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Abstract

Assessing the driver’s state in real time is a critical challenge in modern vehicle safety
systems, as human factors account for the vast majority of traffic accidents. Heart rate (HR)
is a key physiological indicator of the driver’s condition, yet contactless measurements
in dynamic in-vehicle environments remain difficult due to motion artifacts, vibrations,
and varying operational conditions. This paper presents a novel two-stage method for HR
estimation using a commercial 60 GHz frequency-modulated continuous wave (FMCW)
radar sensor, specifically designed and validated for in-vehicle applications. In the first
stage, coarse HR estimation is performed using the discrete wavelet transform (DWT) and
autoregressive (AR) spectral analysis. The second stage refines the estimate using an in-
verse application of the relevance vector machine (RVM) approach, leveraging a narrowed
frequency window derived from Stage 1. Final HR estimates are stabilized through se-
quential Kalman filtering (SKF) across time segments. The system was implemented using
an Infineon BGT60TR13C radar module installed in the sun visor of a passenger vehicle.
Extensive data collection was conducted during real-world driving across diverse traffic
scenarios. The results demonstrate robust HR estimations with an accuracy comparable
to that of commercial wearable devices, validated against a Polar H10 chest strap. This
method offers several advantages over prior work, including short measurement windows
(5s), operation under varying lighting and clothing conditions, and validation in realistic
driving environments. In this sense, the method contributes to the field of biomimetics by
transferring the biological principles of continuous vital sign perception to technical sen-
sorics in the automotive domain. Future work will explore the fusion of sensors with visual
methods and potential extension to heart rate variability (HRV) estimations to enhance
driver monitoring systems (DMSs) further.

Keywords: driver monitoring system; heart rate estimation; FMCW radar; vital sign
monitoring; in-vehicle applications; relevance vector machine; discrete wavelet transform;
Kalman filter; real-world validation

1. Introduction

Assessing the driver’s state represents a central challenge in the context of modern
vehicle technologies. As human error accounts for approximately 95% of all traffic accidents
in the European Union (EU) [1,2], as well as around 90% in the United States (US) [3], there
is a growing demand for systems capable of monitoring the driver’s condition in real time
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and minimizing potential risks. The increased deployment of DMSs is driven both by
technological advancements and regulatory requirements. For example, EU Regulation
2019/2144 [1] mandates that vehicle manufacturers equip new vehicles with systems ca-
pable of detecting the driver’s attention, fatigue, and readiness to intervene. Moreover,
the increased demand for personalized and comfort-enhancing features, both within the
vehicle’s interior and in the area of advanced driver assistance systems (ADASs), has inten-
sified the interest in DMSs further [4]. The assessment of the driver’s condition essentially
involves observing the driver and deriving their vital, emotional, cognitive, and activity-
related states, often based on biofeedback and vital sign data. Vital signs primarily include
physiological metrics such as HR, body temperature, and respiratory rate. Biofeedback
data expand this scope by incorporating additional physiological parameters, such as
muscle tension and skin conductance. The overarching goal is to design DMSs deployed
in real-world settings to be as non-invasive and unobtrusive as possible, in order to avoid
distraction and discomfort for both the driver and passengers. Such contactless monitoring
reflects a biomimetic principle, as it parallels how biological systems continuously sense
and interpret subtle physiological rhythms to ensure adaptability and safety. The proposed
method enables contactless HR measurements using FMCW radar.

In 25% of accidents, a temporary person-related limitation is identified as the primary
cause. Within this subset, 17% are attributable to the influence of substances, 14% to fatigue,
11% to stress, and 2% to anxiety, with the remaining share linked to other causes [2]. It
has been shown that alcohol and other substances increase HR [5-7]. HR, and particu-
larly heart rate variability (HRV), also serve as reliable markers of states of fatigue, stress,
and anxiety [8-10]. Monitoring HR is therefore a key parameter for assessing physiological
states. In theory, this would enable up to 44% of temporary individual impairments to be
detected and monitored. The challenge lies in the real-world acquisition of a driver’s HR
within a vehicle, both in terms of hardware sensing and software processing. Primarily,
contactless and non-invasive methods such as radar technology are employed. In addition
to contactless approaches, considerable progress has also been made in contact-based meth-
ods. Different designs of steering-wheel integrated ECG electrodes have been investigated,
such as printed and flexible electrodes [11], conductive-fabric-based dry electrodes [12],
microneedle array electrodes and wearable EMG-based systems for steering wheel grip
monitoring [13], and smart steering wheels integrating ECG, PPG, and oximetry sen-
sors [14]. These approaches can achieve high signal quality under stable contact conditions
and demonstrate the feasibility of continuous in-vehicle health monitoring. However, their
performance is inherently constrained by intermittent hand contact, perspiration, and the
use of gloves. In contrast, with the progression toward higher levels of automated driving
(ADAS) and the increasing prevalence of hands-free functions, contact-based systems face
growing disadvantages, whereas contactless radar-based sensing remains robust regardless
of the driver—vehicle interaction mode.

The main difficulties on the hardware side concern the packaging and cost of the
sensors. In the software domain, challenges arise from the demanding and complex signal
processing required to compensate for disturbances such as motion and vibrations.

This work presents a method that was tested using a commercial off-the-shelf 60 GHz
FMCW radar sensor. The method is specifically tailored to and optimized for real-world
in-vehicle applications. FMCW radar is particularly well suited to this purpose, as it enables
contactless measurements even through clothing. Furthermore, unlike other non-contact
methods such as cameras, the technology operates independently of the lighting conditions.
Privacy is also enhanced due to the non-imaging nature of the approach. The compact
design and low cost of the sensors facilitate their straightforward integration into the
vehicle’s interior.
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Numerous approaches to determining HR and HRV based on FMCW radar signals
have been proposed. The following section presents selected concepts. Broto et al. [15]
evaluated a cost-effective, pulse-coherent radar sensor for contactless measurement of HR
and respiration within the vehicle interior. The results demonstrate that conventional signal
processing methods such as short-time Fourier transform (STFT) and empirical mode de-
composition (EMD) reliably extract physiological parameters like HR and respiratory rate.
Thus, the system represents a promising foundation for integration into the driver monitor-
ing functions of modern ADASs. Singh et al. [16] investigated the use of millimeter-wave
radar technology (76-81 GHz FMCW) for contactless detection of vital signs such as HR and
respiration rate within vehicle cabins. In their study, various radar configurations inside the
vehicle were experimentally tested. The results demonstrate that frontal placement of the
radar at the level of the sternum enables reliable measurements, thus offering a promising
approach for DMSs. Ni et al. [17] propose a robust method for contactless HR estimation
using FMCW radar, integrating a hybrid signal model, periodic signal enhancement, and an
optimization-based framework. The approach achieves high accuracy even in the presence
of multilimb motion, maintaining root mean square errors (RMSEs) below 4.2 beats per
minute (bpm), and does not require highly directional antennas. Yang et al. [18] propose
a non-contact method for short-time HR estimation using a 60 GHz FMCW radar. They
integrate improved complete ensemble empirical mode decomposition with adaptive noise
(ICEEMDAN) and fast independent component analysis (ICA) to suppress respiratory
harmonics and noise. The method achieves accurate HR estimations with a mean absolute
error (MAE) of less than 4 bpm over 5 s intervals. Jung et al. [19] present a method for
rapid remote HR measurements using a 60 GHz mmWave FMCW radar. By leveraging
variations in the chirp sampling intervals within the radar’s frame structure, the authors
created multiple heartbeat signals at different sampling frequencies, which were combined
to improve the resolution and reduce the measurement time to just 2.5 s. The experimental
results show that this approach achieves higher accuracy than that of conventional methods,
even under natural breathing conditions.

The proposed method is based on a two-stage computational approach, where in the
first stage, coarse estimation is performed using DWT and AR spectral analysis. Building
upon this, the second stage involves a refined estimation conducted via RVM-based fre-
quency analysis. In the final post-processing step, an SKF is applied to producing the final
HR estimate. The primary focus during development was on achieving short measurement
durations of only 5 s, in contrast to the significantly longer periods commonly found in
the literature [20-23]. As hardware, a commercial off-the-shelf sensor was used, which
was mounted onto the sun visor, considered a realistic and practical installation location.
The method was exclusively validated and adapted using real-world data from actual
driving scenarios to ensure realistic and reproducible accuracy. In contrast, most published
methods have been evaluated under laboratory conditions. While existing studies address
individual requirements such as short measurement periods, practical sensor integration,
or real-world validation, none have combined all of these requirements into a single, dedi-
cated method. The presented approach closes this gap by integrating all key requirements
into one tailored solution.

2. Methodology

The review article by Paterniani et al. [24] clearly presents the fundamental principles.
It discusses the physiological foundations, the underlying mathematical models, and the
basic operating principles of radar and FMCW radar systems. The fundamental idea is to
measure the movement of the human thorax caused by respiration and heartbeat using the
radar Doppler effect. The typical displacement of the thorax is approximately 0.2 mm to
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0.6 mm during a heartbeat and about 4 mm to 12 mm during respiration [25]. To detect
these subtle movements despite all external influences and disturbances, a complex and
multi-stage signal processing approach is required. Figure 1 provides an overview of the
complete signal processing chain used in this study. The raw data from a radar sensor serve
as the input. In this study, an Infineon XENSIV™ 60 GHz BGT60TR13C radar sensor demo
board was used [26].
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Figure 1. An overview of the proposed two-stage method for HR estimation using FMCW radar.
The diagram highlights how the combination of coarse and fine estimation stages improves the
robustness and accuracy of HR detection, representing the novel approach and central contribution
of this work.

2.1. Pre-Process

In the first processing step, the input to the algorithm is the ADC samples of the
received FMCW chirps at the baseband, which are resolved in range using a range fast
Fourier transform (FFT), also referred to as a fast-time FFT, to localize the target object,
namely the chest wall. To reduce artifacts and noise, a high-pass clutter filter (0.1 Hz) is
applied to the results of the range FFT along the slow-time dimension, enabling a more
precise estimation of the distance to the chest wall. These initial processing steps are found
in a similar form in numerous other publications, including [17,27-30]. Subsequently,
the distance at which the chest of the observed person is located is determined. Various
methods exist for the selection of this bin. In this study, the distance bin exhibiting the
maximum absolute amplitude is chosen. In the final step of the pre-processing, the phase
signal from the selected range bin is computed. The phase ¢(t) is calculated because
minimal movements of the chest wall, caused by heartbeats or respiration, induce a time-
dependent change in the propagation delay of the radar signal, leading to ¢(t) = 4R (t).
Here, A = ﬁ denotes the wavelength of the radar, and R(t) represents the time-dependent
micromovement. These changes manifest as a phase modulation of the received signal,
which can be extracted through phase calculation. In a 60 GHz radar, even a micro-
movement of 0.1 mm results in a phase shift of 14.4°. After the phase computation,
a bandpass filter in the range of 0.5 Hz to 3.0 Hz (the typical range for HR) as well as
a Hilbert-Kalman filter are applied to the data, as described by Yunlong et al. [25]. One
advantage of the Hilbert-Kalman filter lies in its enhanced robustness to outliers, as large
residuals are not excessively weighted. Instead of the classical update equation, a weighted
update step is performed, in which the residuals are weighted differently depending on
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their magnitude [31]. This increases the insensitivity to measurement errors. Following the
filtering step, the phase difference is computed.

2.2. Stage 1: Coarse Estimation

Stage 1 is used to perform an initial coarse estimation of the HR. The approximated
HR serves both as the input for Stage 2 and as a basis for the final HR estimation. To mit-
igate potential errors in this initial estimation, the algorithm incorporates a plausibility
check against the previous estimation history and applies a temporal windowing approach.
Implausible jumps are suppressed, and if the Stage 1 output cannot be considered reliable,
Stage 2 continues the estimation independently. This strategy further increases the robust-
ness and stability of the overall method. First, the dominant frequencies are determined
using the DWT. The DWT can be applied to non-stationary signals, which are common in
biomedical signal processing. It is particularly useful because it enables a time—frequency
representation [32,33].

The DWT iteratively decomposes a signal x[n] into approximation coefficients A; and
detail coefficients D; by convolving it with a low-pass and a high-pass filter, respectively,
followed by downsampling by a factor of two. The approximation coefficients defined in
Equation (1) correspond to the low-frequency components of the signal, while the detail
coefficients presented in Equation (2) represent the high-frequency components.

Ajln) = Y hlk — 2] Ay K )
k

Dj[n] = ;ﬂk —2n] Aj_1[K] )

Here, h[k] denotes the coefficients of the low-pass filter (scaling function) and g[k] those of
the high-pass filter (wavelet function), and Ag[n] = x[n] represents the original input signal.
The DWT decomposes the signal into multiple levels j, with each level corresponding to
a specific frequency range. In the following, only the frequency bands A3 (0-1.25 Hz)
and D3 (1.25-2.5 Hz) are considered, which correspond to an HR range of 0 to 150 bpm.
The reconstruction using the inverse discrete wavelet transform (IDWT) is carried out
according to Equation (3) [34].

Aj_4[n] = ; (h[2k — n] Aj[k] 4 g[2k — n] D;[K]) (3)

The reconstructed signal from the inverse DWT thus consists solely of the frequency band
containing the HR, as shown in Figure 2. To determine the HR from the time-domain signal,
a spectral analysis is performed using an AR model, with parameter estimation carried out
according to Burg’s method.

An AR model is a linear model used to describe a stationary time signal x[n] by model-
ing it as a weighted sum of its past values and a white noise term, as shown in Equation (4).
Here, o denotes the AR coefficients, p the model order, and e[n] the white noise.

x[n] = — i wpx[n — k] + e[n] (4)
k=1

The objective is to determine a model of order p that describes the dynamic structure of
the signal as accurately as possible. Such a model enables an efficient and high-resolution
estimation of the Power Spectral Density (PSD), particularly for short data windows [35].
Various approaches exist for parameter estimation; in this work, the Burg method is
employed [36]. The Burg method is an established technique for estimating AR coefficients.
It is based on minimizing both the forward and backward prediction errors and offers,
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in comparison to other methods, the advantage of a high spectral resolution, particularly
for short data sequences. From the estimated AR coefficients, the PSD of the signal can
be computed. This is derived from the frequency response of the AR filter, as shown in
Equation (5).

o2

P(f) = — 5 (5)
1+ Y0 age J2fk/fs

In Equation (5), 02 denotes the variance in the white noise e[n], f represents the frequency
axis, and f; is the sampling frequency. Figure 3 presents the result of the AR modeling.
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Figure 2. Reconstruction of the signal using the inverse DWT (IDWT), demonstrated with real data
from a 5 s window. After decomposition of the radar signal with the DWT, relevant coefficients are
selected and denoised before applying the IDWT. The figure illustrates that this process preserves the
cardiac and respiratory components while suppressing noise.

3.0 — Power Spectral Density PSD
Ground truth heart rate

(1/Hz)

T T T T T T T
0.50 0.75 1.00 125 150 1.75 200 225 2.50

frequency (Hz)
Figure 3. The PSD of the radar signal in the frequency band from 0.5 to 2.5 Hz, with the ground-truth
HR indicated for the 5 s window displayed. The figure highlights how the spectral peak aligns with
the reference HR, demonstrating that the frequency-domain representation provides a reliable basis
for HR estimation.

Figure 3 shows that several distinct peaks can be identified, forming characteristic
patterns based on their sequence and amplitude. A distinction is made between 2-, 3-, and
4-peak patterns, with the underlying logic applied to real-world data. An empirical analysis
revealed that selecting solely the peak with the highest amplitude correctly identified the
peak closest to the ground-truth HR in only 44.7% of cases.

The corresponding results are presented in Table 1. In contrast, when the decision
logic is applied, the hit rate for selecting the theoretically optimal peak increases to 80.1%.
This logic makes a decision for a single peak (or the mean value between two peaks),
depending on the pattern of the peaks. The frequency of the selected peak corresponds to
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the frequency estimate fj from Stage 1. Four examples of the peak decision logic are shown

in Figure 4.
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Figure 4. Examples of the peak decision logic, in which a peak is selected based on the peak pattern:
(a) first peak; (b) first peak; (c) second peak; (d) second peak. The figure shows how varying spectral
patterns can result in several candidate peaks. Analyzing the dominant peak structure within each
window allows the algorithm to select the most plausible peak, which mitigates the influence of
artifacts and ensures smoother HR estimation.

Table 1. This table shows the improvement achieved by employing a peak decision logic that
selects the peak based on a defined decision logic, rather than simply choosing the peak with the

highest amplitude.
Number of Peaks Match at the Match Resul.tlng Pr(fportlon of the
Detected Hichest Peak [%] from Logic Entire Test Dataset

(Burg Method) & ° Application [%] [%]

1 100.0 100.0 4.3

2 51.3 91.8 (+40.5) 23.7

3 35.2 90.9 (+55.7) 443

4 30.8 86.3 (+55.5) 25.9

>4 8.3 100 (+91.7) 1.8
40.2 90.5 100.0

Note: Values in parentheses indicate the improvement in percentage points compared to the match at the
highest peak.
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2.3. Stage 2: Fine Estimation

At a high level, Stage 2 can be understood as a sparse frequency selection process
that refines the HR estimate provided by Stage 1. As illustrated in Figure 5, the phase
difference signal is transformed into a spectrum using the inverse relevance vector machine
(RVM). A search window, centered around the coarse estimate fj from Stage 1, constrains
the frequency range of interest. Within this window, the two most dominant peaks are
identified, and their average defines f;, which serves as the refined HR estimate. The
following provides a detailed description of this procedure.

Stage 1
I
fo

Ph
-~ ase Compute RVM Apply search Identify two
difference spectrum window (around f;)) dominant peaks
signal
Average of the two .
fl (Stage : esnmate)}

Figure 5. A simplified overview of Stage 2. The RVM spectrum of the phase difference signal is
computed, a search window centered on the Stage 1 estimate fj is applied, the two dominant peaks

within the window are identified, and their average defines f; as the refined HR estimate.

Building on the Stage 1 result fj, Stage 2 performs a refined approximation of the
HR by narrowing the target range accordingly. For this purpose, an approach to solving
an inverse problem is applied. The RVM approach by Tipping [37] represents a general
Bayesian framework for obtaining sparse solutions to regression and classification tasks. It
is a modification of the classical support vector machine (SVM), based on a probabilistic
methodology, and incorporates automatic relevance determination (ARD), thereby re-
quiring only a small number of so-called relevance vectors. The RVM can be employed
as a probabilistic approach to obtaining a sparse solution for x in the inverse problem
y = Ax + e. This inverse problem can be addressed by means of sparse Bayesian estima-
tion. In this context, the term “inverse RVM” is often used, as the RVM is applied here not
for direct regression, as originally described by Tipping, but to solving inverse problems.

The RVM approach is adapted to this specific application to approximate the HR
from phase difference signals. The phase difference serves as the input to the algorithm,
analogous to the input used in Stage 1. The chunk (time window) over which the ap-
proximation is performed spans 5s. At a sampling rate of 20 Hz, this corresponds to
100 values in the time vector t = [f1,f3,..., tN]T € RN, For this time period, a frequency
vector f = [f1, f2,- .., fm]T € RM is defined, covering the range from 0.5 Hz to 2.5 Hz with
200 sampling points. Based on this frequency vector, a frequency basis is subsequently
constructed as a linear combination of sine and cosine functions, as shown in Equation (6).

SIN(27T futy) forl<m<M, .
Dy = withn=1,...,N. (6)
cos(27t fr—mtn) for M+1<m <2M

In the presented method, N = 100 and M = 200, resulting in a frequency basis ¢ with
dimensions R100>2M — R100x400 - gyhsequently, inverse RVM regression is performed.
The energy is computed from the weights of the sine and cosine basis functions € R?M
according to (7):

P(fn) = (yﬁﬁi“)z + (yﬁﬁ"s)f, form=1,..., M. @)
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Such an energy spectrum is shown in Figure 6 for the selected frequency range. It
becomes apparent why the search range for reliably determining the extrema must be
restricted by a window and why the calculation of fj in Stage 1 is justified. However,
if the search window is restricted to a range of £12.5 bpm around the target HR HR,,f,
as illustrated in Figure 7, significantly more precise peak detection can be performed.
The detection of local extrema is carried out across the entire search space. As a result,
the mean value of the two peaks with the highest amplitude within the considered range is
used. The special case where no peak is detected within the search space is addressed by
determining the frequency at which the mean energy within the window is closest to the
target energy value. The result of Stage 2 is the approximated HR f;.

x 103

—— power
HR,er

— — N
o w o
1 1 1

relative power

o
W
1

T T T T T T T
0.50 0.75 1.00 125 150 1.75 200 225 250
frequency (Hz)

Figure 6. The energy spectrum based on the RVM, shown with real data from a 5 s window. The figure
demonstrates that without a constrained search window, spurious peaks may dominate the spectrum,
which can lead to inaccurate HR estimates.

x 1030
|
304

relative power

L5 l!6 1.7
frequency (Hz)

Figure 7. The energy spectrum based on the RVM after applying the search window. The center

of the window is the result f; from Stage 1 +12.5 bpm (0.208 Hz). Within the window, the mean

value of the two highest peaks is used to determine f;; shown using real data from a 5 s window.

The figure highlights how constraining the search window suppresses spurious peaks and enables a

more accurate HR estimation.

2.4. Post-Processing

As a result of Stage 1 and Stage 2, the approximated HR fy and f; values are obtained.
In the post-processing step, these values are filtered across multiple chunks, i.e., over a
longer time period. Consequently, the problem can be defined as a sensor fusion task involv-
ing two sensors. To solve this problem, an SKF is employed. In this approach, the Kalman
filter uses two independent sensor signals for state estimation. Here, the state estimation is
based on two independent measurement signals, fy(t) and fi(t), which observe the same
system state. Instead of employing an augmented state space, the two measurements are
processed sequentially within the standard Kalman filter update. This enables simple and
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computationally efficient sensor fusion without modifying the underlying state model.
The method is particularly well suited to systems with multiple noisy measurement chan-
nels [38,39]. The dynamic system is described by the state vector x; € R", as well as by the
two scalar quantities fy(k) and f; (k), which refer to the same state as that in Equation (8).
Here, v;(k) denotes the measurement noise.

filk) = Hxy +v;(k), i=0,1 (8)

The SFK algorithm consists of two main steps: the prediction according to Equation (9) and
the sequential updates, as presented in Equation (10).

Re—1 = A1k )
Py—1 = APy AT +Q (10)

In this context, £;;_; denotes the a priori estimate prior to the measurement, and £
represents the a posteriori estimate after incorporating all measurement data. The matrix A
is the system matrix, P is the covariance matrix, and Q is the process noise covariance ma-
trix. In the subsequent update step, the objective is to improve the a priori estimate £5;_;
and its associated uncertainty Py;_; by incorporating the current measurements. In the SKF,
this step is performed sequentially, first using fy(k) and then fi (k). For the update with

fo(k), the Kalman gain is first computed as Ko = Pyx_4 HT (HPk‘k_lHT + R0> _1, followed
by the state correction J?I((O) = fyjp—1+ Ko - ( fo(k) — Hﬁk|k_1) , and finally, the covariance
correction is performed as Pk(o) = (I — KoH)Pyjx_1. Analogously, the second update step is
performed, now starting from the intermediate solution J?]EO), PIEO), for the update with f; (k).
First, the Kalman gain is computed as K; = Pk(O)H T (HPISO) H' + Rl) 71. Next, the state
correction is performed, £y, = flgo) + Ky - ( f1(k) — HJ?,EO)) , and finally, the covariance cor-
rection is carried out: P, = (I — K1H )P,SO). Figure 8 shows the results for a measurement
file with a duration of 90 s.

120 4

100 4

heart rate (BPM)
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1

[oN)
(=)
1

N
S
1
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40 60 80
measurement (seconds)
Figure 8. Representative results after applying the sequential Kalman filter over 90s (corresponding
to 18 5-s chunks). It shows the ground-truth measurement HR,¢ over the entire period, as well as the
results from Stage 1 (fp), Stage 2 (f1), and after post-processing (HRgkp). The comparison illustrates
how post-processing with the Kalman filter smooths fluctuations from earlier stages and provides
the final stable HR estimate.

3. Results

For the acquisition of radar data, an Infineon XENSIV™ 60 GHz BGT60TR13C radar
sensor demo board was used [26]. This board was operated directly in a vehicle in com-
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bination with a Raspberry Pi 5 [40]. The configuration of the radar board is provided in
Table 2. Ground-truth HR data were acquired using a Polar H10 chest strap [41].

Table 2. The settings of the Infineon XENSIV™ 60 GHz BGT60TR13C radar sensor demo board.

Frame Repetition Time 50 ms
Chirp Repetition Time 0.5 ms
Number of Chirps 1
Start Frequency 58 GHz
End Frequency 63.5 GHz
Sample Rate 3 MHz
Number of Samples 128

The radar sensor was installed in the sun visor. The distance between the sensor
and the chest was approximately 50 cm, at an angle of 60° to the chest. The data were
recorded during regular driving operation and covered a wide range of different scenarios,
including highway driving, urban traffic, and traffic congestion, both with and without
a front passenger. The driver’s behavior was not influenced in any way, and he behaved
as he would during normal driving. Each recording was conducted over a period of 90 s,
with the intervals between individual recordings varying randomly.

In total, 74 measurement sessions were conducted using a single adult male subject
with a normal body constitution. While the dataset is thus limited to one participant, multi-
ple variations were systematically included to evaluate the robustness of the method under
realistic conditions. The recordings covered a total duration of 111 min, corresponding to
1332 five-second chunks. The driving scenarios comprised highway driving, urban traffic,
and stop-and-go congestion, as well as driving on road segments with both smooth and
rough surfaces. Measurements were performed both with and without a front passenger
present. In the sessions with a passenger, natural interactions such as conversation took
place. Importantly, the driver’s behavior was not influenced in any way; no consideration
was given to the ongoing measurements, and driving as well as in-vehicle activities were
performed as under normal everyday conditions. The rear seats were unoccupied at all
times. The radar was mounted onto the sun visor and aligned such that its beam physically
covered only the thorax region of the driver, ensuring that no radar reflections from the
passenger could influence the results. To increase the variability further, different clothing
conditions were tested. These variations ensured that the dataset captured a representative
range of environmental and operational factors typically encountered in everyday driving,
even though subject diversity in terms of sex, age, and body constitution was not addressed
in this proof-of-concept study.

The results of the proposed method for this dataset are presented in Table 3. Across
the entire dataset, an overall relative error of 6.88% was obtained. In addition, the results
further classify errors as out-of-1-SD and out-of-2-SD cases. An error is recorded only if
the deviation from the ground-truth measurement exceeds one or two standard deviations
(1-SD or2-SD) during the measurement period.

In addition to the MAE and MRE values, a Bland—-Altman analysis was performed
to evaluate the agreement between the proposed method and the Polar H10 reference
device. Figure 9 shows the differences plotted against the mean of the two measurements.
The mean bias was —0.48 bpm, and the 95% limits of agreement (LoA = Bias £1.96 - SD)
ranged from —14.9 bpm to 13.9 bpm. The majority of data points fall within these limits,
indicating good agreement. The majority of measurements fell within these limits.
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Table 3. Overall results for the proposed method, presented for all intermediate results, as well as for
the MAE and mean relative error (MRE), including the out-of-1¢ and out-of-2¢ values.

MRE (%) MAE (bpm)
- SD Out-of-1-SD  Out-of-2-SD - SD Out-of-1-SD  Out-of-2-SD
Stage 1 14.56 11.7 13.43 12.41 11.75 9.22 10.82 9.97
Stage2  13.24 9.99 12.09 11.05 10.85 8.33 9.91 9.05
Post
Process 6.88 4.74 5.8 4.88 5.58 4.01 4.69 3.93
30 1

Difference between
reference measurement (Polar H10)
and proposed two-stage method (BPM)

Limits of Agreement (LoA = Bias joz 1.96 - §D)

70

80

90

100

Mean of reference measurement (Polar H10)
and proposed two-stage method (BPM)
Figure 9. A Bland—Altman plot comparing the HR estimated using the proposed two-stage method
with the Polar H10 reference. Each dot represents an individual paired measurement (difference
versus mean). The solid line indicates the mean bias, while the dotted lines represent the 95% limits
of agreement (LoA = Bias +£1.96 - SD).

In addition to the Bland—Altman analysis, a scatter plot of the estimated HR versus
the reference values (Figure 10) was generated. The analysis yielded a Pearson’s correlation
coefficient of r = 0.32 (p < 0.001), indicating a weak but statistically significant linear
association between the two methods.

110 -
° Regression (r = 0.32 p < 0.001) »/.//
105 + -
o ° /'//
100 - o o ° e

Proposed two-stage method (BPM)

95 100 105 110
Reference measurement (Polar H10) (BPM)
Figure 10. A scatter plot of the HR estimates obtained with the proposed two-stage method versus the
Polar H10 reference. Each dot represents an individual paired measurement. The dashed line indicates
the line of identity (y = x), while the solid line shows the linear regression fit (r = 0.32, p < 0.001).

4. Discussion

As shown in the results, the error after post-processing amounts to a 6.9% mean
relative error (MRE). To put this value into perspective, reference values from the literature
for wrist wearables are provided. Shcherbina et al. [42] report an MRE between 1.8% and
5.5%. In the study by Etiwy et al. [43], the MRE ranges from 4.1% to 13%. Germini et al. [44]
determined error values between 2.4% and 17% for common wearables. Comparisons
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between the results of the proposed method and prior work utilizing FMCW radar for in-
vehicle HR estimation reveal varying levels of performance. In the work by Castro et al. [45],
a MAE of 3.51 bpm overall, 5.44 bpm for highway driving, and 1.97 bpm for urban driving
was reported. In the study by Broto et al. [15], the MRE ranges between 10.65% and 14.77%.
The Polar H10 chest strap used in this study is recognized in the literature as a precise
reference standard and achieves an accuracy of less than 1% MRE [43,46-48].

Beyond these comparisons, the present study contributes several aspects that distin-
guish it from prior work. First, the proposed method achieves a robust performance using
short measurement windows of only 5 s, whereas many published approaches rely on sub-
stantially longer durations. Second, validation was conducted exclusively under real-world
driving conditions rather than in controlled laboratory environments, ensuring that the
reported accuracy reflected realistic operational scenarios. Third, the sensor was mounted
in the sun visor, a practical and production-feasible installation location. By combining
these requirements within a single framework, the proposed method not only achieves
competitive error values but also demonstrates practical feasibility for integration into
driver monitoring systems.

The Bland—Altman analysis confirmed the overall agreement between the proposed
method and the reference device. While most values were within the 95% limits of agree-
ment, a slight increase in variance was observed at a higher HR. This trend is consistent
with previous radar-based HR estimation studies. For instance, Huang et al. demonstrated
real-time HR detection using a 77 GHz FMCW radar and reported a reliable performance
but also highlighted that overlapping respiratory harmonics and an elevated HR can lead
to reduced accuracy [49]. Similarly, Xu et al. developed a higher-order harmonic peak
selection method for radar-based monitoring and noted that estimation errors increase
when cardiac frequencies approach respiration-related components, particularly at higher
physiological rates [50]. These findings underline that additional measurements covering
higher HR ranges are required to draw more conclusive insights and to comprehensively
evaluate the robustness of the proposed method. The correlation analysis further revealed
only a weak but statistically significant linear association between the proposed method
and the Polar H10 reference (r = 0.32, p < 0.001). Although this value appears low, it
is consistent with the intended application domain and reflects the known challenges of
radar-based HR estimation in real-world in-vehicle settings, particularly due to motion
artifacts and overlapping respiratory harmonics. For driver monitoring, the primary ob-
jective is not an exact reproduction of the absolute HR values but the reliable detection of
changes and trends in the driver’s physiological state. In this respect, the proposed method
provides sufficient sensitivity to variations in HR across diverse driving conditions, which
is adequate for enhancing driver monitoring systems rather than for clinical diagnostics.
Beyond these findings, it is important to explicitly acknowledge several limitations of this
work and to outline directions for future research.

While the proposed method demonstrated promising results, several limitations need
to be acknowledged. The dataset was limited to a single subject. Although multiple driving
scenarios and road conditions, clothing variations, and the presence of a passenger were
included, subject diversity in terms of age, sex, and body constitution was not addressed.
Future work should therefore extend validation to larger and more diverse cohorts, includ-
ing participants with rhythm disturbances such as arrhythmia. External conditions also
strongly affect radar-based HR estimations. The radar sensor was mounted in the sun visor,
which represents a realistic installation scenario for series production. In this configuration,
the radar beams strike the thorax at an angle of 60°. Contrary to previous assumptions,
Ahmed et al. [51] demonstrated that at short distances (<0.9 m), the MAE at incidence
angles of 20° and 40° is not significantly worse than that at an angle of 0°. Therefore,
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the chosen installation configuration does not negatively impact the results. In contrast,
the clothing worn has a considerably greater influence. Depending on its thickness and
the material properties, clothing attenuates and scatters the radar signal. Additionally,
mechanical decoupling occurs, meaning that the clothing moves differently than the tho-
rax, which can be caused by vehicle vibrations, body movements, or respiration. These
movements superimpose onto and complicate precise HR detection. A typical respiratory
rate in the range of 0.1-0.5 Hz overlaps, through its second harmonic, with the HR range of
0.8-2.5 Hz, which complicates frequency separation further. In the transmission of vibra-
tions from the vehicle to the driver, very low-frequency vibrations in the range of 0.5-5 Hz
are particularly disruptive, mainly caused by road surface irregularities and leading to
vertical body movements [52]. Together, these factors represent the main external influences
that degrade accuracy. Future work should therefore explore robustness enhancements,
for example, through adaptive filtering, sensor fusion, or integration with complementary
modalities such as camera-based remote photoplethysmography. Moreover, the study
design focused on single-person monitoring. Although sessions with a front passenger
were included, the radar was physically aligned to cover only the driver’s thorax, and the
rear seats were unoccupied. Multi-person interference was therefore deliberately excluded
to ensure a controlled evaluation. Nevertheless, this represents an important limitation
that warrants systematic investigation in future work. In addition, the computational
cost and feasibility of real-time deployment were considered. The data acquisition was
performed with a Raspberry Pi 5, while all computations were carried out on a MacBook
M2 [53]. The achieved processing times confirm that the pipeline is sufficiently lightweight
to allow for real-time operation in production vehicles. The algorithm can therefore be
distinguished from the deep-learning-based approaches reported in the literature, which
have often required dedicated Graphics Processing Units (GPUs) and higher resource
budgets. In contrast, the present pipeline is modest in its computational demands and
thus well suited to deployment on embedded platforms. This is particularly relevant as
the trend toward software-defined vehicles (SDVs) is accompanied by the introduction of
powerful central computing platforms hosting high-demand functions such as ADASs and
Highly Automated Driving (HAD). Against this background, the low computational cost
of the proposed method represents a clear advantage for integration. Moreover, due to the
modular and sequential structure of the algorithm, individual software modules can be
updated, optimized, or replaced independently. This enables continuous improvement
and extension of its functionality, including in series production via over-the-air (OTA)
updates, thereby ensuring long-term adaptability and maintainability. Finally, the choice of
the Polar H10 chest strap as a reference was based on its proven accuracy and practicality
in real-world driving. While ECG would provide the clinical gold standard, the contact-
less approach investigated here is not intended to reach medical-grade accuracy, and an
ultra-precise reference would not necessarily provide additional benefit for the intended
driver monitoring application. Beyond the potential of extending the method toward HRV
estimation and sensor fusion with visual modalities, several challenges must be addressed
to realize these prospects. First, synchronization between radar and camera signals is
non-trivial, as different sampling rates and possible latency can compromise the temporal
alignment required for robust multimodal fusion. Second, the integration of multiple
sensing modalities inevitably increases the algorithmic complexity and computational
demand. While the present pipeline is lightweight and suitable for embedded platforms,
multimodal fusion may require more advanced hardware or optimized software architec-
tures. Third, sensor fusion introduces challenges related to data quality and reliability since
each modality is subject to specific disturbances (e.g., lighting conditions for visual data,
vibrations for radar), and strategies for handling contradictory or missing signals must be
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developed. Finally, for HRV estimation in particular, longer and artifact-free recordings
are essential, as HRV metrics are highly sensitive to noise and missing beats. Addressing
these aspects is crucial to establishing a realistic and scalable roadmap for future driver
monitoring systems.

5. Conclusions

The accuracy of the method presented here is within the range of typical wrist wearable
devices, as well as that reported in publications utilizing FMCW radar for HR approx-
imation. It should be noted that in the context of in-vehicle FMCW radar applications,
publications do not always clearly indicate how realistic the test data used actually are,
nor how the performance of the methods was determined based on these data. However,
the origin and quality of the data used have a substantial impact on the performance of the
method. Under laboratory conditions, significantly better results can be achieved compared
to those obtained with real-world application data. Use in vehicles, where HR is employed
as an information source for DMSs, likewise does not require the same level of accuracy as
a medical device. Rather, the focus is on changes and trends.

In addition, the Bland-Altman analysis confirmed the overall agreement between
the proposed method and the chest strap reference. The mean bias and narrow limits
of agreement underline the validity of the approach across diverse driving conditions.
The correlation analysis likewise indicated a statistically significant, though weak, linear
association with the reference. However, a slight increase in variability was observed at a
higher HR, which indicates the need for additional measurements under such conditions
to strengthen the evaluation.

Future work should first investigate and clarify the patterns underlying the peak
decision process and explain this behavior more comprehensively. While the results are
promising, it should be noted that the present evaluation was based on a single subject and
did not include cases of arrhythmia or multi-person scenarios, which limits the generaliz-
ability of the findings. Furthermore, the method can be combined with visual data. On the
one hand, sensor fusion can be implemented to detect movements. On the other hand,
an additional approximation of the HR can be achieved using remote photoplethysmogra-
phy (rPPG) methods. It should also be examined to what extent the proposed method can
be extended to approximate HRV data. These data carry high informational value and can
significantly enhance DMS applications.
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Abbreviations

The following abbreviations are used in this manuscript:

ADASs  advanced driver assistance systems

AR autoregressive

BPM beats per minute

DMS driver monitoring system
DWT discrete wavelet transform

FMCW  frequency-modulated continuous wave

HR heart rate

HRV heart rate variability
MAE mean absolute error
MRE mean relative error

PSD power spectral density

RVM relevance vector machine
SKF sequential Kalman filter
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