compression relative to retaining and learning from the complete Doppler-
resolved measurement.

Since the compressed variants modify both the radar representation and the asso-
ciated front-end processing, they are treated as complete input-processing configura-
tions rather than encoder-only ablations. The learnable Doppler encoding strategies
used with the full-RDA representation are described separately in Section 3.1.4.
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3.1.4 Doppler Encoding

For configurations using the full RDA radar cube, the Doppler dimension must be
transformed into a compact range–azimuth feature representation before spatial pre-
diction. Three encoding strategies are considered for this purpose. A single-layer
projection provides a simple reference that treats the Doppler bins directly as input
channels. A “Roldan-style encoder” inspired by [29] provides a structured three-
dimensional convolutional reference adapted from prior radar processing work. Fi-
nally, the proposed Range–Azimuth-Preserving Doppler Spectrum Encoder applies
multi-scale Doppler-only processing while explicitly preserving the range–azimuth
geometry.

All three encoders receive the full Doppler-resolved radar measurement and pro-
duce range–azimuth feature maps for the subsequent U-Net 3+ backbone. Their
main difference therefore lies in how the Doppler spectrum is processed before spa-
tial reasoning. This is explained in the following.

Single-Layer Doppler Projection Encoder

As a simple full-RDA reference, the Doppler bins are treated as input channels
and projected directly into 16 range–azimuth feature channels using a single 1 × 1
convolution:

Fproj = Conv1×1
(
XBDRA

RAD

)
, Fproj ∈ RB×16×R×A. (3.18)

This projection preserves the range–azimuth resolution but does not explicitly
model local relationships between neighbouring Doppler bins. The resulting features
are passed to the same U-Net 3+ prediction backbone as the other full-RDA con-
figurations. Because this model was trained using an earlier objective setting, it is
included as a reference configuration rather than as a strictly controlled encoder-only
ablation.

“Roldan-Style” Doppler Encoder

A second full-RDA reference is adapted from the DopplerEncoder of Roldan et
al. [29]. The power-only radar tensor is processed by two three-dimensional convo-
lutional layers with kernel sizes (5,3,3) and (4,3,3), both using a Doppler stride of 4,
followed by three-dimensional max pooling over the remaining Doppler dimension.
The feature width is adapted to 16 channels so that the encoder interfaces with
the same U-Net 3+ prediction backbone used by the proposed configuration. For
D = 128, the Doppler dimension is reduced as 128 → 32 → 8 → 1, producing

FRoldan ∈ RB×16×R×A. (3.19)

Unlike the proposed Doppler Spectrum Encoder, the 3 × 3 spatial support of
the three-dimensional convolutions also mixes neighbouring range–azimuth locations
during Doppler encoding.
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Range–Azimuth-Preserving Doppler Spectrum Encoder

The proposed Range–Azimuth-Preserving Doppler Spectrum Encoder is designed
to compress the Doppler dimension while explicitly preserving the range–azimuth
geometry of the radar measurement. In contrast to the Roldan-style encoder, the
three-dimensional convolutional kernels have unit support in the range and azimuth
dimensions. Doppler-spectrum encoding is therefore performed independently at
each range–azimuth location, while spatial reasoning is deferred to the subsequent
two-dimensional U-Net 3+ backbone.

For an input radar cube

XBDRA
RAD ∈ RB×D×R×A, (3.20)

with D = 128, the tensor is first expanded to

Xenc ∈ RB×1×D×R×A. (3.21)

The encoder then processes the Doppler spectrum using three parallel branches
with Doppler kernel lengths

kD ∈ 3,7,15. (3.22)

These kernel lengths were selected as a practical multi-scale design to provide
progressively larger receptive fields along the Doppler dimension. The three branches
therefore capture relatively narrow, intermediate, and broader spectral patterns,
respectively, while the use of odd kernel sizes allows symmetric padding and preserves
alignment along the Doppler axis. The selected values are not intended to correspond
to predefined physical velocity intervals, but rather to provide complementary local
contexts over the Doppler spectrum.

Each branch contains two three-dimensional convolutions with kernel size (kD,1,1),
stride (4,1,1), and symmetric padding along the Doppler dimension. The first con-
volution maps the input from 1 to 16 channels, and the second retains 16 chan-
nels. Each convolution is followed by batch normalization and a rectified linear
unit (ReLU) activation. For every branch, the Doppler dimension is consequently
reduced as

128 → 32 → 8, (3.23)

while the range and azimuth dimensions remain unchanged.
The three kernel lengths provide different receptive fields along the Doppler axis

and allow the encoder to learn spectral patterns over different scales without mixing
neighbouring range–azimuth cells. Each branch produces

F (kD) ∈ RB×16×8×R×A. (3.24)

The three branch outputs are concatenated along the feature-channel dimension,
producing 48 channels, and are subsequently fused using a 1×1×1 convolution:
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Ffused ∈ RB×16×8×R×A. (3.25)

The fusion layer is followed by batch normalization and ReLU. A final Doppler-
only max-pooling operation with kernel size and stride (8,1,1) reduces the remaining
Doppler dimension from 8 to 1. After removing the singleton dimension, the final
encoder output is

FD ∈ RB×16×R×A. (3.26)

Figure 3.7 summarizes the encoder architecture.

Full RDA Radar Cube
B × R × 128 × A

Layout
Rearrangement

+ Channel Insertion
B × 1 × 128 × R × A

Short-scale
k_D=3, 2×Conv3D
1→16→16, s_D=4

D: 128→32→8

Long-scale
k_D=15, 2×Conv3D
1→16→16, s_D=4

D: 128→32→8

Medium-scale
k_D=7, 2×Conv3D
1→16→16, s_D=4

D: 128→32→8

Channel Concatenation
B × 48 × 8 × R × A

Feature Fusion
1×1×1 Conv3D, 48→16

B × 16 × 8 × R × A

Doppler Max Pooling
k_D=s_D=8

B × 16 × 1 × R × A

Encoded RA Features
B × 16 × R × A

U-Net 3+ Backbone

Figure 3.7: Architecture of the proposed Range–Azimuth-Preserving Doppler Spec-
trum Encoder. Here, kD and sD denote the Doppler-axis kernel size and stride, re-
spectively, while D indicates the Doppler-bin resolution through the encoder. Three
parallel branches with kD = {3,7,15} reduce D from 128 to 8 before feature fusion
and final Doppler pooling, while preserving the range–azimuth dimensions.

The final max-pooling operation is applied to learned multi-channel spectral
features rather than directly to the raw Doppler spectrum. The encoder there-
fore retains learnable Doppler processing before dimensional reduction while avoid-
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ing three-dimensional spatial convolution across neighbouring range–azimuth cells.
No additional fixed Doppler-sum branch is used. The resulting 16-channel range–
azimuth representation is passed directly to the structured first-return prediction
backbone described in Section 3.1.5.

3.1.5 Structured First-Return Prediction

The encoded range–azimuth representation is processed by a U-Net 3+ spatial back-
bone to estimate the nearest observable boundary along each azimuth direction.
Rather than predicting the free, occupied, and unknown states independently for
every grid cell, the network produces a structured first-return representation from
which the final three-state occupancy grid is rendered.

Figure 3.8 shows the complete proposed single-frame architecture, consisting
of the Range–Azimuth-Preserving Doppler Spectrum Encoder described in Sec-
tion 3.1.4, the U-Net 3+ spatial prediction backbone, and the structured first-return
output head.
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Figure 3.8: Architecture of the proposed single-frame first-return occupancy model.
The Doppler-resolved radar cube is encoded into range–azimuth features, processed
by the U-Net 3+ spatial backbone, and mapped to an azimuth-wise first-return or
no-hit representation.

The spatial dimensions shown in Figure 3.8 correspond to the padded network
tensor with a spatial size of 512×256, obtained by zero-padding the physical radar-
aligned support from 500×240. Specifically, 12 range bins are appended at the far-
range end and 8 azimuth bins are added on each side. These padded bins are used
only for network compatibility and are excluded from supervision and quantitative
evaluation, which are restricted to the valid physical region defined in Section 3.1.2.

Architecture Design Rationale

The prediction architecture is designed around the visibility structure of the LiDAR-
derived supervision. For each azimuth direction, the target is determined by the
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nearest observed obstacle boundary or by a no-hit outcome. The network therefore
estimates this structured variable directly, rather than treating the occupancy state
of every range–azimuth cell as an independent prediction problem.

After Doppler encoding, spatial reasoning is performed on the range–azimuth
plane using an encoder–decoder backbone. Multi-scale spatial context is useful for
combining local radar evidence with broader scene structure, suppressing isolated
responses, and producing a spatially coherent estimate of the first-return bound-
ary. The resulting prediction is subsequently converted into free, occupied, and
unknown regions according to the same first-return visibility rule used for LiDAR
target generation.

U-Net 3+ Based Backbone

A U-Net 3+ encoder–decoder is used as the spatial prediction backbone on the
polar range–azimuth grid [12]. Its full-scale skip connections aggregate features
from multiple spatial resolutions, allowing local radar evidence to be combined with
broader range–azimuth context during dense prediction.

For the proposed full-RDA configuration, the backbone receives the 16-channel
range–azimuth feature representation produced by the Range–Azimuth-Preserving
Doppler Spectrum Encoder. The Doppler-mean and Doppler-maximum variants
bypass the Doppler encoder and provide their single-channel range–azimuth repre-
sentations directly to the same spatial backbone. The alternative full-RDA encoder
configurations likewise interface with the backbone through a 16-channel feature
representation.

The U-Net 3+ backbone therefore provides a common spatial prediction stage
across the evaluated radar representations and Doppler encoders. U-Net 3+ was se-
lected because its full-scale skip connections combine features from multiple encoder
and decoder resolutions, allowing the network to preserve fine range–azimuth local-
ization while simultaneously exploiting broader spatial context. This combination is
well suited to dense first-return occupancy prediction, where accurate boundary lo-
calization must be inferred together with larger-scale free-space structure. Its role is
to perform multi-scale range–azimuth reasoning and produce the features required
for the azimuth-wise first-return and no-hit prediction described in Section 3.1.5.
The backbone itself is used as an established dense prediction architecture rather
than as a methodological contribution of this thesis.

First-Return and No-Hit Prediction Formulation

The prediction target follows the same azimuth-wise structure as the LiDAR-derived
supervision defined in Section 3.1.2. For each azimuth direction, the network esti-
mates either the range bin corresponding to the first observable obstacle boundary
or a no-hit outcome.

Let F denote the range–azimuth feature tensor provided to the prediction net-
work. For the full-RDA configurations, F corresponds to the output of one of
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the three Doppler encoding strategies introduced above: the single-layer projec-
tion encoder, the Roldan-style encoder, or the proposed Range–Azimuth-Preserving
Doppler Spectrum Encoder. The prediction network then produces a first-return
score tensor

S = fΦ(F ), S ∈ RB×A×(R+1), (3.27)

where B, A, and R denote the batch size, number of azimuth bins, and number
of valid physical range bins, respectively. For each azimuth bin, the first R entries
correspond to candidate first-return positions, while the additional entry represents
the no-hit class.

For hard prediction, the estimated state for each azimuth bin θ is obtained as

t̂θ = arg max
k∈{0,...,R}

S(θ,k), (3.28)

where k = 0, . . . ,R− 1 correspond to physical range bins and k = R denotes the
no-hit state.

The predicted first-return or no-hit state determines the complete occupancy
structure of the corresponding azimuth column. A physical first-return prediction
defines the free region before the boundary, the occupied boundary cell, and the
unknown region behind it, whereas a no-hit prediction corresponds to an entirely
free valid column. The hard and the differentiable soft rendering procedures are
described in the rest of this Section 3.1.5.

Occupancy Grid Rendering

The azimuth-wise first-return representation is converted into a three-state occu-
pancy grid using the same visibility structure adopted for LiDAR target generation.
Two rendering modes are used. A differentiable soft rendering is employed during
training to provide occupancy probabilities for the Lovasz component of the loss
function, whereas a hard rendering is used at inference to obtain discrete occupancy
predictions for evaluation and visualization.

Let

Ppred(θ,k) = softmax(S(θ, :))k , k ∈ {0, . . . ,R}, (3.29)

denote the predicted first-return distribution for azimuth bin θ, where k =
0, . . . ,R− 1 correspond to physical range bins and k = R denotes the no-hit state.
The physical-range probabilities are denoted by

Prange(θ,k) = Ppred(θ,k), k = 0, . . . ,R−1. (3.30)

For range bin r, the soft occupied probability is given directly by the probability
that the first return occurs at that location:

Pocc(r,θ) = Prange(θ,r). (3.31)
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A cell is unknown when the first return occurs at a smaller range and therefore
occludes the cell from direct observation. Its probability is consequently given by the
exclusive cumulative probability, where “exclusive” means that the cumulative sum
includes only first-return probabilities at ranges strictly smaller than the current bin
(r), excluding the probability at (r) itself:

Punknown(r,θ) =
r−1∑
k=0

Prange(θ,k). (3.32)

Conversely, a cell is free when no first return has occurred up to and including
its range position. The corresponding probability is:

Pfree(r,θ) = 1−
r∑

k=0
Prange(θ,k). (3.33)

These three probabilities satisfy:

Pfree(r,θ)+Pocc(r,θ)+Punknown(r,θ) = 1. (3.34)

Because the no-hit probability is not included in the cumulative sum over the
physical range bins, it contributes implicitly to the free-space probability. Conse-
quently, a high no-hit probability increases the probability that cells throughout the
valid range remain free. The resulting differentiable occupancy probabilities are used
by the occupancy-level component of the loss function described in Section 3.1.6.

For hard rendering, the predicted first-return or no-hit state is obtained using the
maximum-score index t̂θ defined in Section 3.1.5. If t̂θ <R, the discrete occupancy
prediction is:

ŷ(r,θ) =


free, r < t̂θ,

occupied, r = t̂θ,

unknown, r > t̂θ.

(3.35)

If t̂θ =R, the column is classified as no hit and all valid range cells are rendered
as free:

ŷ(r,θ) = free, ∀r ∈ {0, . . . ,R−1}. (3.36)

The rendering procedure therefore maps each azimuth-wise first-return or no-
hit prediction to a visibility-consistent occupancy column. It also ensures that the
differentiable representation used during training and the discrete occupancy grid
used during evaluation follow the same underlying first-return structure.

3.1.6 Loss Function

The proposed framework is optimized using a task-aligned loss function that com-
bines supervision of the rendered occupancy structure with direct supervision of
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the azimuth-wise first-return boundary. The baseline combined objective is first de-
fined below, followed by Radar-Aware Weighting as a controlled modification of the
first-return boundary term.

Combined Cost Function

The loss function is designed to supervise two complementary aspects of the struc-
tured first-return task. The first is occupancy-level agreement between the rendered
prediction and the LiDAR-derived target, while the second is the range-wise ac-
curacy of the predicted first-return boundary. The proposed single-frame baseline
therefore combines a Lovasz-based occupancy term with a smoothed CDF-L1 first-
return term.

The Lovasz loss is applied to the soft occupancy representation rendered from the
predicted first-return distribution, following the rendering formulation described in
Section 3.1.5. It provides a differentiable surrogate for intersection over union and
therefore directly supports occupancy-level agreement [2]. Because the occupied
state corresponds to a single first-return boundary cell in each azimuth column, the
Lovasz term is evaluated only over the free and unknown states:

CLovasz = {free,unknown}. (3.37)

The final Lovasz term is averaged over the included states that are present within
the valid supervision region as:

LLovasz = 1
|Cpresent|

∑
c∈Cpresent

LcLovasz, Cpresent ⊆ CLovasz. (3.38)

Valid no-hit columns are rendered as free and therefore remain supervised by the
Lovasz term.

Occupancy overlap alone does not directly penalize displacement of the predicted
first-return boundary along the range dimension. A smoothed CDF-L1 term is there-
fore applied directly to the azimuth-wise first-return distribution. Let Ppred(θ,k)
denote the predicted probability that the first return for azimuth bin θ occurs at
physical range bin k. The predicted cumulative distribution over the physical range
bins is

Cpred(r,θ) =
r∑

k=0
Ppred(θ,k). (3.39)

The additional no-hit class is excluded from this cumulative sum. For a no-hit
target column, the ground-truth cumulative distribution is set to zero throughout
the valid range.

For a column with a valid first return at range index tθ, a one-sided linear
smoothing window is applied before the first-return position:
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Cgt(r,θ) =


0, r ≤ tθ −w,

r− (tθ −w)
w

, tθ −w < r < tθ,

1, r ≥ tθ.

(3.40)

The smoothing width is set to

w = 2 (3.41)

range bins. This reduces sensitivity to small discretization differences around
the LiDAR-derived first-return position while retaining the ordered range structure
of the target. The use of cumulative distributions also provides a range-aware com-
parison of the predicted and target first-return distributions and is related to the
one-dimensional Wasserstein distance [35].

The smoothed CDF-L1 loss is computed over the valid range–azimuth support:

LCDF = 1
|Ω|

∑
(r,θ)∈Ω

|Cpred(r,θ)−Cgt(r,θ)| , (3.42)

where Ω denotes the range–azimuth cells retained by the validity mask defined
in Section 3.1.2, which excludes the padded bins and the unreliable azimuth sector
from supervision.

Because the Lovasz and CDF terms have different numerical scales, each term is
normalized before combination. The general loss is written as:

L = λLovasz
LLovasz
γLovasz

+λCDF
LCDF
γCDF

, (3.43)

where λLovasz and λCDF determine the global balance between the two compo-
nents, and γLovasz and γCDF denote their normalization values. For the proposed
baseline,

λLovasz = λCDF = 0.5, γLovasz = 2.0, γCDF = 1.0. (3.44)

The normalization factors were chosen based on the numerical scales observed
when the Lovasz and smoothed CDF terms were evaluated separately. In these
experiments, the Lovasz loss was approximately twice the magnitude of the smoothed
CDF loss. Accordingly, γLovasz = 2.0 and γCDF = 1.0 are used to bring the two terms
to a comparable scale before combination. After this normalization, equal global
weights, λLovasz = λCDF = 0.5, are assigned so that occupancy-overlap supervision
and first-return localization contribute equally to the combined objective, without
imposing an a priori preference for either component. The implemented baseline
loss is therefore

L = 0.5LLovasz
2.0 +0.5LCDF. (3.45)
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Both loss components are restricted to the valid supervision region defined in
Section 3.1.2. Let M(r,θ) denote the corresponding binary validity mask:

M(r,θ) =
{

1, if the cell belongs to the valid supervision region,
0, otherwise.

(3.46)

For a cell-wise loss contribution ℓ(r,θ), masking can be expressed as

Lmasked =
∑
r,θM(r,θ)ℓ(r,θ)∑

r,θM(r,θ) . (3.47)

Essentially, the validity mask prevents padded tensor regions and the unreliable
LiDAR-supervision sector from contributing to model optimization.

Radar-Aware Weighting

Radar-Aware Weighting is introduced as a controlled modification of the baseline loss
function. The radar input, network architecture, Lovasz term, and global balance
between the two loss components remain unchanged:

λLovasz = λCDF = 0.5. (3.48)

Only the azimuth-wise contribution of the smoothed CDF-L1 term is modified.
Let wθ denote the reliability weight assigned to valid azimuth column θ, and let
LCDF,θ denote the mean CDF-L1 error over the valid range cells in that column.
The weighted boundary term is defined as:

LRA
CDF =

∑
θ∈Θvalid

wθLCDF,θ∑
θ∈Θvalid

wθ
. (3.49)

The resulting loss function is:

LRA = 0.5LLovasz
2.0 +0.5LRA

CDF. (3.50)

The reliability weighting accounts for abrupt ground-truth frontier changes, far-
range and no-hit columns, proximity to the unreliable masked sector, and the avail-
ability of local radar evidence near the LiDAR-derived first return. The weighting
is applied only to the smoothed CDF-L1 term during training and does not modify
the inference architecture.

3.1.7 Causal Temporal Feature Fusion

The single-frame framework is extended with a causal temporal feature-fusion mod-
ule to investigate whether short-term radar history provides complementary evidence
for current-frame first-return prediction. For each target frame t, the model receives
the current radar cube together with the two preceding radar cubes:
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Xt = {Xt−2,Xt−1,Xt}, (3.51)

with

Xt ∈ RB×T×R×D×A, T = 3. (3.52)

The supervision target remains the LiDAR-derived first-return occupancy target
corresponding to the current frame t.

Figure 3.9 illustrates the temporal feature-fusion architecture.

Input temporal radar cubes
B x T x R x D x A

T = 3 frames

Split into 3
consecutive frames

t-2, t-1, t

Frame t-1
same encoder

Shared Doppler spectrum encoder

Frame t
same encoder

Frame  t-2
same encoder

Temporal feature fusion

Output fused feature map
B x C x R x A

U-net 3+ backbone

Figure 3.9: Causal temporal feature fusion architecture, which uses the radar cubes
at t− 2, t− 1, and t. The three frames are independently processed by a shared
Range–Azimuth-Preserving Doppler Spectrum Encoder, and the resulting range–
azimuth feature maps are fused before spatial first-return prediction using the U-Net
3+ backbone.
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Each of the three radar cubes is independently processed by the shared Range–
Azimuth-Preserving Doppler Spectrum Encoder:

Fi = gψ(Xi), i ∈ {t−2, t−1, t}, (3.53)

where the same encoder parameters ψ are used for all three cubes. The resulting
feature maps satisfy

Fi ∈ RB×16×R×A. (3.54)

The temporal module therefore operates on range–azimuth feature representa-
tions rather than directly on the raw range–Doppler–azimuth tensors.

Temporal fusion is performed using spatially varying attention weights. A shared
scoring network qη is applied independently to each encoded feature map:

si = qη(Fi), si ∈ RB×1×R×A. (3.55)

The scoring network consists of a 3 × 3 convolution that maps the 16 input
channels to 8 hidden channels, followed by a ReLU activation and a 1×1 convolution
that produces one temporal score at each range–azimuth location.

A learnable temporal prior bi is added to the score associated with each frame.
The attention weights are then obtained using a softmax over the three temporal
inputs:

αi(r,a) = exp(si(r,a)+ bi)∑
j∈{t−2,t−1,t}

exp(sj(r,a)+ bj)
. (3.56)

At every range–azimuth location,∑
i∈{t−2,t−1,t}

αi(r,a) = 1. (3.57)

The temporal weights are therefore spatially varying, allowing the relative con-
tribution of the current and historical frames to differ across the range–azimuth
grid.

The fused feature representation is computed as

Ffused,t =
∑

i∈{t−2,t−1,t}
αi⊙Fi, (3.58)

where ⊙ denotes element-wise multiplication with broadcasting over the feature-
channel dimension. The fusion preserves the range–azimuth layout:

Ffused,t ∈ RB×16×R×A. (3.59)

The fused representation is subsequently processed by the same U-Net 3+ spatial
prediction backbone used by the single-frame model:
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St = hω (Ffused,t) , (3.60)

where St denotes the first-return and no-hit score tensor for the current frame.
For simplicity, no ego-motion compensation or explicit spatial warping is applied

before temporal fusion. The historical features are therefore combined in their na-
tive range–azimuth tensor coordinates. The extension is consequently interpreted
as causal no-warp temporal feature fusion rather than as a motion-compensated
multi-frame mapping method. Residual spatial misalignment caused by ego mo-
tion or independently moving objects may therefore limit the usefulness of historical
features.

The training procedure for this extension, including initialization from the single-
frame baseline, parameter freezing, and optimization of the temporal-fusion module,
is specified in Section 3.2.3.

3.2 Experimental Setup

This section defines the experimental setup used to evaluate the proposed framework.
It first introduces the RaDelft dataset, sensor configuration, and radar preprocessing
used in this study. The reference methods are then described, followed by the
training configuration for the proposed models and controlled extensions. Finally,
the evaluation protocol defines the valid evaluation region, quantitative metrics, and
computational-efficiency measurements used for comparison.

3.2.1 Dataset and Sensor Setup

The experiments use the RaDelft dataset [29], which contains synchronized automo-
tive radar, LiDAR, camera, and ego-motion measurements collected in real-world
driving scenarios. Radar measurements are used as the model input, while synchro-
nized LiDAR point clouds provide the geometric reference for generating first-return
occupancy labels. Camera images are used only for qualitative visualization and in-
terpretation and do not contribute to network input or supervision. Ego-motion
measurements are not used by the proposed single-frame or no-warp temporal mod-
els, but are used by the odometry-compensated inverse-sensor-model reference de-
scribed in Section 3.2.2 and used for performance comparison.

Sensor Configuration

The radar measurements are acquired using a Texas Instruments MMWCAS-RF-
EVM frequency-modulated continuous-wave (FMCW) imaging radar [14] operating
around 76 GHz with 12 transmit and 16 receive antennas. The radar uses a band-
width of approximately 750 MHz, 256 analog-to-digital converter (ADC) samples
per chirp, and 128 chirps per frame, corresponding to a range resolution of approx-
imately 0.2 m and a maximum range of about 51.4 m. The synchronized LiDAR

40



3.2. Experimental Setup

measurements are provided by a RoboSense Ruby Plus sensor and serve as the ge-
ometric reference for supervision.

Figure 3.10 shows representative synchronized observations from the dataset.
The camera image provides visual context, the range–azimuth map provides an
interpretable two-dimensional view of the radar response, and the LiDAR bird’s-
eye view illustrates the geometric measurement used for supervision. The displayed
range–azimuth map is used only for visualization; the proposed full-RDA model
receives the complete range–Doppler–azimuth radar cube.

Figure 3.10: Representative synchronized observations from the RaDelft dataset,
including the camera view, radar range–azimuth visualization, and LiDAR mea-
surement used as the geometric basis for supervision in the proposed method.

The raw LiDAR point cloud is not directly used as an occupancy label because
it contains road-surface returns, height variations, vegetation, elevated structures,
and other measurements that do not necessarily correspond to the near-ground first-
return obstacle evidence considered in this thesis. It is therefore processed into a
radar-aligned first-return target using the pipeline described in Section 3.1.2.

Radar Data Preprocessing

Starting from the radar ADC measurements, the data are first reshaped according to
the acquisition structure. A Hann window is applied along the fast-time dimension,
followed by a 512-point range FFT to obtain range-resolved responses. A second
Hann window is applied along the chirp dimension before a 128-point Doppler FFT.
Because the radar employs time-division multiple-access (TDMA) MIMO acquisi-
tion, sequential transmitter activation introduces Doppler-dependent phase offsets
between transmit subarrays for moving targets. A TDMA phase-correction proce-
dure is therefore applied after Doppler processing and before angular processing to
compensate for these motion-induced phase offsets [30].

For construction of the power RDA cube used as model input, the antenna data
are first restricted to the virtual-array channels selected for azimuth estimation. A
Hann window is applied along this array dimension, followed by a 256-point azimuth
FFT. The central 240 azimuth bins are then retained by removing eight edge bins
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on each side. The resulting radar representation therefore contains 500 range bins,
128 Doppler bins, and 240 azimuth bins, forming the preprocessed range–Doppler–
azimuth radar cube.

The full radar cube forms the primary input to the proposed model and is for-
malized in Section 3.1.3. The Doppler-compressed range–azimuth variants described
in Section 3.1.3 are derived from the same preprocessed cube.

3.2.2 Reference Methods

Two reference methods from the literature are used to contextualize the performance
of the proposed framework. A traditional odometry-compensated multi-frame in-
verse sensor model provides a model-based baseline based on constant false-alarm
rate (CFAR) detections and log-odds accumulation, whereas a RaDelft-adapted Po-
larNet implementation provides a learning-based comparison in polar radar coordi-
nates. Both references are evaluated over the same valid spatial region and with the
same quantitative metrics as the proposed framework.

1. Odometry-Compensated Multi-Frame Inverse Sensor Model

A traditional inverse sensor model (ISM) is implemented as a model-based refer-
ence for the proposed learning-based framework. For each radar frame, a two-stage
ordered-statistic CFAR procedure is applied. The first stage identifies candidate
detections on the range–azimuth plane. For each candidate range–azimuth cell, a
second one-dimensional OS-CFAR test is then applied along its Doppler spectrum,
and the candidate is retained only if a significant Doppler-domain response is also
detected. The resulting binary detection mask is denoted by

Dt(r,θ) ∈ {0,1}, (3.61)

where t, r, and θ denote the frame index, range bin, and azimuth bin, respec-
tively.

For each azimuth direction containing at least one valid detection, the nearest
detected range bin is selected as the first hit:

r
(t)
hit(θ) = min{r |Dt(r,θ) = 1}. (3.62)

Cells preceding the first hit receive free-space evidence, while a Gaussian-shaped
occupied contribution is assigned around the detected boundary. Cells behind the
first hit remain unknown. If no detection is present in an azimuth column, the
complete column is treated as unknown and contributes neither free nor occupied
evidence. This prevents repeated missed detections from being accumulated as free-
space observations.

The resulting per-frame ISM is represented in log-odds form. Historical maps
are transformed into the coordinate frame of the current radar measurement us-
ing interpolated ego-motion information and accumulated over the most recent K
frames:
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Lacc
t (r,θ) =

K−1∑
j=0

L̃t−j→t(r,θ), (3.63)

where L̃t−j→t denotes the log-odds evidence from frame t− j after odometry-
based alignment to frame t.

The accumulated log-odds map is converted back to occupancy probabilities and
thresholded into free, occupied, and unknown states. For first-return evaluation, the
nearest occupied cell along each azimuth direction defines the predicted boundary;
cells before the boundary are rendered as free and cells behind it as unknown.

Notably, the final reference configuration of this approach uses K = 25 frames
and treats no-hit azimuth columns as unknown. This configuration is referred to as
the odometry-compensated multi-frame ISM.

2. RaDelft-Adapted PolarNet Reference

A PolarNet-style model is implemented as a learning-based reference for the pro-
posed framework. PolarNet was originally introduced for binary open-space seg-
mentation in polar radar coordinates [22]. The implementation used in this work
retains its main architectural principles, including anisotropic range- and azimuth-
wise convolutions, an encoder–decoder structure, and a large range-wise smoothing
layer. The input representation, supervision, and training procedure are adapted to
the RaDelft first-return task; the model is therefore treated as a RaDelft-adapted
reference rather than an exact reproduction of the original benchmark.

The input is a single-channel range–azimuth map obtained by maximum aggre-
gation over the Doppler dimension:

XRA(r,θ) = log
(

1+max
d

|XRAD(d,r,θ)|
)
. (3.64)

Each map is standardized independently and restricted to the valid 500 × 240
range–azimuth support. The three-state first-return target is converted into binary
open-space supervision:

YPN(r,θ) =
{

1, Y (r,θ) = free,
0, Y (r,θ) ∈ {occupied,unknown}.

(3.65)

No-hit columns are therefore labelled entirely as open. The valid spatial region
defined in Section 3.1.2 is applied during both training and evaluation.

The encoder uses successive 5×1 range-wise and 1×5 azimuth-wise convolutions,
while the decoder reconstructs the range–azimuth output using bilinear interpola-
tion, skip concatenation, and 3 × 3 convolutions. A 31 × 1 range-wise smoothing
layer followed by a 1 × 1 output layer produces one open-space logit per cell. A
sigmoid threshold of 0.5 is used for binary prediction.

The model is trained using masked binary cross-entropy with a batch-dependent
class weight for open-space pixels. AdamW is used with an initial learning rate of
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10−3, weight decay 10−4, batch size 8, and a maximum of 80 epochs. The learning
rate is reduced when validation mIoU stops improving, and the checkpoint with the
highest validation mIoU is retained.

For first-return evaluation, the nearest cell classified as non-open in each valid
azimuth column is taken as the predicted boundary. If all valid cells in a column
are classified as open, the column is assigned to the no-hit state. The predictions
are evaluated using the occupancy and first-return metrics defined in Section 3.2.4.

3.2.3 Training Configuration

This section defines the training protocol for the proposed single-frame framework
and its controlled extensions to three frames. Notably, the RaDelft-adapted Polar-
Net reference follows the separate binary-segmentation training configuration de-
scribed in Section 3.2.2.

Scene Split and Common Supervision

The dataset is divided at the scene level to prevent frame-level leakage between the
training, validation, and test subsets. For the primary experimental split, Scenes 1,
3, 4, 5, and 7 are used for training, Scene 2 is used for validation, and Scene 6
is reserved for final testing. This split is used consistently for the main model
development and controlled comparisons. The validation set is used for training
monitoring and checkpoint selection, whereas the test set is used exclusively for
final evaluation.

To assess whether the reported conclusions depend on the choice of a particular
test scene, an additional cross-scene evaluation is conducted in which each of the
seven scenes is used once as the held-out test scene. For each split, one of the
remaining scenes is used for validation and the other five scenes are used for training.
The validation scene is used for checkpoint selection, while the corresponding held-
out scene remains unseen during model optimization. This evaluation provides a
broader assessment of cross-scene generalization and reduces the dependence of the
conclusions on the original Scene 6 test split.

The proposed baseline and its controlled variants use the same LiDAR-derived
first-return target construction and the same valid supervision region defined in
Section 3.1.2. Consequently, padded tensor regions and the unreliable LiDAR-
supervision sector are excluded consistently during optimization. The same su-
pervision formulation is retained across the Doppler-representation comparisons,
Radar-Aware Weighting, and Causal Temporal Feature Fusion. Unless explicitly
stated otherwise, the primary Scene 6 split is used for the main controlled compar-
isons, while the additional cross-scene evaluation is used to assess the robustness of
the conclusions across different held-out scenes.
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Single-Frame Model Training

The proposed single-frame models are optimized using the Adam optimizer [16] with
an initial learning rate of 1×10−4.

A ReduceLROnPlateau scheduler monitors the validation loss and reduces the
learning rate by a factor of 0.5 when the validation loss stops improving. The
minimum learning rate is set to 1×10−6.

The models are optimized using the combined Lovasz and smoothed CDF-L1
objective defined in Section 3.1.6. For the proposed baseline and the controlled
first-return variants trained under this objective, the checkpoint with the lowest
total validation loss is retained for final evaluation.

The Doppler-compressed input configurations and structured Doppler-encoder
comparisons use the same scene split, target construction, valid supervision region,
and downstream first-return prediction framework. Radar-Aware Weighting likewise
retains the baseline architecture and global loss coefficients, with only the azimuth-
wise weighting of the smoothed CDF-L1 term modified as described in Section 3.1.6.

The single-layer Doppler projection configuration was trained using an earlier
objective setting and is therefore treated as a reference configuration rather than as
a strictly controlled encoder-only ablation, as described in Section 3.1.4.

The RaDelft-adapted PolarNet reference follows its separate optimization and
checkpoint-selection protocol, in which the checkpoint with the highest validation
mIoU is retained, as specified in Section 3.2.2. In all cases, the test set is excluded
from checkpoint selection.

Temporal-Fusion Training

The Causal Temporal Feature Fusion model is initialized from the selected single-
frame baseline checkpoint. The Range–Azimuth-Preserving Doppler Spectrum En-
coder and the U-Net 3+ prediction backbone are kept frozen, and only the temporal
feature-fusion module is optimized at training. This training strategy isolates the ef-
fect of temporal feature aggregation from improvements that could otherwise result
from re-optimizing the single-frame feature extractor or spatial prediction backbone.

For each training sample, the radar measurements at t− 2, t− 1, and t are pro-
vided as input, while the supervision target remains the LiDAR-derived first-return
target corresponding to the current frame t. The same scene split, valid supervision
region, baseline loss function, and validation-loss-based checkpoint-selection crite-
rion are retained. The temporal-fusion architecture itself is defined in Section 3.1.7.

3.2.4 Evaluation Protocol and Metrics

The proposed framework and reference methods are evaluated using a common pro-
tocol covering occupancy classification, first-return boundary localization, prediction
consistency, and computational efficiency. All quantitative metrics are computed
over the same valid spatial support to ensure a fair comparison between methods.
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Valid Evaluation Region

Quantitative evaluation is restricted to the valid radar-aligned region defined in
Section 3.1.2. The corresponding binary evaluation mask is denoted by:

Meval(r,θ) =
{

1, if the cell is included in evaluation,
0, otherwise.

(3.66)

The evaluation region excludes padded tensor areas and is restricted to the
physical support containing 500 range bins and 240 azimuth bins. The unreliable
LiDAR-supervision sector from approximately −63◦ to −37◦, previously defined in
Section 3.1.2, is also excluded. The same spatial support is used for all evaluated
methods.

Occupancy metrics are computed only over cells satisfying Meval(r,θ) = 1. First-
return distance metrics are computed only for azimuth columns belonging to the
corresponding valid angular region.

Occupancy Classification Metrics

Occupancy classification is evaluated at the grid-cell level. Although the first-return
representation contains free, occupied, and unknown states, the quantitative occu-
pancy evaluation focuses on the distinction between visible free space and non-free
space. The occupied and unknown states are therefore grouped into a single unfree
category:

ybin(r,θ) =
{

free, y(r,θ) = free,
unfree, y(r,θ) ∈ {occupied,unknown}.

(3.67)

For each class c ∈ {free,unfree}, intersection over union is computed as

IoUc = TPc
TPc+FPc+FNc

, (3.68)

where TPc, FPc, and FNc denote the true-positive, false-positive, and false-
negative cell counts for class c, respectively. All counts are restricted to the valid
evaluation region.

The reported occupancy metrics are IoUfree, IoUunfree, and their mean:

mIoU = 1
2 (IoUfree +IoUunfree) . (3.69)

These metrics quantify the agreement between the predicted and LiDAR-derived
occupancy structure, while the first-return metrics described below directly evaluate
the geometric location of the nearest boundary.
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First-Return Distance Metrics

First-return distance metrics evaluate the range accuracy of the predicted nearest
boundary along each valid azimuth direction. This complements the occupancy met-
rics, since similar cell-wise overlap can still result from different boundary locations.

Let tn,θ and t̂n,θ denote the ground-truth and predicted first-return indices, re-
spectively, for test frame n and valid azimuth bin θ. Physical first-return locations
are represented by indices 0, . . . ,R− 1, while the additional index R represents the
no-hit state. The predicted index is obtained from the corresponding output repre-
sentation of each evaluated method.

The range error for frame n and azimuth bin θ is

en,θ =
∣∣∣t̂n,θ − tn,θ

∣∣∣∆r, (3.70)

where ∆r denotes the radar range-bin resolution.
The frame-level first-return mean absolute error is

MAEn = 1
|Θvalid|

∑
θ∈Θvalid

en,θ, (3.71)

where Θvalid denotes the azimuth bins retained by the evaluation mask.
For N test frames, the reported mean first-return error is

MAE = 1
N

N∑
n=1

MAEn. (3.72)

To characterize prediction consistency across the test sequence, the population
variance of the frame-level MAE values is additionally reported:

Varframe-MAE = 1
N

N∑
n=1

(
MAEn−MAE

)2
. (3.73)

A lower variance indicates more consistent boundary-localization performance
across test frames. This metric describes variation between frame-level errors rather
than variation between individual azimuth-column errors within a frame.

Computational Cost Analysis

Computational efficiency is evaluated for the learning-based methods using param-
eter count, multiply–accumulate operations in GMACs, GPU inference latency,
throughput in frames per second, and peak GPU memory usage. Parameter counts
include all components required during inference, including modules that were frozen
during training.

All models are profiled with batch size one using FP32 inference on an NVIDIA
A100 GPU. Each method is evaluated using its corresponding inference input: a
single-channel range–azimuth map for the RaDelft-adapted PolarNet reference, one
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range–Doppler–azimuth cube for the proposed single-frame baseline, and three con-
secutive radar cubes for the Causal Temporal Feature Fusion model.

Importantly, latency measurements cover only the neural-network forward pass
after GPU warm-up. Data loading, radar preprocessing, CPU-to-GPU transfer, oc-
cupancy rendering, metric computation, and visualization are excluded. Throughput
is derived from the measured mean forward-pass latency.

For the temporal-fusion model, the reported cost corresponds to the implemented
no-cache inference procedure, in which the radar cubes at t− 2, t− 1, and t are
processed for every prediction. Radar-Aware Weighting is not profiled separately
because it modifies only the training objective and therefore has the same inference
architecture and computational cost as the proposed single-frame baseline.

3.3 Summary
This chapter presented the methodology for LiDAR-supervised radar-based first-
return occupancy grid mapping. The proposed framework converts synchronized Li-
DAR measurements into radar-aligned first-return supervision and formulates radar
occupancy estimation as an azimuth-wise first-return or no-hit prediction problem.
The complete range–Doppler–azimuth radar measurement is processed using the
proposed Range–Azimuth-Preserving Doppler Spectrum Encoder, followed by a U-
Net 3+ spatial backbone and visibility-consistent occupancy rendering. Training
combines occupancy-oriented Lovasz supervision with a smoothed CDF-L1 term
that directly supervises first-return boundary localization.

Two controlled extensions were additionally defined. Radar-Aware Weighting
modifies only the azimuth-wise contribution of the CDF-based boundary term, while
Causal Temporal Feature Fusion incorporates short-term radar context through
feature-level fusion of three consecutive frames.

The experimental setup was defined using the RaDelft dataset, with an odometry-
compensated multi-frame inverse sensor model and a RaDelft-adapted PolarNet
serving as model-based and learning-based references, respectively. Common scene
splits, valid supervision and evaluation regions, occupancy metrics, first-return dis-
tance metrics, and computational-efficiency measurements were specified to support
consistent comparison across the evaluated configurations.

The following chapter presents the quantitative and qualitative results of these
experiments, including comparisons with the reference methods, Doppler represen-
tation and encoding analyses, and evaluation of the two controlled extensions.
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Results

This chapter presents the experimental evaluation of the proposed LiDAR-supervised
radar-based first-return occupancy grid mapping framework. The results are orga-
nized into three main parts. First, the proposed single-frame method is evaluated on
the primary held-out RaDelft test scene against the traditional odometry-compensated
multi-frame ISM and the RaDelft-adapted PolarNet reference. A leave-one-scene-out
evaluation is then conducted across all seven RaDelft scenes to assess the consistency
of the proposed method across different held-out environments. Second, a series of
ablation studies and controlled experiments analyse the contributions of the loss for-
mulation, radar input representation, Doppler encoding strategy, and the proposed
extensions. Qualitative examples and failure cases are incorporated into the cor-
responding quantitative analyses where they provide additional insight into model
behaviour. Finally, the computational requirements of the learning-based configura-
tions are examined to assess the trade-off between predictive performance and infer-
ence efficiency. All reported metrics are computed over the common valid evaluation
region defined in Section 3.2.4.

4.1 Evaluation of the Proposed Method

4.1.1 Performance on the Held-Out Test Scene

To provide results at a first glance, over the complete held-out RaDelft test scene
(scene #6), the proposed single-frame method achieves a mean (across frames)
IoUfree of 0.79 and a mean (across frames) IoUunfree of 0.82, resulting in an mIoU of
approximately 0.80. The mean first-return MAE is 5.38 m, while the population vari-
ance of the per-frame MAE is 6.52 m2. The comparable free- and unfree-space IoU
values indicate that the overall occupancy performance is not obtained by favouring
only one side of the first-return boundary. The boundary-level metric further shows
that the transition between visible free space and the unobserved region can be
localized more precisely than would be apparent from cell-wise occupancy overlap
alone.
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To place these numbers in context, Table 4.1 compares the performance of
the proposed method with the two reference approaches defined in Section 3.2.2:
the odometry-compensated multi-frame ISM and the RaDelft-adapted PolarNet.
The ISM represents a conventional model-based radar mapping pipeline based on
CFAR detections and temporal log-odds accumulation, whereas PolarNet provides
a learning-based reference operating on a Doppler-compressed range–azimuth rep-
resentation. All three methods are evaluated on the same held-out test scene and
within the common valid evaluation region, as discussed in the previous chapter.

Table 4.1: Comparison of the proposed method with the odometry-compensated
multi-frame ISM and the RaDelft-adapted PolarNet reference on the RaDelft test
scene. Mean quantities are computed across all frames, and the variance is computed
across the per-frame first-return MAE values.

Method
IoUfree

↑
IoUunfree

↑
mIoU

↑
MAE [m]

↓
Frame-MAE Var.

m2 ↓

Multi-frame ISM 0.47 0.62 0.54 14.20 –
RaDelft-adapted PolarNet 0.57 0.70 0.64 10.89 10.97
Proposed method 0.79 0.82 0.80 5.38 6.52

The proposed method substantially outperforms both reference approaches. Rel-
ative to the multi-frame ISM, the mIoU increases from 0.54 to 0.80, while the mean
first-return MAE decreases from 14.20 m to 5.38 m. Compared with PolarNet, the
proposed method improves the mIoU from 0.64 to 0.80 and reduces the mean first-
return MAE from 10.89 m to 5.38 m. The lower frame-MAE variance compared
with PolarNet additionally indicates more consistent boundary localization across
the test sequence.

The performance gap is consistent with the different ways in which the methods
use the radar measurements. The ISM first reduces the radar observation to sparse
CFAR detections and then determines the nearest detected cell along each azimuth
direction. Missed detections may therefore shift the estimated frontier to a larger
range, while false detections may introduce an erroneously close boundary. Multi-
frame log-odds accumulation increases the amount of evidence available over time,
but it cannot recover information that has already been removed by the detection
thresholding stage.

PolarNet provides a stronger reference than the ISM but also differs substan-
tially from the proposed framework. It compresses the Doppler dimension through
maximum aggregation before inference and predicts binary open space at the range–
azimuth cell level. In contrast, the proposed method retains the complete Doppler-
resolved measurement and formulates the output directly as one first-return or no-hit
state per azimuth column. The predicted occupancy grid is then rendered accord-
ing to the corresponding visibility structure. The comparison therefore reflects the
complete proposed framework rather than the contribution of any single component;
these components are examined separately in Section 4.2.
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Aggregate metrics averaged over all frames do not show how prediction quality
varies throughout the test sequence. Figures 4.1 and 4.2 therefore show the frame-
wise mIoU and first-return MAE for all three methods. Faint curves represent the
original per-frame measurements, whereas the solid curves show a centred 30-frame
moving average, corresponding to approximately 3 s at the 10 Hz dataset frame rate,
to make the local performance trends easier to interpret. The mean values reported
in the legends are calculated from the original per-frame measurements, as reported
in Table 4.1.

Figure 4.1: Per-frame mIoU of the proposed method, the RaDelft-adapted PolarNet,
and the multi-frame ISM across the RaDelft test scene. Faint curves show the orig-
inal frame-wise measurements, while solid curves show a centred 30-frame moving
average. The mean values in the legend are computed from the original per-frame
measurements.

Figure 4.1 shows that the proposed method maintains consistently higher occu-
pancy agreement over most of the test sequence. Its local trend generally remains
around or above an mIoU of 0.8, with several intervals approaching 0.9. Performance
nevertheless varies with the observed scene. Several extended intervals exhibit lower
occupancy agreement, most notably around approximately frames 800–1100 and
1800–2100. Inspection of sampled camera frames from these intervals indicates that
they frequently correspond to road segments with less clearly defined lateral bound-
aries, including tree-lined roads, vegetation, grass verges, and locally irregular or dis-
continuous roadside structures. Such environments can produce more fragmented
first-return geometry and less spatially distinct radar responses than scenes with
continuous and well-defined road boundaries. The reference methods exhibit related
variations in several of these intervals, further suggesting that part of the perfor-
mance degradation is associated with scene-dependent sensing difficulty rather than
isolated model errors.

The sequence-level comparison further shows that the advantage of the proposed
method is not restricted to a small number of favourable frames. Although the dif-
ference between the methods becomes smaller in some challenging intervals, the
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proposed method remains above the two references over most of the sequence. Po-
larNet generally forms the intermediate performance level, whereas the multi-frame
ISM exhibits lower overall occupancy agreement and stronger degradation in several
scene segments.

Figure 4.2: Per-frame first-return MAE of the proposed method, the RaDelft-
adapted PolarNet, and the multi-frame ISM across the RaDelft test scene. Faint
curves show the original frame-wise measurements, while solid curves show a centred
30-frame moving average. The mean values in the legend are computed from the
original per-frame measurements.

The first-return errors in Figure 4.2 show a corresponding pattern. The pro-
posed method maintains the lowest local MAE trend over most of the test sequence.
Higher-error intervals are still present, including several regions where the smoothed
MAE approaches or exceeds 10 m, but these increases are generally accompanied by
substantially larger errors in one or both reference methods.

The temporal variation in the two metrics is broadly consistent. Intervals with
reduced mIoU often coincide with increased first-return MAE, indicating that de-
terioration in occupancy agreement is associated with greater displacement of the
predicted first-return boundary. Nevertheless, the metrics capture different prop-
erties of the prediction. mIoU measures disagreement over the free–unfree regions,
whereas first-return MAE directly measures the range displacement of the nearest
predicted boundary. Frames with similar occupancy overlap can therefore still differ
substantially in boundary-localization error.

The quantitative trends are further illustrated by representative qualitative ex-
amples. In the following three figures, the yellow region denotes the LiDAR-derived
free-space region, the white curve denotes the corresponding ground-truth first-
return frontier, and the cyan curve denotes the predicted frontier. The shaded
azimuth sector corresponds to the region excluded from training and evaluation
because of unreliable LiDAR supervision.

First, figure 4.3 shows a representative high-performing frame.
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Figure 4.3: Representative high-performing prediction of the proposed method. The
yellow region denotes the LiDAR-derived free-space region, the white curve denotes
the ground-truth first-return frontier, and the cyan curve denotes the predicted
frontier. The proposed method achieves an mIoU of 0.938 and a first-return MAE
of 1.41 m in this frame.

In this relatively regular road scene, the predicted frontier follows the LiDAR-
derived boundary closely over most azimuth directions. Both the gradual variation
of the road-side boundary and several larger range transitions are reproduced with
limited displacement. The close alignment between the white and cyan curves is con-
sistent with the high mIoU of 0.938 and the low first-return MAE of 1.41 m. This
example illustrates that, when the radar observations provide sufficiently clear spa-
tial evidence, the proposed method can recover both the global free-space geometry
and local variations in the first-return boundary.

Then, a more challenging example is shown in Figure 4.4.
In the more challenging scene, the ground-truth frontier contains stronger local

variation and several abrupt changes in first-return range across neighbouring az-
imuth directions. The prediction still captures the dominant large-scale free-space
structure, particularly where the boundary varies gradually, but larger discrepancies
occur around sharp range transitions and narrow local structures. In several azimuth
regions, the predicted frontier remains spatially smooth while the LiDAR-derived
frontier changes rapidly, resulting in larger local range errors. The corresponding
mIoU of 0.758 and first-return MAE of 6.69 m are therefore lower and higher, respec-
tively, than in the high-performing example, while still showing that the principal
scene geometry is retained.

Figure 4.5 further compares the three methods on a common representative
scene. The camera image is included only to provide visual context.

The qualitative comparison is consistent with the quantitative results. The ISM
captures the broad free-space structure but produces a more fragmented and dis-
placed frontier in several azimuth regions. PolarNet yields a smoother prediction,
although noticeable deviations from the LiDAR-derived boundary remain. The pro-
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Figure 4.4: Representative challenging prediction of the proposed method. The
yellow region denotes the LiDAR-derived free-space region, the white curve denotes
the ground-truth first-return frontier, and the cyan curve denotes the predicted
frontier. The proposed method achieves an mIoU of 0.758 and a first-return MAE
of 6.69 m in this frame.

Camera  test idx 459

-60 -40 -20 0 20 40 60
Azimuth (deg)

10

20

30

40

50

Ra
ng

e 
(m

)

Multi-frame ISM
mIoU=0.585, MAE=10.44 m

-60 -40 -20 0 20 40 60
Azimuth (deg)

RaDelft-adapted PolarNet
mIoU=0.522, MAE=15.64 m

-60 -40 -20 0 20 40 60
Azimuth (deg)

Proposed baseline
mIoU=0.913, MAE=1.96 m

Figure 4.5: Qualitative comparison of the odometry-compensated multi-frame ISM,
the RaDelft-adapted PolarNet, and the proposed method. In each polar representa-
tion, the white curve denotes the LiDAR-derived ground-truth first-return frontier
and the cyan curve denotes the predicted frontier.
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posed method follows the dominant first-return structure more closely over a larger
portion of the field of view and better preserves local changes in boundary range.

Overall, the proposed method provides more accurate and consistent occupancy
estimation and first-return localization than both the traditional model-based ref-
erence and the adapted learning-based reference. Its strongest predictions occur
when the first-return structure is supported by clear radar evidence, while abrupt
boundary changes, narrow structures, and locally ambiguous radar responses remain
more challenging. The following section examines the contributions of the individual
design choices and controlled extensions through a series of ablation studies.

4.1.2 Cross-Scene Generalization

The preceding evaluation uses scene #6 as the held-out test scene. To examine
whether the performance of the proposed method depends strongly on this partic-
ular test scene, an additional leave-one-scene-out evaluation is conducted across all
seven RaDelft scenes. In each fold, one complete scene is held out for testing, while
the remaining scenes are used for model development according to the corresponding
training and validation split. The same proposed single-frame architecture and eval-
uation protocol are retained across all folds. This experiment therefore provides a
scene-level assessment of generalization to previously unseen driving environments.

Table 4.2 summarizes the results. The final row reports the macro mean and
standard deviation across the seven held-out scenes, such that each scene contributes
equally irrespective of its number of frames.

Table 4.2: Leave-one-scene-out evaluation of the proposed single-frame method
across the seven RaDelft scenes. Each row reports the performance obtained when
the corresponding scene is held out for testing. The final row gives the macro mean
and standard deviation across scenes.

Held-out scene
IoUfree

↑
IoUunfree

↑
mIoU

↑
MAE [m]

↓
Frame-MAE Var.

m2 ↓

Scene 1 0.76 0.69 0.72 7.58 6.86
Scene 2 0.78 0.81 0.80 5.43 5.74
Scene 3 0.73 0.90 0.81 3.97 3.17
Scene 4 0.76 0.77 0.77 6.50 3.84
Scene 5 0.79 0.83 0.81 5.14 4.56
Scene 6 0.78 0.82 0.80 5.38 6.54
Scene 7 0.70 0.81 0.76 6.28 5.73

Macro mean ± std 0.76 ± 0.03 0.81 ± 0.06 0.78 ± 0.03 5.75 ± 1.07 5.21 ± 1.28

Across the seven held-out scenes, the proposed method achieves a macro-average
mIoU of 0.78±0.03 and a first-return MAE of 5.75±1.07 m. Although some scene-
dependent variation is present, the occupancy agreement remains within a relatively
compact range across most scenes. The mean values are also close to those obtained
on the primary held-out test scene, where the proposed method achieves an mIoU
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of approximately 0.80 and a first-return MAE of 5.38 m. This indicates that the
performance observed in the main evaluation is not restricted to a single favourable
test sequence.

The largest difference is observed between Scenes 1 and 3. Scene 3 provides the
strongest boundary-localization result, with an mIoU of 0.81 and a first-return MAE
of 3.97 m, whereas Scene 1 is the most challenging, with an mIoU of 0.72 and an
MAE of 7.58 m. Inspection of the LiDAR-derived first-return distributions shows
that Scene 1 contains substantially more long-range and no-hit azimuth columns,
corresponding predominantly to more open road environments in which the visible
free-space region extends farther from the radar. In contrast, Scene 3 contains
more nearby roadside and urban structures, resulting in generally shorter first-return
distances and a much lower proportion of no-hit rays. These differences make precise
frontier localization more demanding in Scene 1, since an erroneous early return
along a long or no-hit ray can produce a large range error. Local abrupt changes
and narrow structures remain challenging in both scenes and contribute to additional
frame-level variation.

Overall, the leave-one-scene-out results provide additional evidence that the pro-
posed single-frame framework generalizes across the different RaDelft scenes rather
than relying on the characteristics of the primary test scene. At the same time,
the remaining variation indicates that first-return localization is sensitive to the un-
derlying scene geometry and sensing conditions, particularly in environments with
long visible ranges and a high proportion of no-hit directions. Together with the
fixed-test-scene results above, this supports the use of the proposed architecture
as the principal configuration for the subsequent ablation and controlled-extension
analyses.

4.2 Ablation Studies and Discussion

Having established the performance of the complete proposed method, this section
examines the design choices that contribute to its behaviour. The analysis first
investigates the loss function, including the contribution of its individual terms and
the effect of transferring the proposed formulation to the RaDelft-adapted PolarNet
architecture. The radar representation and Doppler-processing strategy are then
analysed through comparisons between fixed Doppler-compressed inputs, alternative
full-RDA encoders, and a corresponding transfer of the proposed Doppler Spectrum
Encoder to PolarNet.

These experiments are complemented by a component-level study on PolarNet,
in which the proposed Doppler encoder and adapted learning objective are intro-
duced individually and jointly. This provides an additional cross-architecture test of
whether the observed improvements arise from universally transferable components
or from their integration within the complete structured first-return framework. The
section subsequently evaluates Radar-Aware Weighting and Causal Temporal Fea-
ture Fusion as controlled extensions of the selected single-frame model. Qualitative
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examples and failure cases are incorporated into the corresponding analyses where
they help explain the quantitative behaviour. Finally, the computational cost of the
learning-based configurations is examined to assess the trade-off between predictive
performance and inference efficiency.

4.2.1 Analysis of the Loss Function

The loss function is analysed by comparing the proposed combined formulation with
several alternative supervision strategies. The evaluated configurations include the
Huber loss [13], the reverse Huber (BerHu) loss [18], Lovasz-only supervision [2],
CDF-only supervision, smoothed-CDF-only supervision, and the proposed combi-
nation of normalized Lovasz and smoothed CDF-L1 losses. All configurations use
the same radar input, Doppler encoder, prediction backbone, scene split, supervision
target, and evaluation protocol, so that the comparison focuses on the effect of the
overall proposed loss.

Table 4.3 summarizes the results.

Table 4.3: Comparison of different loss function formulations on the RaDelft test
scene. The variance is computed across the per-frame first-return MAE values.

Learning objective
IoUfree

↑
IoUunfree

↑
mIoU

↑
MAE [m]

↓
Frame-MAE Var.

m2 ↓

BerHu 0.73 0.76 0.75 7.14 10.51
Huber 0.74 0.77 0.76 6.77 10.63
Lovasz 0.78 0.81 0.79 5.60 7.28
CDF 0.78 0.80 0.79 5.74 6.58
Smoothed CDF 0.78 0.81 0.80 5.57 6.90
Proposed combined loss 0.79 0.82 0.80 5.38 6.52

A clear difference is observed between the generic regression losses and those that
explicitly reflect the occupancy or first-return structure of the task. BerHu and Hu-
ber produce the weakest results among the evaluated configurations. BerHu achieves
an mIoU of 0.75 and a first-return MAE of 7.14 m, while Huber improves these val-
ues to 0.76 and 6.77 m, respectively. Both configurations also exhibit substantially
larger frame-MAE variance than the task-aligned alternatives. These results indicate
that directly penalizing boundary-distance errors with a generic regression loss does
not sufficiently capture the structured free–occupied–unknown relationship induced
by the first-return formulation.

In contrast, both occupancy-oriented and cumulative first-return supervision
provide substantially stronger performance. Lovasz reaches an mIoU of 0.79 and
a first-return MAE of 5.60 m. The relatively high IoUunfree of 0.81 is consistent with
the role of the Lovasz term in directly optimizing occupancy-region overlap. CDF
also performs strongly, with an mIoU of 0.79, an MAE of 5.74 m, and a frame-MAE
variance of 6.58 m2. This shows that direct supervision of the cumulative first-
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return structure is sufficient to recover much of the required occupancy geometry
even without an explicit occupancy-overlap term.

Applying linear smoothing to the CDF target improves the mean predictive ac-
curacy relative to the unsmoothed formulation. Smoothed CDF increases the mIoU
from 0.79 to 0.80 and reduces the mean first-return MAE from 5.74 m to 5.57 m.
This behaviour is consistent with the motivation for smoothing the LiDAR-derived
boundary target: small range-bin discrepancies around the first-return position are
penalized less abruptly, reducing sensitivity to discretization and local supervision
uncertainty. The frame-MAE variance increases slightly from 6.58 m2 to 6.90 m2,
however, indicating that the improvement is primarily reflected in average localiza-
tion accuracy rather than across-frame consistency.

The strongest overall result is obtained by combining the normalized Lovasz term
with the smoothed CDF-L1 term. The combined loss reaches an mIoU of 0.80, a
mean first-return MAE of 5.38 m, and a frame-MAE variance of 6.52 m2. Relative
to Lovasz, the combined loss reduces the mean boundary error by approximately
0.22 m and lowers the frame-MAE variance. Relative to smoothed CDF, it further
improves both occupancy overlap and mean boundary localization.

These results support the complementary roles of the two loss components. The
Lovasz term provides occupancy-oriented supervision of the rendered free and un-
known regions, whereas the smoothed CDF-L1 term directly constrains the range-
wise location of the first-return boundary. Neither component alone clearly domi-
nates across all metrics. Their combination instead provides the most favourable bal-
ance between cell-wise occupancy agreement, boundary-localization accuracy, and
prediction consistency, motivating its use as the default loss function of the proposed
method.

4.2.2 Analysis of Radar Representation and Doppler Encoding

The initial radar processing steps, i.e., before the backbone network, are analysed
from two complementary perspectives. First, the effect of retaining the Doppler-
resolved radar measurement is examined by comparing fixed Doppler-compressed
range–azimuth representations with the full range–Doppler–azimuth input used by
the proposed method. Second, given the full RDA representation, alternative strate-
gies for encoding the Doppler dimension are compared before range–azimuth spatial
prediction.

Effect of Radar Input Representation

The first experiment examines the effect of compressing the Doppler dimension be-
fore spatial prediction. Two fixed range–azimuth representations are considered.
Doppler-mean aggregation averages the response over all Doppler bins (mean pool),
whereas Doppler-maximum aggregation retains the strongest response at each range–
azimuth location (max pool). Both variants produce a single-channel range–azimuth
input that is passed directly to the U-Net 3+ first-return prediction backbone.
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These configurations are compared with the proposed full-RDA setting, in which
the complete Doppler spectrum is retained and transformed into range–azimuth fea-
tures by the proposed Doppler Spectrum Encoder. All configurations use the same
scene split, LiDAR-derived supervision, valid evaluation region, and first-return eval-
uation protocol. Since the compressed-input variants remove both the Doppler di-
mension and the corresponding learnable Doppler encoder, this experiment compares
complete radar-input processing configurations rather than constituting a strictly
representation-only ablation.

Table 4.4: Comparison of fixed Doppler-compressed range–azimuth representations
and the proposed full-RDA configuration on the RaDelft test scene. The variance
is computed across the per-frame first-return MAE values.

Input configuration
IoUfree

↑
IoUunfree

↑
mIoU

↑
MAE [m]

↓
Frame-MAE Var.

m2 ↓

Doppler mean R–A 0.72 0.78 0.75 7.12 10.00
Doppler maximum R–A 0.75 0.80 0.77 6.35 8.87
Full R–D–A with proposed encoder 0.79 0.82 0.80 5.38 6.52

Among the fixed Doppler-compression strategies, maximum aggregation consis-
tently outperforms mean aggregation. Doppler maximum reaches an mIoU of 0.774
and a mean first-return MAE of 6.35 m, compared with 0.750 and 7.12 m, respec-
tively, for Doppler mean. The frame-MAE variance is also reduced from 10.00 m2

to 8.87 m2. These results indicate that retaining the strongest Doppler response at
each spatial location is more effective than averaging the complete Doppler spec-
trum for the present task. Mean aggregation can suppress localized responses by
averaging them with weaker Doppler bins, whereas maximum aggregation preserves
at least the dominant response at each range–azimuth location.

The full-RDA configuration provides a further improvement across all reported
metrics. Relative to Doppler maximum, the proposed configuration increases the
mIoU from 0.774 to approximately 0.80, reduces the mean first-return MAE by
0.97 m, and decreases the frame-MAE variance from 8.87 m2 to 6.52 m2. The
reduction in both mean error and across-frame variance indicates that retaining the
Doppler-resolved measurement benefits not only average boundary localization but
also the consistency of the predictions across the test sequence.

Figure 4.6 provides a representative qualitative example in which the difference
between the three input configurations is particularly clear. The yellow region de-
notes the LiDAR-derived free-space region, the white curve denotes the ground-truth
first-return frontier, and the cyan curve denotes the corresponding model prediction.

In this frame, all three configurations recover the dominant large-scale free-space
structure, but clear differences appear in the localization of individual first-return
transitions. The proposed full-RDA configuration follows the LiDAR-derived fron-
tier closely over most azimuth directions, including the gradual boundary variation
around the central field of view and several sharper range transitions. This results
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Figure 4.6: Qualitative comparison of the proposed full-RDA configuration with
Doppler-mean and Doppler-maximum range–azimuth inputs. The yellow region
denotes the LiDAR-derived free-space region, the white curve denotes the ground-
truth first-return frontier, and the cyan curve denotes the predicted frontier. The
proposed configuration (left) achieves an mIoU of 0.934 and a first-return MAE of
1.31 m, compared with 0.764 and 6.01 m for Doppler mean (middle), and 0.827 and
4.12 m for Doppler maximum (right).

in an mIoU of 0.934 and a first-return MAE of only 1.31 m.
Doppler-mean aggregation exhibits substantially larger deviations from the ground-

truth frontier. In particular, several abrupt predicted range changes appear in re-
gions where the ground-truth boundary varies more smoothly, resulting in an mIoU
of 0.764 and an MAE of 6.01 m. Doppler maximum preserves the boundary more
effectively than Doppler mean, consistent with the aggregate results, but still intro-
duces several local first-return displacements and obtains an mIoU of 0.827 and an
MAE of 4.12 m.

The qualitative comparison therefore reflects the trend observed over the com-
plete test scene. Fixed Doppler compression can preserve sufficient spatial informa-
tion to recover the overall free-space geometry, particularly when maximum aggre-
gation is used, but it discards the internal structure of the Doppler spectrum before
learning. By retaining the complete Doppler-resolved measurement, the proposed
configuration allows the network to learn which spectral responses are informative
for first-return estimation instead of committing to a fixed mean or maximum pro-
jection in advance.

Overall, the results support the use of the full RDA representation in the pro-
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posed framework. However, because retaining the Doppler dimension also requires
a learnable Doppler encoder, the improvement cannot be attributed solely to the
input representation, i.e. to the fact that there are more Doppler values than just a
mean or maximum value. The effect of the Doppler encoding architecture processing
such data is therefore examined separately in the following experiment.

Effect of Doppler Encoder Design

The second experiment compares alternative strategies for transforming the retained
Doppler spectrum into range–azimuth features. The evaluated configurations are
the single-layer Doppler projection, the Roldán-style three-dimensional Doppler en-
coder adapted from Roldán et al. [29], and the proposed Range–Azimuth-Preserving
Doppler Spectrum Encoder. All three configurations process the full RDA cube and
provide 16 output feature channels to the subsequent U-Net 3+ prediction backbone.
Their architectural definitions are given in Section 3.1.4. Table 4.5 summarizes their
quantitative performance on the held-out test scene.

Table 4.5: Comparison of full-RDA Doppler encoder configurations on the RaDelft
test scene. The variance is computed across the per-frame first-return MAE values.

Encoder configuration
IoUfree

↑
IoUunfree

↑
mIoU

↑
MAE [m]

↓
Frame-MAE Var.

m2 ↓

Single-layer Doppler projection 0.75 0.80 0.77 6.35 9.44
Roldán-style Doppler encoder [29] 0.79 0.82 0.80 5.37 6.70
Proposed Doppler Spectrum Encoder 0.79 0.82 0.80 5.38 6.52

The single-layer Doppler projection obtains an mIoU of 0.77, a mean first-return
MAE of 6.35 m, and a frame-MAE variance of 9.44 m2. Both structured Doppler
encoders provide substantially stronger results, increasing the mIoU to 0.80 and
reducing the mean first-return MAE to approximately 5.4 m. This comparison
indicates that a structured transformation of the Doppler spectrum is more effective
than directly projecting all Doppler bins through a single 1×1 operation.

The single-layer configuration should, however, be interpreted as a reference
configuration rather than as a strictly controlled encoder-only ablation, because it
was trained using an earlier objective setting. The comparison therefore provides
supporting evidence for structured Doppler processing, while the relative comparison
between the Roldán-style and proposed encoders is more directly informative.

The Roldán-style encoder and the proposed Doppler Spectrum Encoder achieve
almost identical aggregate predictive performance. The Roldán-style configuration
obtains a marginally lower mean first-return MAE of 5.37 m, compared with 5.38 m
for the proposed encoder, while both achieve an mIoU of 0.80. The proposed encoder
provides a slightly lower frame-MAE variance of 6.52 m2, compared with 6.70 m2

for the Roldán-style alternative. The differences in predictive accuracy are therefore
negligible at the reported precision.
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The main distinction between the two structured encoders is however compu-
tational. The Roldán-style configuration requires 139.6 GMACs, whereas the pro-
posed configuration requires 125.3 GMACs. This corresponds to a reduction of
approximately 10.24% in computational workload while maintaining essentially the
same predictive accuracy. The proposed encoder additionally restricts its three-
dimensional convolutions to the Doppler dimension, preserving the range–azimuth
geometry until the subsequent two-dimensional spatial backbone.

Overall, the radar-front-end experiments support the two design choices used
in the final proposed method. First, retaining the complete Doppler-resolved mea-
surement provides stronger performance than applying fixed mean or maximum
Doppler compression before learning. Second, structured Doppler encoding sub-
stantially outperforms the simple projection reference, while the proposed Range–
Azimuth-Preserving Doppler Spectrum Encoder achieves accuracy comparable to
the Roldán-style alternative at lower computational cost. These results motivate
the use of the full-RDA input and proposed Doppler encoder in the selected single-
frame configuration.

4.2.3 Component Analysis on PolarNet

To further examine whether the gains of the proposed framework can be attributed
to individual components in isolation, selected components are transferred to the
RaDelft-adapted PolarNet reference. This experiment is intended as a cross-architecture
component analysis rather than a strict ablation, since PolarNet differs from the
proposed framework in both its spatial backbone and its binary cell-wise prediction
formulation. The proposed Doppler encoder and the proposed learning objective are
therefore evaluated individually and jointly within the PolarNet framework. In addi-
tion, the Roldán-style Doppler encoder is transferred to PolarNet to assess whether
the effect of learned Doppler processing depends on the downstream architecture.

For the loss-transfer experiment, the proposed loss is adapted to PolarNet’s
binary free-space output. Since PolarNet does not explicitly predict a normalized
first-return distribution over range and no-hit states, the CDF-related supervision
cannot be transferred in exactly the same form as in the proposed structured head.
The corresponding result should therefore be interpreted as an adapted transfer of
the loss function rather than an identical loss-only replacement.

Table 4.6 summarizes the results.
Replacing PolarNet’s fixed Doppler-compressed input with the proposed Doppler

encoder produces only a small change in aggregate accuracy. The mIoU increases
from 0.64 to 0.64, while the mean first-return MAE decreases slightly from 10.89 m
to 10.83 m. The effect is more apparent in the frame-wise error variance, which
decreases from 10.97 m2 to 8.44 m2. The free-space IoU also increases from 0.57 to
0.60, although this is partly offset by a reduction in unfree-space IoU. These results
indicate that the richer Doppler representation changes the behaviour of PolarNet
and improves prediction consistency, but does not by itself produce a substantial
improvement in mean occupancy accuracy.
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Table 4.6: Cross-architecture component analysis on the RaDelft-adapted PolarNet
reference. The proposed Doppler encoder and the adapted proposed loss function
are transferred individually and jointly to the PolarNet framework. The variance is
computed across the per-frame first-return MAE values.

PolarNet configuration
IoUfree

↑
IoUunfree

↑
mIoU

↑
MAE [m]

↓
Frame-MAE Var.

m2 ↓

Original PolarNet 0.57 0.70 0.64 10.89 10.97
+ Proposed Doppler Encoder 0.60 0.69 0.64 10.83 8.44
+ Adapted Proposed Loss 0.52 0.70 0.61 11.59 14.51
+ Proposed Encoder + Adapted Loss 0.58 0.70 0.64 10.78 9.07
+ Roldán-style Doppler Encoder 0.61 0.69 0.65 10.55 7.94

The adapted proposed loss transfers less favourably. When applied to the orig-
inal PolarNet architecture, the mIoU decreases to 0.61, the mean first-return MAE
increases to 11.59 m, and the frame-MAE variance rises to 14.51 m2. The degrada-
tion is concentrated primarily in free-space prediction, while the unfree-space IoU
remains close to that of the original PolarNet. This behaviour is consistent with the
mismatch between the structured first-return formulation for which the proposed
objective was designed and PolarNet’s independent binary cell-wise output. In the
proposed framework, the CDF term acts on a normalized distribution over mutually
exclusive first-return and no-hit states, which guarantees a valid monotonic cumu-
lative structure. PolarNet does not impose this representation, so the transferred
objective acts only as an approximation to the original supervision mechanism.

Using both the proposed Doppler encoder and the adapted loss recovers much of
the original PolarNet performance. The resulting mIoU returns to 0.64, while the
mean first-return MAE improves slightly to 10.78 m and the frame-MAE variance
decreases to 9.07 m2. The partial recovery suggests that the effect of the transferred
loss depends on the representation provided to the downstream network, but the
combined modification still does not reproduce the gains observed in the complete
proposed framework.

Among the transferred Doppler encoders, the Roldán-style encoder provides the
strongest result within PolarNet. It increases the mIoU to 0.65, reduces the mean
first-return MAE to 10.55 m, and yields the lowest frame-MAE variance of 7.94 m2.
This does not imply that the Roldán-style encoder is generally superior to the pro-
posed encoder, since the two achieve nearly identical predictive accuracy within the
proposed U-Net 3+ framework. Instead, the difference suggests that the effective-
ness of a Doppler encoder depends on how its output features are exploited by the
downstream spatial architecture.

Overall, the cross-architecture results show that the proposed components should
not be interpreted as universally transferable plug-in improvements. Learned Doppler
encoding can provide modest gains and improved consistency within PolarNet, but
the full performance improvement of the proposed method cannot be reproduced
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by transferring the encoder or learning objective alone. The results therefore sup-
port the view that the main performance gains arise from the joint integration of
Doppler-resolved feature extraction, multi-scale spatial processing, structured first-
return prediction, and task-aligned supervision in the proposed approach.

4.2.4 Controlled Extensions

Two controlled extensions are evaluated to examine whether the selected single-
frame framework can be further improved through supervision reweighting or short-
term temporal context. Radar-Aware Weighting modifies only the azimuth-wise
contribution of the smoothed CDF-L1 term, while Causal Temporal Feature Fusion
incorporates in a new architecture radar measurements from t−2, t−1, and t. Both
extensions are evaluated relative to the same proposed single-frame baseline.

Table 4.7 summarizes the quantitative results.

Table 4.7: Comparison of the proposed single-frame baseline and the two controlled
extensions on the RaDelft test scene. The variance is computed across the per-frame
first-return MAE values.

Configuration
IoUfree

↑
IoUunfree

↑
mIoU

↑
MAE [m]

↓
Frame-MAE Var.

m2 ↓

Proposed baseline 0.79 0.82 0.80 5.38 6.52
Radar-Aware Weighting 0.78 0.82 0.80 5.37 7.30
Causal Temporal Feature Fusion 0.79 0.82 0.80 5.35 5.98

Radar-Aware Weighting

Radar-Aware Weighting introduces azimuth-wise reliability weights into the smoothed
CDF-L1 term while leaving the network architecture, Lovasz term, and global loss
coefficients unchanged. The weighting accounts for factors associated with supervi-
sion reliability, including abrupt first-return changes, far-range and no-hit columns,
proximity to the unreliable LiDAR sector, and local radar evidence near the LiDAR-
derived first return.

As shown in Table 4.7, the extension produces almost unchanged aggregate per-
formance. The mIoU remains 0.80 at the reported precision, while the mean first-
return MAE decreases only marginally from 5.38 m to 5.37 m. At the same time,
the frame-MAE variance increases from 6.52 m2 to 7.30 m2.

The weighting strategy therefore does not provide a consistent improvement over
the baseline. Although down-weighting potentially unreliable azimuth columns can
slightly alter the learned boundary behaviour, the increased across-frame variance
indicates that these changes do not translate into more stable performance over
the complete test scene. This suggests that supervision reliability alone is not the
dominant limitation of the selected single-frame framework.
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Causal Temporal Feature Fusion

The temporal extension incorporates radar measurements from t− 2, t− 1, and t
through feature-level fusion. The Doppler Spectrum Encoder and U-Net 3+ back-
bone are initialized from the selected single-frame checkpoint and remain frozen,
while only the temporal-fusion module is optimized.

The occupancy-level results remain effectively unchanged relative to the single-
frame baseline. The reported mIoU remains 0.80, with IoUfree = 0.79 and IoUunfree =
0.82. However, the mean first-return MAE decreases from 5.38 m to 5.35 m, while
the frame-MAE variance decreases from 6.52 m2 to 5.98 m2.

The unchanged occupancy metrics indicate that temporal fusion does not sub-
stantially modify the overall free–unfree segmentation structure. Its main effect is
instead observed at the boundary level, where the slightly lower mean error and
variance indicate a modest improvement in first-return localization and consistency.
Among the two controlled extensions, temporal fusion therefore provides the more
favourable aggregate result, although the improvement over the single-frame baseline
remains rather limited.

Figure 4.7 compares the per-frame first-return MAE distributions of the three
configurations to observe more details than just a mean value across frames as in
the table.

Figure 4.7: Per-frame first-return MAE distributions of the proposed baseline,
Radar-Aware Weighting, and Causal Temporal Feature Fusion on the RaDelft test
scene.

The distributions overlap substantially, which is consistent with the small dif-
ferences in their mean errors. Causal Temporal Feature Fusion exhibits the lowest
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mean MAE and the lowest across-frame variance, whereas Radar-Aware Weight-
ing produces the largest variance. The substantial overlap nevertheless shows that
neither extension changes the overall error distribution fundamentally; most of the
frame-level behaviour remains shared with the single-frame baseline.

The limited aggregate differences are also apparent qualitatively. Figure 4.8
shows a representative frame with a relatively clear road structure and well-defined
free-space boundary.
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Figure 4.8: Qualitative comparison of the proposed baseline (left), Radar-Aware
Weighting (middle), and Causal Temporal Feature Fusion (right) in a representative
test frame. The camera image is included for visual context. In each polar panel,
the white curve denotes the LiDAR-derived ground-truth first-return frontier, while
the cyan curve denotes the predicted frontier.

The three predictions are visually similar and recover the dominant free-space
structure over most of the evaluated field of view. Radar-Aware Weighting produces
only small local changes relative to the baseline, while temporal fusion slightly mod-
ifies the predicted frontier in several regions. These differences are consistent with
the quantitative results, which show only minor changes in aggregate occupancy and
boundary performance.

A more challenging example is shown in Figure 4.9. In this scene, the road
boundary is less regular and the first-return frontier contains stronger local variation.

Despite the increased scene complexity, all three configurations recover the dom-
inant free-space contour and retain several localized first-return changes. For this
individual frame, Radar-Aware Weighting achieves the closest agreement with the
LiDAR-derived frontier, with an mIoU of 0.878 and a first-return MAE of 2.82 m.
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Figure 4.9: Qualitative comparison of the proposed baseline (left), Radar-Aware
Weighting (middle), and Causal Temporal Feature Fusion (right) in a challenging
urban scene. The camera image is included for visual context. In each polar range–
azimuth panel, the white curve denotes the LiDAR-derived ground-truth first-return
frontier, while the cyan curve denotes the predicted frontier.

The proposed baseline and temporal-fusion extension obtain first-return MAEs of
3.40 m, with mIoU values of 0.854 and 0.855, respectively.

This frame illustrates that the weighting strategy can improve particular local
configurations even though it does not provide a consistent aggregate advantage.
The effect should therefore be interpreted as frame-specific rather than as evidence
that Radar-Aware Weighting systematically improves the baseline.

The similarities between the three configurations also extend to difficult failure
cases. Figure 4.10 shows a representative frame in which all three methods produce
inaccurate first-return estimates.

The LiDAR-derived frontier in this frame contains multiple narrow structures
and abrupt range changes across neighbouring azimuth directions. In contrast, all
three predicted frontiers are substantially smoother, and several near-range first
returns are missed or merged with more distant structures. The proposed base-
line obtains an mIoU of 0.607 and a first-return MAE of 12.29 m, while Radar-
Aware Weighting and Causal Temporal Feature Fusion obtain MAEs of 12.51 m and
12.96 m, respectively.

The shared failure indicates that neither extension addresses the principal diffi-
culty in this example. Reweighting the supervision cannot recover a boundary when
the underlying radar evidence for a narrow structure is weak or spatially ambiguous.
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Figure 4.10: Representative failure case for the proposed baseline (left), Radar-
Aware Weighting (middle), and Causal Temporal Feature Fusion (right). The cam-
era image is included for visual context. In each polar range–azimuth panel, the
white curve denotes the LiDAR-derived ground-truth first-return frontier, while the
cyan curve denotes the predicted frontier.

Similarly, the no-warp temporal fusion module does not explicitly align historical
radar features to the current coordinate frame, so small objects and rapidly changing
local structures may not benefit from the additional temporal context.

More generally, the remaining errors are concentrated around narrow objects,
rapid first-return transitions, and spatially ambiguous radar responses. Angular
resolution, local smoothing in the convolutional prediction framework, and motion-
related effects in the TDMA MIMO radar measurements may all contribute to these
cases, although the qualitative results alone do not allow their individual effects to
be isolated.

Overall, the controlled-extension experiments indicate that the selected single-
frame framework already captures most of the performance achievable with the
tested modifications. Radar-Aware Weighting changes local predictions but does not
improve aggregate consistency, while Causal Temporal Feature Fusion provides only
a modest reduction in boundary error and variance. These results motivate retaining
the single-frame configuration as the principal proposed method and treating both
extensions as exploratory refinements rather than replacements for the baseline.
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4.2.5 Computational Efficiency

In addition to predictive accuracy, the computational requirements of the learning-
based methods are evaluated in terms of parameter count, GMACs, GPU inference
latency, throughput, and peak GPU memory usage. The measurements follow the
protocol defined in Section 3.2.4: all models are evaluated with batch size one using
FP32 inference on an NVIDIA A100 GPU, and only the neural-network forward
pass is included. Radar preprocessing, data transfer, occupancy rendering, metric
computation, and visualization are excluded.

Table 4.8 summarizes the results for the RaDelft-adapted PolarNet, the proposed
single-frame method, and the Causal Temporal Feature Fusion extension. Radar-
Aware Weighting is not reported separately because it modifies only the training
objective and therefore has the same inference architecture and computational cost
as the proposed single-frame model.

Table 4.8: Model-only computational efficiency of the learning-based methods under
batch-size-one FP32 inference on an NVIDIA A100 GPU.

Method
Params

[M] GMACs
Latency

[ms] FPS
Peak memory

[MB]

RaDelft-adapted PolarNet 1.2 16.4 10.13 ± 0.05 98.70 146.6
Proposed method 6.5 125.3 148.07 ± 0.23 6.75 796.9
Causal Temporal Feature Fusion 6.5 156.8 278.13 ± 0.49 3.60 2333.8

PolarNet is substantially lighter and faster than the proposed method. Its single-
channel range–azimuth input and compact encoder–decoder architecture require
only 1.2 million parameters and 16.4 GMACs, resulting in a mean forward-pass
latency of 10.13 ms and a throughput of 98.70 FPS. By comparison, the proposed
single-frame method requires 6.5 million parameters and 125.3 GMACs, with a la-
tency of 148.07 ms and a throughput of 6.75 FPS.

This additional computational cost accompanies the substantial improvement
in predictive performance reported in Section 4.1. PolarNet achieves an mIoU of
0.64 and a first-return MAE of 10.89 m, whereas the proposed method reaches an
mIoU of 0.80 and reduces the MAE to 5.38 m. The comparison therefore reveals
a clear accuracy–efficiency trade-off: PolarNet is considerably more computation-
ally efficient, while the proposed framework provides substantially more accurate
occupancy and first-return estimation.

The temporal-fusion extension increases the computational burden further. Al-
though the trainable fusion module itself introduces only a small additional pa-
rameter overhead at the reported precision, inference requires processing three con-
secutive radar cubes rather than a single frame. Under the implemented no-cache
inference procedure, the computational cost increases to 156.8 GMACs, the latency
reaches 278.13 ms, and the peak GPU memory usage increases to 2333.8 MB. The
resulting throughput is reduced to 3.60 FPS.
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The additional temporal cost is not accompanied by a comparable increase in
predictive accuracy. As shown in Section 4.2.4, temporal fusion reduces the mean
first-return MAE only from 5.38 m to 5.35 m and the frame-MAE variance from
6.52 m2 to 5.98 m2, while the reported mIoU remains 0.80. The improvement in
boundary localization is therefore rather modest relative to the substantial increase
in latency and memory usage.

Overall, the proposed single-frame method provides the most favourable balance
between predictive performance and computational cost among the evaluated full-
RDA configurations. PolarNet remains preferable when computational efficiency is
the primary requirement, but at the price of a considerable loss in occupancy and
boundary accuracy. Causal Temporal Feature Fusion provides a small improvement
in first-return consistency at substantially higher inference cost, supporting the use
of the single-frame configuration as the principal proposed method.

4.3 Summary
This chapter evaluated the proposed LiDAR-supervised radar-based first-return oc-
cupancy mapping framework in terms of predictive accuracy, cross-scene perfor-
mance, model design, controlled extensions, and computational cost. The pro-
posed single-frame method outperformed both the traditional multi-frame ISM and
the RaDelft-adapted PolarNet reference in occupancy agreement and first-return
localization. Leave-one-scene-out evaluation showed reasonably consistent occu-
pancy performance across the seven RaDelft scenes, with a macro-average mIoU
of 0.78 ± 0.03 and a first-return MAE of 5.75 ± 1.07 m. Larger errors were mainly
associated with long visible ranges, no-hit directions, abrupt boundary changes, and
locally ambiguous radar responses.

The ablation studies supported the main design choices. Lovasz and CDF-based
supervision outperformed generic regression losses, with the combined Lovasz and
smoothed CDF-L1 loss providing the strongest balance between occupancy overlap
and boundary accuracy. Full Doppler-resolved input outperformed Doppler mean
and maximum aggregation, while structured Doppler encoding improved over a
single-layer projection. The proposed Doppler Spectrum Encoder achieved accu-
racy comparable to the Roldán-style alternative at lower computational cost.

The controlled extensions provided only limited gains. Radar-Aware Weighting
did not yield a consistent aggregate benefit, whereas Causal Temporal Feature Fusion
slightly improved first-return accuracy and across-frame consistency at substantially
higher inference cost. Narrow structures and rapidly varying boundaries remained
challenging.

Overall, the proposed single-frame full-RDA framework provides a favourable
balance between prediction accuracy, cross-scene robustness, and computational cost
among the evaluated full-RDA methods.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

This thesis investigated LiDAR-supervised radar-only first-return occupancy estima-
tion from automotive radar measurements. The work was structured around three
research questions concerning visibility-consistent prediction, Doppler-resolved radar
encoding, and task-aligned supervision.

With respect to RQ1, the results show that radar occupancy estimation can
be effectively formulated as an azimuth-wise first-return or no-hit prediction prob-
lem. The corresponding LiDAR-derived supervision and visibility-consistent ren-
dering enforce the ordering of free space, the nearest occupied boundary, and the
unknown region behind it directly through the output representation. Using this
formulation, the selected single-frame model achieved an mIoU of 0.80 and a mean
first-return MAE of 5.38 m, outperforming both the odometry-compensated inverse
sensor model and the RaDelft-adapted PolarNet reference. This supports the con-
tribution of a structured first-return formulation rather than independent cell-wise
occupancy prediction.

Regarding RQ2, retaining the complete range–Doppler–azimuth measurement
was more effective than fixed Doppler-mean or Doppler-maximum compression. The
proposed Range–Azimuth-Preserving Doppler Spectrum Encoder preserved the spa-
tial alignment required by the occupancy target while learning from the Doppler
spectrum at multiple scales. Its predictive performance was comparable to the struc-
tured encoder adapted from the literature while requiring lower computational cost.
These findings support the use of Doppler-resolved radar information before spatial
prediction, rather than removing the Doppler dimension through fixed aggregation.

For RQ3, the combined Lovasz and smoothed CDF-L1 objective provided com-
plementary supervision of occupancy overlap and first-return boundary localization.
The controlled extensions, however, offered limited additional benefit. Radar-Aware
Weighting did not produce a consistent improvement, while Causal Temporal Fea-
ture Fusion slightly reduced first-return error and its frame-to-frame variation but
introduced substantially greater computational cost without improving occupancy
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overlap. The selected single-frame formulation therefore provided the strongest over-
all trade-off among the evaluated configurations.

The principal contribution of this thesis is consequently not any individual use of
LiDAR supervision, Doppler information, multi-scale convolution, or temporal fu-
sion in isolation, but their integration into a radar-to-occupancy framework centred
on structured first-return prediction. The results demonstrate that radar-aligned
first-return supervision, Doppler-resolved encoding, and task-aligned learning to-
gether provide a viable basis for radar-only polar occupancy mapping, while also
showing that remaining errors are dominated by difficult spatial structures and am-
biguous radar responses rather than by a single isolated component of the framework.

5.2 Limitations

Several limitations should be considered when interpreting the results.
First, the LiDAR-derived occupancy maps are sensor-based reference labels rather

than perfect representations of the environment. LiDAR and radar differ in visibility,
angular resolution, material response, penetration, and occlusion behaviour. Conse-
quently, an obstacle that is clearly visible to LiDAR may produce weak or ambiguous
radar evidence, while radar may observe responses that are not represented by the
LiDAR first-return target. The validity mask reduces the influence of the most
unreliable supervision region, but it does not remove all cross-sensor discrepancies.

Second, a more demanding validation would evaluate the framework across in-
dependent automotive radar datasets and sensor configurations. Such an evaluation
would require datasets providing Doppler-resolved radar measurements, preferably
the full range–Doppler–azimuth representation or sufficiently low-level radar data to
reproduce it, together with synchronized LiDAR measurements, reliable sensor cali-
bration, and multiple independent driving scenes. These requirements are necessary
to reproduce the proposed LiDAR-supervised first-return targets and to evaluate
the same radar representation consistently. Cross-dataset and cross-sensor general-
ization therefore remains an important direction for future work.

Third, the first-return representation deliberately reduces each azimuth column
to one nearest boundary or a no-hit outcome. This produces a physically consis-
tent free–occupied–unknown structure, but it does not describe multiple surfaces
along the same viewing direction, object semantics, object motion, or the full three-
dimensional scene. Furthermore, the occupancy evaluation groups occupied and un-
known cells into a common unfree class. The reported IoU values therefore evaluate
the separation between free and unfree regions rather than independent recognition
of all three occupancy states.

Fourth, the quality of the radar input remains dependent on the signal processing
applied before network inference. The RaDelft radar uses a TDMA MIMO acqui-
sition scheme, and residual motion-induced phase errors or angle–Doppler coupling
may affect the available Doppler structure [41]. These effects were not isolated ex-
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perimentally, and the current model operates on the resulting preprocessed radar
cube without explicitly estimating its calibration uncertainty.

Fifth, the temporal-fusion extension combines historical features without explicit
ego-motion compensation or learned spatial alignment. Range–azimuth features
from t− 2, t− 1, and t may therefore correspond to different physical locations
when the ego vehicle or surrounding objects move. In addition, the implemented
inference procedure repeatedly processes all three frames without caching historical
features. The reported temporal result consequently reflects a no-warp, no-cache
implementation rather than an optimized streaming temporal model.

Finally, the proposed baseline remains computationally more expensive than
the compact PolarNet reference. Although the additional cost is accompanied by
substantially higher accuracy, the measured throughput indicates that further op-
timization would be required for higher-rate online deployment. The present work
therefore establishes the prediction framework and its accuracy characteristics, but
does not provide a fully optimized embedded implementation.

5.3 Future Work

Future work can extend the proposed framework in several directions.
A first direction is to improve the reliability and expressiveness of the supervi-

sion target. Instead of assigning one deterministic first-return label to every valid
azimuth column, future models could explicitly represent uncertainty in the LiDAR-
to-radar correspondence. Confidence values could account for LiDAR sampling den-
sity, local frontier discontinuities, radar evidence near the target boundary, and
expected cross-sensor visibility differences. Synchronized camera information could
additionally provide complementary semantic supervision, following prior work on
camera-supervised radar perception [9]. Multi-frame LiDAR accumulation or prob-
abilistic first-return targets could also provide more stable supervision for narrow or
intermittently observed structures, provided that dynamic objects and ego motion
are handled appropriately.

A second direction is motion-compensated temporal modelling. Historical radar
features could be transformed into the current coordinate frame using ego-motion
estimates before temporal fusion. Learned feature alignment, deformable sampling,
optical-flow-like displacement estimation, or attention over spatial neighbourhoods
could further address residual motion and moving objects. A streaming implemen-
tation could cache the encoded features of previous frames and reuse them for sub-
sequent predictions, reducing the latency and memory overhead observed in the
current no-cache implementation.

The temporal training strategy could also be expanded beyond optimizing only
the fusion module. After an initial frozen-backbone stage, selected layers of the
Doppler encoder or spatial backbone could be fine-tuned using a lower learning rate.
This would allow the representation to adapt to temporal input while limiting the
risk of degrading the single-frame representation learned by the baseline. Com-
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parisons between frozen, partially fine-tuned, and fully trainable temporal models
would help clarify whether the limited improvement observed in this thesis is pri-
marily caused by the fusion mechanism, the absence of spatial alignment, or the
restricted optimization strategy.

A third direction is the development of more efficient Doppler-resolved encoders.
Factorized convolutions, grouped or depthwise operations, learned spectral pooling,
low-rank decomposition, and sparse processing could reduce the computational cost
of full-RDA inference. Knowledge distillation could transfer information from the
full-RDA model to a smaller range–azimuth model, while quantization and struc-
tured pruning could support deployment on automotive computing platforms. Fu-
ture efficiency studies should evaluate complete end-to-end latency, including radar
preprocessing, memory transfer, occupancy rendering, and temporal caching, rather
than only the neural-network forward pass.

Further work could also investigate richer radar representations. Complex-valued
or phase-aware processing may preserve information lost when only magnitude-
based inputs are used. The robustness of the current TDMA processing could also
be improved through more accurate Doppler-ambiguity resolution and transmitter-
dependent motion-phase compensation, as investigated in prior TDM-MIMO radar
studies [1]. Improved array calibration could further reduce residual phase inconsis-
tencies before Doppler encoding. The present first-return formulation could addi-
tionally be extended towards elevation-aware or three-dimensional occupancy pre-
diction, although this would require denser and more reliable supervision as well as
substantially greater computational resources.

The output formulation could also be extended to better represent ambiguous
radar observations. Improving the calibration of the predicted first-return distri-
bution, including the no-hit probability, could provide a more informative measure
of prediction confidence. Multiple candidate boundaries could additionally be con-
sidered in cases where the radar evidence supports several plausible first-return
locations. Dynamic-state estimation and semantic information could further enrich
the representation while retaining the visibility-consistent relationship between free
space, the nearest observable surface, and the region behind it.

Finally, broader experimental validation is required beyond the RaDelft dataset.
The proposed framework should be evaluated on independent datasets collected with
different radar configurations and sensor setups. Testing under rain, fog, night-time
conditions, dense traffic, and different road geometries would provide a more com-
plete assessment of robustness. Cross-dataset transfer and fine-tuning experiments
would also help clarify which components of the learned representation are specific
to the RaDelft sensor configuration and which generalize to other automotive radar
systems.

Together, these directions would extend the present work from a single-frame
LiDAR-supervised first-return mapping framework towards a more uncertainty-aware,
temporally aligned, computationally efficient, and broadly validated radar occu-
pancy perception system.
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