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Abstract: FMCW radar systems are increasingly used in diverse applications, and emerging tech-
nologies like JCAS offer new opportunities. However, machine learning for radar faces challenges
due to limited application-specific datasets, often requiring advanced simulations to supplement
real-world data. This paper presents a setup for generating synthetic radar data for indoor envi-
ronments, evaluated using CNNs. The setup involves comprehensive modeling, including far-field
antenna simulations, variations in human radar cross-section, and detailed representations of in-
door environments with their corresponding propagation channel properties. These synthetic data
are used to train CNNs, and their performance is assessed on real measurement data. The results
demonstrate that CNNs trained on synthetic data can perform well when tested on real measurement
data. Specifically, the models trained with synthetic data showed performance comparable to models
trained with real measurement data, which required a minimum of 300 samples to reach similar
levels of accuracy. This result demonstrates that synthetic data can effectively train neural networks,
providing an alternative to real measurement data, particularly when collecting sufficient real-world
samples is difficult or costly. This approach significantly reduces the time required for generating
datasets, and the ability to quickly label data in simulations simplifies and accelerates post-processing.
Additionally, the generated datasets can be made more heterogeneous by introducing varying signal
conditions, enhancing the diversity and robustness of the training data.

Keywords: convolutional neural network; FMCW radar; mm-wave; radar cross section; simulation
and measurement

1. Introduction

Radar sensors have experienced increasing interest in recent years due to their variety
of applications and robustness compared to other sensor types [1–3]. Frequency Modulated
Continuous Wave (FMCW) radar systems, in particular, have gained prominence for their
capability to measure distances, relative velocities, and angles of arrival. These systems are
available as single-chip solutions, offering significant integration advantages and facilitat-
ing their use in automotive, industrial, healthcare, and smart home environments. Joint
Communication and Sensing (JCAS) and Integrated Communication and Sensing (ICAS)
are potential new technologies for future mobile communication generations, offering new
application areas by integrating radar into mobile networks [4–6]. Alongside the rapid
development of radar systems, machine learning has been used to enhance radar appli-
cations. Compared to image classification, which benefits from extensive public datasets,
developing reliable machine learning algorithms for radars requires customized datasets,
which are commonly unavailable or unsuitable for the respective application [7,8]. Existing
datasets are primarily derived from the automotive sector. A significant reason is likely the
great variety of radar sensors with different operation frequencies, antenna patterns, etc.
High-quality data, a good representation of application scenarios, and a sufficient data set
size characterize an adequate machine learning (ML) dataset. Creating these datasets for
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real-world applications is extremely challenging, time-consuming, and costly [8]. However,
ML algorithms can be trained and developed using synthetic data to augment real-world
datasets or supplement measurements. Advanced simulation tools like CST, Feko, Python,
or Matlab enable realistic simulations of millimeter wave characteristics at different stages
of development. With software tools becoming increasingly powerful, simulations of
complex application scenarios, including human movements in realistic environments, are
made possible [9–11].

In this paper, we introduce a workflow for generating synthetic datasets designed
for indoor radar sensing at 60 GHz, as illustrated in Figure 1. The data pipeline is based
on Blender, CST, Feko, WinProp, and Python simulation tools. Blender is used for mesh
modeling, while electromagnetic field simulations use the field solvers CST and Feko. CST
Studio Suite specializes in full-wave 3D simulations for high-frequency applications like
antenna design, using finite element method solvers. Feko, on the other hand, focuses on
antenna performance, Radar Cross Section (RCS) analysis, and electromagnetic compat-
ibility, utilizing the method of moments and hybrid solvers for large-scale and complex
scenarios. Building on their results, the electromagnetic field simulation of millimeter
waves is conducted in WinProp. Signal processing and the simulation of electrical com-
ponents can be carried out in Python. The foundation of the data generation process is
radar target modeling. Two approaches are investigated: the first involves monostatic
RCS simulation, while the second focuses on generating a high-resolution mesh integrated
into the ray tracing process. Precise target modeling using monostatic RCS information is
achieved through Feko. This information is imported into WinProp, where channel model-
ing is performed. The second approach involves modeling targets as meshes in Blender,
which are subsequently imported into WinProp. After object modeling, channel modeling
is conducted in WinProp, simulating the physical propagation characteristics of millimeter
waves. The simulation of the antenna patterns is carried out in CST Studio, and these
patterns are considered for ray tracing of millimeter waves at both the transmitting and
receiving antennas. The subsequent radar signal processing for the linear sawtooth chirp
is implemented following the state-of-the-art method in Python. The entire development
chain can be simulated, from antenna design to final deployment, allowing data collection
without real hardware.
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Figure 1. Simulation toolchain for generating synthetic radar data using Blender, Feko, CST, WinProp,
and Python, covering: 1. object and backscattering modeling, 2. channel propagation modeling,
3. Antenna design, and 4. analog and digital signal processing.

In this paper, we evaluate the effectiveness of our toolchain for generating synthetic
datasets to train convolutional neural networks (CNNs). Nonlinearities in system compo-
nents, noise, interference behavior variations, and complex reflection scenarios represent
discrepancies that simulations may not fully capture. The focus of this study is to assess
the impact of these deviations on the design and performance of CNNs, determining their
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significance in ensuring accurate and robust model training. The main contributions of this
paper are summarized as follows:

• This paper presents a simulation chain for generating synthetic monostatic 60 GHz
FMCW radar datasets in indoor environments, starting with antenna design and
extending to environment simulation using WinProp for a full physical propagation
simulation. This approach considers millimeter wave propagation characteristics,
enabling the creation of realistic datasets for developing and testing radar systems
and ML algorithms for object detection in indoor environments.

• The simulation results of the range-power profile, obtained from both ray tracing and
monostatic RCS simulations, are compared with actual measurements. This compari-
son aims to evaluate the accuracy of the simulated profiles against
real-world data.

• The impact of data quantity on the performance of a CNN model for range detection
using range-Doppler analysis in a specific indoor environment is explored. The
discussion highlights the potential benefits of synthetic datasets in enhancing ML
performance for the selected setup. The study addresses the trade-offs between dataset
size and model accuracy, emphasizing how synthetic data can supplement limited
real-world measurements.

This article is an expanded version of a paper entitled “Evaluating Synthetic Data
Potential for 60 GHz FMCW Radar Simulations with Real Measurements”, which was
presented at the International Radar Symposium, Poland (July 2024) [12]. The expanded
article provides a more in-depth analysis of the datasets and demonstrates the successful
ML transfer from synthetic data to real-world data. It further explores dynamic simulations
for target detection using CNNs, investigating the effects of different dataset sizes and
conditions on detection performance. Additionally, we discuss the practical implications of
transferring models trained on synthetic data to real-world scenarios, offering insights into
both the benefits and limitations of this approach.

2. Related Work

The increasing use of radars for different kinds of applications raises the demand for
complex simulations as applications become more diverse and challenging. Some powerful
frameworks have been proposed, including real-time raw data, antenna patterns, and vari-
ous sensor configurations [13–15]. Since several aspects come into play, published works
either focus on specific elements of radar simulations in greater detail, such as RCS simula-
tions [16–19], environment simulations [14,20], or direction of arrival simulations [21,22], or
cover studies with multiple aspects [23,24]. This work focuses on generating large synthetic
datasets that resemble the structure of actual measurement data. Various simulation con-
cepts are proposed in the literature for generating datasets. Ray tracing, artificial target lists,
path delay, and skeletal tracking are the most commonly used concepts. Transferring the
trained model to unseen measurement data is essential to assess its performance. Datasets
can be categorized into fully synthetic datasets, hybrid models, or measurements only.
Fully synthetic datasets are generated without measurements, making them easy to label
and scale. Measurements are involved in some form in hybrid datasets, making them closer
to real-world data but more complex to scale in quantity. Additionally, we classify the
literature based on the radar data used: range-Doppler maps (RDM), range-angular maps
(RAM), micro-Doppler (µD), and radar waveforms (WF). Table 1 summarizes the proposed
concepts in the literature.
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Table 1. Overview of research approaches for generating and validating synthetic datasets.

Reference Application Simulation
Approach Transfer ML Data Set Type of ML Data Format Year

[25] Gesture
recognition

Artificial
target list Yes Hybrid CNN µD 2024

[26] Object
detection Ray tracing Yes Hybrid AE RAM 2023

[27] Gesture
recognition Ray tracing Yes Fully syn. ResNet RAM 2024

[28] Posture
estimation

Skeletal
tracking No Hybrid CNN RAM 2020

[29] RCS
classification

Physical
optics

method
Yes Fully syn. ANN, CNN RAM 2021

[30] Waveform
classification

Waveform-
based No Fully syn. CNN WF 2021

[31]

Object
Detection

and
Classification

Ray tracing No Fully syn. CNN RDM 2021

[32]
Human
activity

recognition
Path delay No Fully syn. DCNN µD 2024

[33]
Personnel
security

screening

Physical
Model No Hybrid DCNN RAM 2023

[34] Posture
tracing

EM
simulations Yes Fully syn. GAN RAM 2023

[35] Automotive
radar

bidirectional
ray tracing No Fully syn. CNN RDM 2023

This work Indoor Object
detection

Full Physical
Simulation Yes Fully syn. CNN RDM 2024

Zhou et al. summarize and compare published datasets in [36] and manage an
overview of the GitHub repository in [37]. They differentiate between conventional radar
datasets for autonomous driving (8 instances), pre-CFAR datasets for detection (6 instances),
4D radar datasets (8 instances), specific tasks (17 instances), odometry and localization
(10 instances), gestures (5 instances), human activity and reconstruction (6 instances), and
vital sign datasets (3 instances). Used operating frequencies vary between 5.8 GHz and
77 GHz. Data types such as IQ or ADC data, point clouds, range-Doppler, or range-angle
maps often make it challenging to use them for customized applications. For this reason,
creating new datasets tailored to specific requirements is usually necessary.

Our work presents a workflow for generating fully synthetic datasets for indoor
localization, considering the propagation and attenuation properties of millimeter waves
through ray tracing. The performance of the trained ML model is then evaluated on an
unseen test dataset determined through measurements.

3. Methods

This section describes the simulation environment, radar hardware for simulation
and measurements, and solver settings. The structure of the following section sticks to the
numbering of the simulation blocks presented in Figure 1 in the subsequent subsections:
(1) objects, (2) channel, (3) antennas, (4) radar hardware and signal processing. The per-
formance of CNNs in range detection of moving targets based on range-Doppler maps
with increased multipath propagation is evaluated. The primary objective is to assess
how different datasets impact the effectiveness of CNNs for this specific task. The simu-
lation framework starts with an antenna simulation of the patch array based on a Texas
Instruments AWR6843ISK radar (Texas Instruments, Dallas, TX, USA) evaluation board
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conducted in CST. Subsequently, a radar cross-section simulation is performed in Feko,
Altair, followed by an environment simulation in WinProp, Altair. Radar signal process-
ing is performed in a separate simulation framework using Python (Version 3.11.5). This
holistic simulation approach enhances the quality of the simulation and provides a deeper
understanding of propagation effects.

3.1. Environment and Target Modeling

Radar reflection paths can be simulated using various methods, including artificial
target lists, ray tracing, multi-body simulations, and scattering simulations. This paper
employs mesh modeling for the environment in Section 3.1.1 and detailed RCS modeling
and mesh modeling for the target in Section 3.1.2. Additionally, Section 3.1.2 discusses how
the obtained dynamic reflection paths can be scaled up for the generation of large datasets.

3.1.1. Environment

To simulate the complexities of real-world object detection, the clutter level caused
by the multipath of the environment must be reproduced in detail. Therefore, different
synthetic radar echoes must be generated simultaneously to model complex scenarios [24].
A detailed CAD model of the indoor environment (Figure 2) was used for this purpose.
In the measurement, a radar testing environment with 5.50 m × 9.50 m was selected.
Figure 2a presents the radar testing room, while Figure 2b shows the simulation setup
and the scenario replication in the ray tracing program WinProp. Reflections are shown in
blue for visualization purposes. This visualization demonstrates the interactions between
transmitted radar signals, the human target, and its surrounding environment. Further-
more, Figure 2b illustrates the variation in the tilt angle of the radar board as well as the
pedestrian’s direction of rotation. Minimal changes in the radar board’s rotational angle
or the pedestrian’s tilt angle result in altered reflection properties. The following chapter
will discuss a detailed model of the human as a radar target. The room’s corners are
characterized by a supporting pillar structure that causes additional multipath reflections
in measurements and simulations. The geometric dimensions of the room are modeled
with high accuracy in a CAD model, taking into account both the floor and the ceiling. The
room has only the wall, the pillar structure, the floor, and the ceiling as scattering objects.
These structures reduce the complexity of multipath reflections and enable simplified
reproduction in simulation models. Mounted on a robot at a height of 0.50 m, the radar was
oriented directly toward a pedestrian. The radar was tilted upwards by 20◦ to optimize
target detection. This tilt was adjusted to maximize the probability of detection by aligning
the sensor with the typical height and position of a human target.

(a) Real environment (b) Simulation environment (WinProp)

Figure 2. Comparison of (a) real environment and (b) simulated radar environment in WinProp
(Reprinted with permission from [12] ‘IEEE 2024’).

3.1.2. Target

This chapter examines two approaches for target modeling: Mesh and RCS modeling.
Modeling the target using a geometric mesh allows fast computation but neglects volatile
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behavior due to interference effects. On the other hand, modeling the radar target using
monostatic RCS information offers more detail, as the mesh is refined explicitly to the
wavelength to account for interference effects.

Geometric Mesh Modeling for Human Targets

Table 2 presents the fundamental parameters of the mesh geometry for a human target
used in radar simulations. The number of vertices, edges, and faces defines the mesh
structure, with 3300 triangles representing the discretized surface of the model. The human
target model, with dimensions of 0.497 m (X), 0.705 m (Y), and 1.92 m (Z), reflects human
proportions. Combined with the detailed mesh structure, these dimensions provide a basis
for simulating radar scattering effects while maintaining a balance between accuracy and
computational demands.

Table 2. Mesh configuration for human targets in standing and walking positions.

Parameter Human Walking Pose Human Standing Pose

Vertices 1652 1652
Edges 3310 4950
Faces 1660 3300

Triangles 3300 3300

Radar Cross Section Modeling for Human Targets

Calculating the RCS can increase the accuracy of ray tracing results. Mono- and bistatic
RCS simulations using Feko have been validated in [38–42]. The end-to-end performance
has been validated in [43]. On the other hand, simulation tools like Feko can accelerate
simulations of complex geometries. The human model is additionally remeshed in Feko to
calculate the RCS. The number of triangles, the average edge length, the standard deviation
of the edge length, and the minimum and maximum of the edge length are summarized in
Table 3. This paper uses the ray launching geometrical optics (RL-GO) solver to calculate the
RCS, which is an asymptotic high-frequency computational solver optimized for analyzing
electrically large dielectric structures > 20λ in scale [44].

Table 3. Mesh metrics for model and simulation evaluation.

Mesh Metrics Unit Model Mesh Simulation Mesh

Triangles - 3300 3748
Average edge length mm 33.39 31.88
Standard deviation mm 26.69 17.23

Minimum edge
length mm 2.698 3.676

Maximum edge
length mm 137.4 133.3

Calculating the entire hemisphere around the human model is not of interest to the
specific detection requirements since only one specific observation angle is considered.
Therefore, only a part of the hemisphere of the RCS is calculated. This allows to conduct
a more efficient simulation by focusing on the most relevant angles for human detection.
Material parameters for skin, particularly electrical conductivity and relative permittivity,
are chosen for a frequency of 60 GHz. According to Chen et al., in [45], the errors due to
clothing are minor, as dry clothing only slightly dampens millimeter waves. Investigations
in [46,47] have also shown a low influence of regular clothing, such as sweaters. The
parameters for the RCS calculation are presented in Table 4.
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Table 4. Configuration parameters for radar cross section solver.

Parameter Unit Value

Theta (θ) deg 90 to 140
Phi (ϕ) deg −55 to 55

Increment Theta (∆θ) deg 0.5
Increment Phi (∆ϕ) deg 0.5

Polarisation - Linear
Skin-Relative Permittivity (ϵr) As

Vm 10.26
Skin-Conductivity (σ) S

m 39.519

Scalable Processing of Dynamic Radar Data

A dynamic simulation of the human target with a specific velocity was set up in
WinProp. For each time step, reflections with Doppler shift are calculated, resulting in
dynamic outcomes for a trajectory. Each ray in ray tracing possesses a unique angle of
arrival, which leads to a Doppler shift that varies according to this angle. The Doppler shift
for each ray can be determined based on the absolute speed of the target (v0 = 1 m/s), the
angle of arrival (θ) and the wavelength (λ) with

fd =
2v0

λ
cos(θ). (1)

Ten velocity profiles are generated to generate a sufficient number of velocity vari-
ations. Since the noise and the noise distribution vary significantly between the frames,
the normalized power profile also varies, which prevents only the reflection paths from
being shifted on the velocity axis. The Doppler shift fd,1 calculated for the initial speed
v1 can be scaled to obtain a new Doppler shift fd,L for the adjusted speed vL. Thus,
the Doppler shift for different velocity profiles fd,L can be adjusted out of the initial
Doppler shift fd,0 arbitrarily without starting a new ray tracing process, as described by the
following equation:

fd,L = fd,0 · L. (2)

Since the trajectory can be traversed at different speeds, the Doppler shift is scaled
using a scaling vector L to synthesize various speeds. As a result, different speed profiles
are available. This approach does not require individual ray tracing for different Doppler
shifts, which is time-consuming. Instead, the results of the ray tracing, which contain
the geometric propagation properties of the individual rays, are loaded, and the Doppler
shift is upscaled during post-processing. Consequently, the vector L is obtained to scale
the individual results up and down. k represents the discretization stages of the absolute
velocity profile so that the vector L can be expressed as

L = {−1 + 0.2k | k ∈ {0, 1, 2, . . . , 10}}. (3)

The scaling factor L allows for efficient adjustment of the Doppler shift across differ-
ent velocities without recalculating ray tracing. This method applies the linear relation-
ship between velocity and Doppler shift, ensuring computational efficiency. At the same
time, noise is added separately, ensuring realistic simulation across varying velocity and
noise conditions.

3.2. Channel Modeling
3.2.1. Material Parameters

The simulation environment considers the electromagnetic material properties to
model the interaction of millimeter waves with different surfaces and structures, as detailed
in references [48,49]. The radar’s Printed Circuit Board (PCB) was assumed to be metallic,
human skin was represented by dry skin, and the walls were modeled using concrete. Glass
and wooden doors were simulated with their respective materials. The assigned material
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properties, including dielectric permittivity, magnetic permeability, electrical conductivity,
surface roughness, and thickness, are summarized in Table 5.

Table 5. Electromagnetic material properties for 60 GHz millimeter wave propagation based
on [48,49].

Unit Metal Skin Concrete Glass Wood

Permittivity As
Vm 1 10.26 5.25 6.32 1.99

Permeability Vs
Am 20 1 1 1 1

Conductivity S
m 10 · 106 39.519 1.136 0.876 0.378

Roughness mm 0 0 1 0 0.3

Thickness cm 1 0.1 10 1 1

Ideal smoothness was assumed for metal, human skin, and glass materials. This is
based on the premise that the surface roughness of these materials is either negligible or has
no practical relevance in this context. Given a low penetration depth of 60 GHz millimeter
waves presented in [50], the thickness of human skin is set to 0.1 cm. These assumptions
allow for more precise modeling of the interactions between millimeter waves and the
different materials under given circumstances.

3.2.2. Ray Tracing Methodology and Simulation Parameters

To ensure accurate simulation results, the number of simulated rays should be maxi-
mized within computational constraints, as the divergence of rays with increasing distance
necessitates a sufficient number of rays for adequate representation. WinProp offers three
distinct ray tracing methodologies: intelligent ray tracing, standard ray tracing, and the
shooting and bouncing rays technique. Standard ray tracing settings from WinProp are
applied for this simulation, simulating the strongest 500 rays. Respective rays are calcu-
lated up to a maximum attenuation of 200 dB with a dynamic range of 100 dB per pixel.
The number of transmissions, reflections, and diffractions are chosen to run simulations
with reasonable computational effort. Parameters used for ray tracing are summarized in
Table 6.

Table 6. Parameters for millimeter wave ray tracing using WinProp.

Parameter Unit Amount

Number of Rays - 500
Max. Reflections and

Diffractions - 3

Max. Transmissions - 3
Max. Reflections - 2
Max. Diffractions - 2

Max. Path Loss of Rays dB 200
Max. Dynamic Range per

Pixel dB 100

3.3. Antenna Parameters

The radar antenna pattern was simulated with CST Studio Suite (Version: 2023) using
the frequency domain solver on Rogers RO4835 material (Rogers Corporation, Chandler,
AZ, USA). According to the reference design provided by Texas Instruments, a single
series fed microstrip patch antenna array is used since conducted measurements use time
division multiplexing (TDM) with three transmit and four receive antennas, creating a
multiple-input multiple-output (MIMO) system. Results of the far-field simulations are
presented in Figure 3. Important parameters are summarized in Table 7.



Remote Sens. 2024, 16, 4028 9 of 24

0°

45°

90°

135°

180°

225°

270°

315°

-20 dBi

-15 dBi

-10 dBi

(a) Radiation Pattern (b) Elevation Gain

Figure 3. (a) Far−field simulation results at 60 GHz from a single series-fed microstrip patch antenna
array, modeled in CST, and (b) polar representation of the elevation direction featuring a theta cut at
θ = 0◦ (reprinted with permission from [12] ‘IEEE 2024’).

Table 7. Parameters for the simulated patch antenna array.

Parameter Unit Value

Operating Frequency GHz 60–64
RX Antennas - 4
TX Antennas - 3

Azimuth Angular Resolution ◦ 15
Elevation Angular Resolution ◦ 58
Azimuth 3 dB Angular Width ◦ 75
Elevation 3 dB Angular Width ◦ 35

Main Lobe Magnitude dBi 9
Azimuth Side Lobe Level dB −26.1
Elevation Side Lobe Level dB −15.5

3.4. Radar System Setup and Configuration

Two different configurations were examined to address both static and dynamic target
situations. The static examination refers to the position of the robot. In contrast, the
dynamic target measurement is conducted at a height of 1.5 m, with a radar configuration
adapted to the dynamic situation. The radar’s height was adjusted because the ground
truth data were manually labeled. In the simulation, the ground truth corresponds to
the exact center of the body. A different angle would result in an oblique view of the
person, complicating detection and making it difficult to compare with the simulation
results. Therefore, maintaining a height of 1.5 m ensures that the radar data aligns with the
simulation, where the target’s center is consistently captured.

3.4.1. Radar System Design

Radar signal processing follows the state-of-the-art signal processing chain of a linearly
modulated fast chirp sequence radar. All chirps are parameterized in the same way.
Processing steps and a description of all parameters relevant to the signal processing can
be found in [51]. Once data from the whole frame is received, a radar data cube is arranged
to perform signal processing steps such as mean filtering, windowing, and applying FFTs
to obtain range profiles and range-Doppler plots. In dynamic simulations, static clutter
removal is applied to dynamic target measurements to improve detection accuracy by
eliminating background clutter.

3.4.2. Radar Configuration

The echo signal received from a target usually has two types of noise: noise received
through the antenna from external sources and that generated in the radar receiver itself.



Remote Sens. 2024, 16, 4028 10 of 24

Internal noise sources include thermal noise, shot noise, partition noise, and flicker noise.
Thermal noise usually is dominant [52]. Since most radars can be assumed to operate at a
standard temperature, the thermal noise can be minimized by the white power spectrum.
The I and Q noise channels are both zero-mean Gaussian random processes with equal
power [53]. A Gaussian-distributed noise floor with a defined standard deviation σnoise
and mean value µnoise was implemented in the simulation framework to represent the
hardware-generated noise. These values are expressed as percentages of the maximum
signal strength, with the mean values representing cross-talk components that occur in real
measurements due to interference between the transmitting and receiving antennas. We
can replicate the measurement conditions more accurately by including these phenomena
in the simulation. The noise distribution properties were selected based on Table 8, as they
closely align with the average measurement results.

Table 8. Radar system configuration and noise characteristics.

Parameter Unit Value

Carrier Frequency GHz 60
Bandwidth GHz 3.990

Number of Chirps - 16
Frame Periodicity ms 200

Idle Time µs 50
Chirp Time µs 50

Slope GHz/ms 79.8
FFT Size Range - 128

FFT Size Doppler - 16
Random Variable (U) - ∼ Uniform(0, 2)
Mean Noise (µnoise) - 0.01 · U

Standard Deviation Noise (σnoise) - 0.0075 · U
Sampling Frequency (static) MHz 3.640

Sampling Frequency (dynamic) MHz 5.460

3.5. CNN for Single-Object Detection in Cluttered Range-Doppler Environments
3.5.1. CNN-Based Target Detection in Multipath Cluttered Range-Doppler Maps

Due to the low attenuation properties of millimeter waves at 60 GHz, multipath
propagation frequently occurs, posing a challenge for precise radar detection. Multipath
reflections can reduce the radar system’s sensitivity and trigger false alarms. In traditional
radar signal processing, individual targets are first detected using a CFAR algorithm,
followed by a clustering step. The developed ML model aims to replace both steps with
a single CNN model that directly predicts the ground truth of the object. To evaluate
the performance of the proposed CNN model and synthetic dataset for target detection
and range extraction, we select the task of identifying the human target’s distance from
processed range-Doppler plots while mitigating multipath effects. Figure 4 shows the
range-Doppler map of the measurement and the synthetically generated range-Doppler
map. Since the noise floor, micro-Doppler and multipath conditions can vary significantly
between two measurement frames, comparing the measurement and simulation data is
shown for two different time steps but with approximately the same noise level.
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(a) Real environment (b) Simulation in WinProp

Figure 4. Range-Doppler maps showing a moving human with multipath clutter at different time
steps: (a) measured data and (b) WinProp simulations. The comparison focuses on the overall data
quality rather than a direct comparison of a specific individual time step, highlighting the alignment
between the simulated and measured data in capturing critical characteristics of the scene.

3.5.2. CNN Architecture for Target Detection

To evaluate the performance of different datasets, we are training two neural networks
with the same architecture. The network parameters were tuned manually. The first
network is exclusively trained and validated on synthetic data, while testing is conducted
on real-world measurement data. The second network is trained and validated on a limited
amount of measurement data, with testing performed on a separate set of measurement
data. This setup allows us to assess the generalization capabilities and robustness of the
models under varying noise and physical propagation conditions. This comparison helps
assess the extent to which synthetic data can enhance model performance, particularly in
scenarios with limited real-world data. The specific parameters for the CNN architectures
are summarized in Table 9.

Table 9. CNN architecture and parameter configuration.

Parameter CNN

Number of Convolutional Layers 2
Number of Pooling Layers 2

Kernel Size (5 × 5)
Number of Filters 32/64

Activation Function ReLU
Pooling Size (2 × 2)
Pooling Type Max Pooling
Dropout Rate 0.05

Batch Size 32
Learning Rate 0.001

Optimization Algorithm Adam
Padding Same

4. Results

The results are divided into two subchapters, Sections 4.1 and 4.2. Firstly, we evaluate
our proposed workflow for generating synthetic data. We begin by capturing the fluctuation
properties of the reflections in the measurements. In the second step, we present the results
of our monostatic RCS simulation and compare the RCS variation with the fluctuation from
the measurements. Subsequently, we investigate the impact of the target object’s different
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elevation and rotation angles on the strength and spatial distribution of the backscattered
signals within the radar range map. This study highlights the sensitivity of measurements
to minor angular variations. In the final subchapter, we compare the obtained range maps
for RCS modeling and mesh modeling of the target with the measurement. The second
chapter presents the results of detecting a dynamically moving target. The data composition
and quality of the obtained synthetic data are primarily compared with the measured data.
The prediction is first evaluated using a scatterplot of the ground truth and the prediction of
the CNN to provide a qualitative overview of outliers. In the following chapter, a statistical
evaluation is performed, and the probability of the prediction is evaluated based on the
cumulative error distribution curve.

4.1. Evaluation of Synthetic Radar Data
4.1.1. Characterizing Radar Fluctuations Triggered by Small-Scale Human Movements

Due to the substantial heterogeneity of the RCS, minimal positional deviations, such
as random body movements, can lead to deviations within the measured range profiles
of a human [54]. This is why humans can be considered highly volatile targets in radar
detection. The different range profiles during the measurement series are visualized in
Figure 5, where the subject is positioned 2.0 m in front of the radar and stretches his hand
toward the radar. The human can be seen in the measured range profile at a 2.0 m distance,
and the hand is at a distance of approximately 1.5 m.
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Figure 5. The 60 GHz radar range profile measured with a TI AWR6843 radar board showcasing the
inherent noise and variability at millimeter-wave frequencies with a 3.99 GHz bandwidth (reprinted
with permission from [12] ‘IEEE 2024’).

The measurement series was recorded with a frame rate of 5 Hz, where only four
selected time steps are shown to visualize the dynamics of the radar channel. The range
samples at 2 m reveal that reflections of the human fluctuate considerably. These results are
consistent with the investigations from Abadpour in [16], where a static human showed
an approximate variance of 5 dB, and while running, a variance of up to approximately
40 dB in measurements. The human target creates a prominent peak in the range profile,
higher than static clutter. However, the magnitude of this peak fluctuates substantially
from frame to frame, which can be attributed to the highly variable RCS of the human body.
Furthermore, if two scatterers are close enough together, their responses are not resolved
and instead blur into a single point, making it difficult to distinguish between them. On
the other hand, environmental reflections are predominantly constant, with only minimal
deviations across the measurements. The peak at approximately 0.75 m can be explained by
a ground reflection. As shown in Figure 3, the antenna pattern of the patch antenna has a
strong sidelobe that points toward the ground in an up-tilt radar configuration. This makes
the radar very sensitive to ground reflections. Static reflection peaks can also be seen at
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a distance from 3.0 m to 7.0 m. Where reflections caused by the surroundings are mainly
constant, the high peak at approximately 0.1 m can be explained by constant cross-talk
between the transmitting and receiving antennas [55,56].

To classify fluctuations over several measurement series, 85 frames were recorded,
corresponding to an observation time of 17 s. The significant targets, i.e., cross-talk, ground,
human, and environment, were statistically evaluated to describe the statistical behavior of
strongly fluctuating targets over the entire measurement series. The normalized magnitude
and the deviations in range directions are represented in Figure 6 by a boxplot, whereby
each measurement point is also noted as a scatter plot, and the median is marked in orange.
This type of evaluation allows statistical outliers to be better described and the simulation
to be better matched with the measurement without coincidental matches between the
simulation and measurement.
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Figure 6. Comparison of variations in (a) magnitude and (b) range across different targets, demon-
strating the significant fluctuations observed in both parameters during a static measurement.

4.1.2. Simulative Monostatic Radar Cross Section Analysis of Human Reflections

Substantial variations of the RCS can cause high dynamics in the range profile. This
subchapter compares the dependencies between measurements and simulation results of
the RCS in more detail.

Human reflections exhibit significant fluctuations due to their highly variable RCS.
This results in a magnitude deviation of approximately 10 dB and a variation in range
determination through peak detection of approximately 0.5 m. The substantial variation
in the range profile can be explained primarily by different reflection angles between the
human and the radar. These varying angles can redirect reflections from the torso to
the head or other body parts, causing deviations of this magnitude. Figure 7 shows the
calculated RCS deviations, with individual values presented rather than averaged. Figure 7
also shows that the RCS varies by approximately 20 dBm2. The RCS later used for ray
tracing was averaged again with a mean averaging filter of 2◦.

4.1.3. Angular Dependence of Human Range Profiles

In addition to deviations caused by the RCS, different range profiles can also occur
due to deviations in the up-tilt configuration of the radar board. The radar’s up-tilt angle
largely influences the proposed setup’s signal-to-clutter ratio. To investigate the influence
of the inclination angle of the board, three up-tilt angles, 17◦, 20◦, and 23◦, are analyzed in
Figure 8. At each angle, the human is turned in 4◦ steps starting from 0◦ to 12◦ around its
z-axis to investigate deviations in the azimuth angle of the human. The simulation at this
point is carried out using conventional ray tracing without considering RCS results.
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Figure 7. Analysis of the RCS variation of a human target at 60 GHz, considering the impact of
orientation and body posture (reprinted with permission from [12] ‘IEEE 2024’).
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Figure 8. Simulation of different up-tilts angles with a rotation of the human target of (a) ϕ = 17◦,
(b) ϕ = 20◦, (c) ϕ = 23◦ (reprinted with permission from [12] ‘IEEE 2024’).
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The signal strength of the nearest reflection at approximately 0.2 m varies depending
on the up-tilt configuration. This effect is caused by the strong sidelobe in the elevation
direction. In addition, a pedestrian’s rotation leads to significant differences in the peak’s
amplitude and range bin. The simulations show that slight differences in the orientation
angle can cause variation in the human reflections in the measurement series. On the
other hand, the up-tilt of the board primarily influences the ratio of the reflection strength
between the human and the ground reflection. Depending on the human’s rotation and tilt
angle of the radar, the ratio of the human’s reflection to the ground’s reflection can vary
by up to 10 dB. The simulations show that detection can vary greatly depending on the
angle at which the radar board is mounted. The inclination angle should be adapted to the
corresponding target height and distance for optimal detection. Furthermore, an optimized
antenna pattern should be used to avoid sidelobes and prevent false detections.

4.1.4. Validating RCS and Mesh Target Modeling Through Measurements

After correlating the deviations in measurement results with the radar cross section
and clarifying the impact of different inclination angles, the next stage involves comparing
the measurements with simulations with the ray tracing and the RCS profile. Given that
the inclination angle determined in the measurements may experience minor deviations,
the simulation result of the ray tracing from Figure 9 was manually selected with the best
possible match. The best match is achieved when the optimal signal-to-noise and clutter
ratio between the human target’s torso peak and the surrounding environment.
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Figure 9. Comparison of simulation results with and without the use of RCS with the measured range
profile (up-tilt radar: 23◦ and azimuth tilt of human: ϕ = 12◦) (reprinted with permission from [12]
‘IEEE 2024’).

Integration of the RCS profile results in an approximate increase in the signal-to-clutter
ratio (SCR) by 8 dB, bringing it closer to the measured values. In addition, the human torso
profile generally appears slightly more expansive in the RCS simulation due to increased
mesh accuracy.

The calculation of the RCS is based on a monostatic approach, leading to the exclusion
of multiple reflections. This aspect becomes particularly relevant in detecting humans,
where multipath reflections are prominent, often resulting in a less distinct target peak. This
effect is apparent in the simulations presented. While the simulation incorporating the RCS
profile achieves a more accurate SCR ratio, aligning better with actual measurements, it
fails to account for multipath phenomena. Overall, the signal strength of the human object
in the RCS simulation is 10 dB higher than the measurement. However, it is difficult to
precisely quantify the deviation in a single number, as shown in the previous chapters. The
backscatter behavior fluctuates significantly between individual frames and depends on the
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exact rotation angle. Since the reflection of human limbs is often dominated by multipath
propagation at 60 GHz, the individual detection of a limb is limited. Discrepancies observed
between the simulation and actual measurements, especially at greater distances, can be
attributed to the finite number of rays computed in the simulation. As the distance from
the radar increases, the energy density in the simulation decreases due to the spreading
of rays. Consequently, any clutter effects that arise are only partially represented in the
simulation, leading to these additional deviations.

4.2. Performance Evaluation of Synthetic Data in Convolutional Neural Networks
4.2.1. Dataset Composition and Structure

The quality and quantity of the dataset significantly impact the model performance.
We partitioned our dataset into training, validation, and testing subsets. The training and
validation sets are used to train the model, while the unseen test set is used for evaluation.
We employed two primary approaches: (1) training (9000 samples) and validating on syn-
thetic data (4500 samples) and testing on real-world measurement data (500 samples), and
(2) splitting the measurement data into 70/30 training-validation split and a testing set
(500 samples). The test set maintains a fixed size of measurement data, while the quantity
of data in the training and validation sets varies. When generating the synthetic dataset,
the target person moves into the farthest corners of the room and reduces the distance to
the radar to just a few centimeters. The evaluation is presented as a box plot in Figure 10.
The measurement datasets are mostly homogeneously shuffled. The mean of the datasets
approximately matches that of the test dataset—however, a more significant deviation in
the mean for the dataset with 100 measurements results from stochastic variation. The
upper and lower deviations of the datasets match the test dataset. The range in which the
labeled ground truth values are found slightly exceeds that of the test dataset. The average
deviation is approximately 0.87 m below that of the test dataset. Overall, the synthetic
dataset contains 13,500 samples. The box plot in Figure 10 illustrates the range distribution
for datasets, showing the median values for each dataset: 100 samples (4.16 m), 200 samples
(5.10 m), 300 samples (5.07 m), 400 samples (5.36 m), 500 samples (4.92 m), synthetic data
with 13,500 samples (4.18 m), and test data with 500 samples (5.05 m).
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Figure 10. Box plot comparison of target range distribution to the radar across measurement, synthetic,
and test datasets. The measurement datasets consist of 100 to 500 samples, split into training and
validation sets with a 70/30 ratio, and were evaluated on the 500-sample test dataset.
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4.2.2. Evaluation of Synthetic and Measurement Data Performance

To evaluate the CNN model and the dataset, we first analyze the ML model trained
only on synthetic data. This model encountered no measurement data throughout the
training and validation process. The synthetic data included higher noise variation than
the measurement data to ensure robustness against changing noise conditions. The results
of testing on unseen synthetic data are presented in Figure 11b. The agreement trend
between the ground truth range values and the predicted range is visible. However, the
model still exhibits several outliers with significant prediction deviations. The outliers can
be attributed to the high noise floor and multipath configuration. In contrast, Figure 11a
displays the CNN’s range predictions trained purely on synthetic data and tested on
labeled measurement data. It behaves significantly more robustly concerning outliers in
the range detection, with a maximum deviation of approximately 1.0 m. Deviations of this
magnitude occur in only 12 of the total 1214 samples. The outliers in the prediction of the
simulated data are not due to CNN performance losses but rather to highly noisy signals.
In some cases, the simulation data were deliberately subjected to harsh noise conditions
to train the CNN as robustly as possible. The scatter plot demonstrates that the model
trained on synthetic datasets performs reliably. When evaluated with measurement data,
the model’s prediction deviations were less frequent and more negligible, indicating a
successful generalization from synthetic to real-world data. In summary, the CNN model
trained on synthetic data demonstrates effective performance and robustness, mainly when
applied to measurement data, underscoring the value of high-variation synthetic data in
training robust machine learning models.
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Figure 11. Comparison of ground truth and CNN predictions validated on (a) real environment data
and (b) synthetic data, indicating the model’s performance in predicting target positions in real and
simulated conditions with the regression line in red.

4.2.3. Cumulative Error Distribution

In addition to the qualitative evaluation of the results, Figure 12 presents the cumula-
tive error deviation for different training datasets. In this study, we define the robustness
of our ML model through the cumulative error deviation function, which represents the
model’s resilience to more significant outliers in range prediction. The evaluation is per-
formed for measurement datasets containing 100 to 500 samples and the synthetic dataset.
A cumulative error frequency plot against absolute error shows the CNN’s performance
across various datasets.
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Figure 12. Absolute error distribution across datasets with varying sample sizes and full
synthetic datasets.

Figure 12 demonstrates that the model’s performance, measured by the frequency of
significant error deviations, improves with more extensive data samples. In the training set
with a sample size of 100, 25% of the predictions exhibit an absolute error deviation greater
than 1 m. These deviations decrease significantly with sample sizes of 400 and 500, where
such deviations become minimal. The synthetically generated dataset contains very few
instances with an error deviation exceeding 1 m.

Table 10 provides quantitative results from Figure 12, showing the mean absolute
error (MAE) and the root mean square error (RMSE) for CNN models trained on different
datasets. The MAE decreases as the size of the dataset increases. Specifically, the syntheti-
cally generated dataset achieves an MAE of 0.397 m and an RMSE of 0.487 m, which are
comparable to the values obtained with a dataset of 300 samples. This suggests that in-
creasing the sample size enhances generalization and robustness. Furthermore, the results
indicate that the model effectively transfers learning from purely synthetic datasets to mea-
sured datasets. Nonetheless, synthetic datasets may still have inherent quality limitations
compared to datasets obtained directly from measurements.

Table 10. Performance metrics for standard ray tracing simulations across different datasets.

Dataset MAE in m RMSE in m

100 samples 0.698 0.875
200 samples 0.575 0.720
300 samples 0.407 0.527
400 samples 0.279 0.365
500 samples 0.257 0.331

Synthetic data 0.397 0.487

5. Discussion

This paper presents a data pipeline for simulating radar data based on a physical
simulation of the electromagnetic propagation characteristics of 60 GHz millimeter waves.
Sionna, Ansys, Remcom, or Winprop are tools for millimeter waves that offer ray tracing
and are suitable for radar simulation. This WinProp-based approach successfully repro-
duces fundamental physical properties, such as multipath propagation via ground reflec-
tion, and even captures significant features like detecting body limbs. While a monostatic
RCS simulation can achieve a significantly higher resolution by considering RF properties,
it is only beneficial when multipath propagation from the main target plays a minor role.
Incorporating bistatic RCS information would enable a more detailed consideration of
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multipath propagation effects within the simulation framework. This extension could help
overcome the limitations of complex reflection scenarios in indoor environments, as bistatic
RCS allows for modeling signal paths that interact with multiple surfaces before returning
to the receiver. This addition would lead to more precise modeling of the wave propagation
effect, enhancing the accuracy of the object’s reflection behavior and reducing simulation
time. Bistatic RCS information has already been incorporated into ray tracing in [57,58].
Conversely, it leads to longer simulation times, as the calculations are significantly more
complex than monostatic RCS. However, it is still being determined whether a higher level
of information can be achieved compared to conventional mesh modeling since, in dynamic
simulations, the RCS can fluctuate significantly, and the limitations are more related to
the dynamic geometric dimensions. For machine learning, the geometric propagation
of reflections is particularly important as it represents the features of objects. This can
already be achieved through simple mesh modeling of the object. Mesh modeling of target
objects provides a good balance, offering high resolution and sufficiently representative
results for radar data generation. Integrating antenna patterns into ray tracing allows
for accurate replication of the radar channel, including its sidelobe effects. Different tilt
angles of the radar board and the object strongly influence the reflection behavior. The
simulation accurately predicted the measurements for the static object. However, it did
not fully capture the clutter level observed in the real-world data. While detecting moving
objects is the primary goal, replicating the exact clutter value within range-Doppler maps is
often unnecessary, as the focus lies on capturing the dynamic object behavior. Fluctuating
noise values between measurements and strongly fluctuating reflection behavior make
determining the exact noise floor difficult. Non-linear noise components can arise from
hardware imperfections, such as non-linear distortion in amplifiers, mixer noise, ADC
noise, or intermodulation products between several components [59–62]. To simplify the
simulation and focus on extracting machine learning features relevant for moving object de-
tection, non-linear noise components of the electronic radar components and the broadband
propagation characteristics of the 60 GHz waves were not explicitly modeled.

The limitations of synthetic data in radar simulations arise from the simplifications in
high-frequency simulations. While real-world wave propagation is continuous, simulations
use ray tracing, which models discrete rays and cannot fully replicate the smooth behavior
of electromagnetic waves. Natural environments with complex geometries and varying ma-
terial properties are also challenging to simulate accurately. For example, natural materials
exhibit changing electromagnetic properties depending on conditions like humidity and
temperature, which are often simplified. The studies conducted by [63] revealed that the
permittivity at 60 GHz can vary by up to 52% due to an air gap between the skin and the
textile, making it extremely difficult to replicate in simulations. Interference and multipath
interactions in dense environments also present challenges, as real-world scenarios involve
intricate reflections and scattering that are hard to model precisely. Another limitation
is replicating hardware components like filters, mixers, and amplifiers, which introduce
noise and non-linearities in systems. In [64], the deterioration of signal quality due to
non-linearities is investigated. These deviations are challenging to simulate fully. The
systematic phase errors were studied in detail in [65] but are often assumed as additive
white Gaussian noise as it is complex to reproduce the noise of the hardware in simula-
tions exactly. The dynamic behavior of moving objects, such as slight deformations or
variable radar cross-sections, is often inadequately modeled, especially for human tar-
gets. The investigations from Abadpour showed that the RCS at 77 GHz of the human
torso can fluctuate by around 25 dB during movement and that of limbs by around 40 dB.
Antenna design and radiation patterns can be accurately modeled, aiding optimization
before real-world testing. The signal processing chain, including operations like FFT and
Doppler analysis, is identical between synthetic and natural setups. Wave propagation is
well simulated in plain environments with fewer objects, as ray tracing captures critical
reflections and transmissions. Despite challenges in modeling complex environments and
hardware, simulations remain valuable for design and testing, especially when real-world
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measurements are difficult or costly. The proposed simulation framework represents key
features like channel spread, noise floor, and signal strength, making simulations a reliable
foundation for designing and developing algorithms for radar systems. The presented
simulation framework can be extended to frequencies ranging from 300 MHz to 100 GHz.
The ITU provides data on the electrical properties of materials, and the propagation model
is applicable within this frequency range [48]. Various propagation simulations with this
simulation framework at different frequencies have been investigated in [66].

In image processing with deep learning, it is common practice to synthesize large
amounts of data to generate better generalizability. Researchers in [67–70] have already
increased deep learning performance with synthetic data sets. The paper’s results show
that the model trained on synthetic datasets delivered particularly robust results in pre-
dicting range-Doppler maps despite the limited availability of real measurement data.
The synthetic data demonstrated comparable performance to models trained on real data.
Notably, with just 300 synthetic samples, a similar level of accuracy was achieved as with
real measurement data, highlighting the effectiveness of the simulated datasets. When
tested on real data, the CNN trained exclusively on synthetic data showed good gener-
alization ability, with minimal deviations in range-Doppler profile predictions. In [71],
the authors demonstrated that distributed radar measurements produce a heterogeneous
dataset, affecting the learning process of deep learning algorithms. In particular, large
and heterogeneous datasets have shown an enhanced ability to generalize. These findings
align with existing literature. Dong and Liu have shown in [33] that ML models can be
successfully trained on synthetic datasets through EM simulations for posture tracking.
In [31], Sligar explored classifying various traffic participants using synthetic data. In our
setup, the synthetic datasets exhibited higher variability, leading to more stable and robust
predictions, especially in scenarios with multiple reflection paths and noise influences,
which were simulated in the model. The cumulative error distribution indicated that the
model trained with synthetic data had fewer larger errors, as the simulated scenarios cov-
ered a wide range of possible reflection and noise conditions. Overall, the use of synthetic
datasets proved capable of enhancing the performance of ML models, particularly in terms
of robustness to multiple reflections and noise, which are not only always captured in
real measurement data. However, this work needed to include the transfer of results to
real scenarios and model evaluation based on measurement data. Hybrid approaches
combining synthetic and measurement data often present a promising strategy, as demon-
strated in references [25,26]. However, these approaches are usually limited to selected
scenarios and require a certain extent of measurement data. This research highlights the
potential of synthetic data augmentation to enhance the performance of convolutional
neural networks in radar-based applications. Similar to rendering techniques for image
data augmentation, we demonstrate the effectiveness of simulating electromagnetic wave
propagation to generate diverse training data for CNNs.

6. Conclusions

This paper investigates the potential of synthetic data to train robust CNN models. The
simulation steps are illustrated, starting with the patch antenna simulation and proceeding
through the physical propagation properties of millimeter waves to signal processing. Two
distinct target modeling approaches are examined: monostatic RCS-based and mesh-based.
Although monostatic RCS modeling provides more detail and incorporates interference
characteristics of millimeter waves, indoor radar applications primarily rely on multi-
path propagation effects, which are not fully captured by monostatic RCS calculations
using WinProp. Therefore, mesh-based modeling showed promising results as a more
efficient approach for target representation in such scenarios. The results demonstrate that
mesh-based modeling combined with ray tracing, considering the propagation effects of
millimeter waves, produces range maps closely aligned with measured data. While the
finite number of rays limits the environmental clutter representation, this constraint is gen-
erally acceptable, as object detection primarily focuses on key object features and not static
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clutter representation. Measurements show that the reflection strength of human objects
can fluctuate significantly, with variations of up to 10 dB observed in both measurements
and simulations. This variability complicates direct comparisons between simulated and
measured data. Accurate feature representation is crucial for machine learning applica-
tions, and significant reflections must be captured. Ray tracing provides a reliable method
for reproducing human targets’ most important reflection paths. The results show that
ray tracing combined with mesh modeling can reproduce essential geometrical details of
human poses. The static simulation results are extended to a dynamic scenario to evaluate
the performance of the developed machine learning model on the range detection of a
moving target. The generated dataset was compared with various measured datasets
containing 100, 200, 300, 400, and 500 samples. The results demonstrate that machine
learning performance depends on the dataset’s variance and size. The synthetic dataset
outperformed the measured dataset for sample sizes up to 300. Future work can focus
on using the presented data pipeline for data augmentation in various radar applications.
The pipeline offers significant advantages, especially for fast generation and large data
labeling. In addition, its flexibility could support the development of robust models in
different radar scenarios. Furthermore, how the generated data can be effectively used and
integrated into different model architectures could be investigated.
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