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Abstract Non-contact heart rate (HR) estimation using frequency-modulated continuous-wave (FMCW)
radar has emerged as a promising solution for unobtrusive, continuous vital-sign monitoring. However,
accurately extracting HR from radar signals remains challenging because of low-amplitude cardiac-
induced chest vibrations, environmental clutter, motion artifacts, and system noise. Traditional signal
processing techniques, such as bandpass filtering combined with fast Fourier transform (FFT) analysis,
are commonly employed to estimate HR in the frequency domain. Nevertheless, these approaches are
highly sensitive to noise and often struggle to robustly capture weak cardiac components, leading to
unstable or inaccurate estimates. To address these limitations, this study proposes a non-contact HR
estimation framework based on FMCW radar combined with a one-dimensional convolutional neural
network (1D-CNN). A systematic radar signal preprocessing pipeline is developed, including range-bin
selection, phase extraction, noise suppression, filtering, and structured data labeling, to construct
learning-ready input features. The 1D-CNN model is designed to automatically learn discriminative
temporal patterns associated with cardiac activity directly from preprocessed radar signals. The
proposed method is evaluated using two datasets: a publicly available dataset and an independently
acquired dataset collected under controlled conditions. Performance is benchmarked against
conventional bandpass filtering- and FFT-based HR estimation methods. The experimental results
demonstrate that the proposed 1D-CNN framework achieves more accurate and stable HR predictions. On
the public dataset, MAE decreases from 17.96 to 6.09 BPM, RMSE from 21.28 to 7.34 BPM, and MedAE
from 17.66 to 5.43 BPM. The independent dataset yields consistent gains, with MAE decreases from 14.05
to 5.45 BPM, RMSE from 18.05 to 6.84 BPM, and MedAE from 10.74 to 4.57 BPM. These results indicate
that the proposed 1D-CNN framework can effectively estimate HR from radar signals and demonstrate its
capability to operate across datasets acquired with different radar frequencies.

Keywords FMCW radar; non-contact heart rate; 1D convolutional neural network; vital-sign monitoring;
signal processing.

I. Introduction as electrocardiography (ECG) and

Vital-sign monitoring technologies have rapidly photqplethysmography (PPG), which record the
advanced in recent years. There are two main heart’s electrical activity or blood-volume pulse signals

methods: contact-based and contactless systems.
Monitoring vital signs is important for assessing
overall health, cardiovascular function, and how the
body responds to activity, stress, and disease [1].
Among various vital parameters, heart rate (HR) is
one of the most fundamental and widely used
indicators in both clinical and daily health monitoring.
HR measurement is crucial for assessing human
health. It is widely used in health monitoring, early
detection of cardiovascular disorders, and evaluation
of stress and fatigue, both in critical situations and
daily life [2], [3], [4], [5]. Most current heart rate
measurements rely on contact-based methods, such

using wearable sensors. Although these approaches
provide high accuracy, they suffer from several
limitations, including potential allergic reactions due to
prolonged skin contact, discomfort during electrode
removal, and restricted user mobility during long-term
monitoring [6], [7], [8], [9].To address the drawbacks
of contact-based HR measurement methods,
numerous studies have explored contactless HR
detection technologies. Among these, camera-based
approaches have been extensively investigated;
however, they are highly sensitive to environmental
conditions and raise privacy concerns [10], [11],
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[12], [13]. To overcome these issues, radar
technology has emerged as a promising alternative
[6]. Among contactless sensing methods, millimeter-
wave (mmWave) radar is a promising technology for
monitoring vital signs. mmWave radiation is non-
ionizing, is absorbed by superficial skin tissues, and
causes only thermal effects. According to international
safety standards (e.g., IEEE C95.1) for radio-
frequency electromagnetic fields (0 Hz-300 GHz),
reported mmWave exposure levels for sensing remain
within recommended limits. Under typical operating
conditions, mmWave radar-based physiological
monitoring is safe for humans [14], [15], [16]. Radar
technologies are classified by signal type as

continuous-wave (CW), frequency-modulated
continuous-wave (FMCW), and ultra-wideband (UWB)

[17]. This technology offers robustness to lighting
variations and improved privacy protection [18], [19],

[20]. Specifically, frequency-modulated continuous-
wave (FMCW) radar has gained significant attention
for offering high accuracy and relatively low power
consumption compared to other radar systems [10],

[11], [21]. Despite these advantages, radar-based
heart rate detection still faces several challenges.

One main difficulty is detecting the extremely weak
chest micromotions associated with heartbeats. These
signals are often masked by respiration and other
body movements [21], [22], [23], [24], [25]. This
overlap makes accurate signal separation particularly
challenging. To address this issue, several studies
have proposed advanced signal-processing
techniques. Wang et al. employed a 77-GHz FMCW
radar to analyze the phase of the intermediate-
frequency (IF) signal. They used compressive sensing
orthogonal matching pursuit (CS-OMP) and range-
adaptive discrete wavelet transform (RA-DWT),
followed by frequency estimation and autocorrelation,
to extract HR and respiration rate (RR) signals [22].
Similarly, Chen et al. proposed a method combining
median filtering and the DR-MUSIC algorithm, which
integrates recursive least squares (RLS) with multiple
signal classification (MUSIC), to separate heartbeat
and respiration signals using a 77-GHz FMCW radar
[11]. Another approach by Lv et al. used a 120-GHz
FMCW radar with a narrow-beam antenna to improve
signal-to-noise ratio (SNR). They also applied
adaptive notch filtering and a modified fast Fourier
transform (FFT) to enhance detection accuracy [26].
Xue et al. combined moving target indication (MTI),
constant false alarm rate (CFAR) detection, and K-
means clustering with an extended differentiate-and-
cross-multiply phase demodulation algorithm to
suppress clutter and enable accurate multi-target vital-

sign detection using a 77-GHz FMCW radar [23].
Yuan et al. proposed a Gaussian mean filtering
decomposition (GMFD)-based method to enhance the
accuracy and stability of contactless vital sign
detection using FMCW radar [27].

Besides conventional and adaptive filtering
techniques, machine-learning-based methods have
recently been explored for HR and RR detection. For
example, Saluja et al. applied a supervised learning-
based gamma filter to a 5.8-GHz Doppler radar. This
approach enabled real-time heartbeat detection
without additional calibration, using modified ECG
signals as training data [28]. Similarly, EI Abbaoui et
al. developed a contactless physiological monitoring
approach using a 24-GHz continuous-wave (CW)
radar and various temporal neural network (T-CNN)
architectures. These included one-dimensional
convolutional neural networks (1D-CNN), temporal
convolutional networks (TCN), bidirectional long short-
term memory (Bi-LSTM), and convolutional recurrent
neural networks (CRNN) to classify drivers’
physiological conditions. Although the CRNN
approach showed superior performance, evaluation
was limited to simulated data, indicating a need for
further validation in real-world dynamic environments
[7]. Previous studies have reported deep learning
approaches for radar-based heart rate estimation
using millimeter-wave signals. These approaches use
CNN to address weak heartbeat signals affected by
respiratory harmonics and environmental noise. By
decomposing phase signals via empirical wavelet
transform (EWT) and employing lightweight,
depthwise convolution architectures, higher estimation
accuracy is achieved than with conventional methods
[29]. 1D-CNN is widely used in bioinformatics for
DNA sequence classification and protein structure
prediction, as well as in finance, healthcare, and
manufacturing [30]. Most 1D-CNN applications
address classification tasks. For example, Khan et al.
classified ECG signals using raw heartbeats [31].
Similarly, Narotamo et al. investigated deep learning-
based ECG classification for cardiovascular disease
diagnosis by comparing multiple ECG representations
and network architectures, including 1D-CNN, RNN-
based models, and 2D-CNN [32]. However, beyond
classification, 1D-CNN are inherently well suited for
regression-based physiological parameter estimation
because they learn hierarchical temporal features that
capture subtle amplitude and phase variations

embedded in time-series signals [33]. Based on these
considerations, this study proposes a HR estimation
method based on 1D-CNN operating on FMCW radar
signals. The 1D-CNN architecture is chosen for its
suitability in processing sequential data, effectively
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extracting local temporal patterns and inter-sample
dependencies. This study proposes a regression-
based 1D-CNN framework for continuous heart rate
estimation from FMCW radar phase signals. The
proposed architecture operates on temporal radar
phase data and directly estimates HR values in beats
per minute (BPM), rather than performing categorical
classification. A publicly available 60-GHz FMCW
radar dataset collected in a vehicular environment is
utilized [34] and the approach is further validated
using an independent 77-GHz FMCW radar platform
(Texas Instruments IWR1843BOOST). The
contributions of this paper are as follows:

1. A regression-based 1D-CNN model for
continuous HR estimation directly from
FMCW radar phase signals.

2. The proposed 1D-CNN automatically extracts
features from temporal radar signals and
maps them directly to BPM, eliminating
manual intervention.

3. The proposed 1D-CNN is validated on two
independent datasets: a public 60 GHz
FMCW radar dataset and a self-acquired 77
GHz FMCW radar dataset.

The rest of this paper is organized as follows.
Section Il describes the proposed 1D-CNN-based HR
estimation method, including preprocessing and
dataset segmentation. Section 1l presents the
experimental results and evaluation. Section IV
discusses the findings, compares them with existing
methods, and notes limitations. Section V provides the
conclusion.

Il. Method

A. System Overview

In this study, 1D-CNN is used as a regression model.
It estimates HR in BPM from FMCW radar signals

Radar Signal Preprocessing

after preprocessing. The 1D-CNN is not used for
classification. Instead, it directly maps time-domain
radar signals to a single BPM value. The public
dataset used in this study has two types of data [34]. It
contains FMCW radar signals and reference HR data
from ECG sensors. The ECG reference data are
preprocessed into BPM values, which serve as
ground truth during model training and evaluation. Fig.
1 presents the overall processing pipeline of the
proposed system. Of the 50 subjects in the public
dataset [34], 47 are used for training and testing. The
remaining three subjects are reserved as unseen test
data. Data from these three subjects are excluded
from the training set. They are used to assess the
model’s generalization for estimating HR in previously
unobserved individuals.

The FMCW radar signals from each subject are
first processed through several stages to extract
heartbeat-related components. These stages include
fast Fourier transform (FFT), moving target indication
(MTI), phase extraction, bandpass filtering, and signal
normalization. The preprocessing steps enhance HR-
related signal quality while suppressing noise and
other disturbances. After preprocessing, the radar
signals are segmented using a sliding-window
approach. Each window lasts 20 seconds and has a
sampling frequency of 20 Hz, yielding 400 signal
samples per segment. Each segment is paired with a
single BPM value from the ECG reference data over
the same time interval. As a result, each radar
segment of 400 samples is associated with one HR
label in BPM. This labeling scheme is used for the

training, testing, and prediction datasets. This
approach enables the 1D-CNN to learn the
relationship between temporal patterns in radar

signals and HR values. It uses a one-to-one
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Fig. 1 Overall processing pipeline of the proposed system
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regression framework, in which each radar segment
serves as input and each BPM value serves as
output. During training, several 1D-CNN models are
evaluated. The model with the highest coefficient of
determination (R?) is selected. This model is then
used to predict HR values on test data from two
sources: three subjects from the public dataset and
three adult subjects whose data were collected
independently using an FMCW radar module
(IWR1843BOOST, 77 GHz).

B. FMCW Radar Working Principle

FMCW radar transmits a continuous electromagnetic
wave signal whose frequency changes linearly over
time to measure distance, angle, and velocity. This
type of radar consists of key components such as
transmit (Tx) and receive (Rx) antennas, power
amplifier (PA), low-noise amplifier (LNA), analog-to-
digital converter (ADC), digital signal processor
(DSP), and filters [22], as shown in the block diagram
in Fig. 2. In its application for detecting vital signs
such as HR, the radar captures signals reflected from
chest wall movements during breathing and cardiac
activity. In FMCW radar, the frequency-modulated
signal is called a chirp.

Synth

4
%E'—> }—> LPF HIF Signal > ADC DsP

Fig. 2 Block diagram FMCW radar

The equation for the transmitted signal is
expressed in Eq. (1) [22], [34], [35]. The FMCW
radar transmits a periodic signal x;(t) with a
frequency that increases linearly over time. Here, f,
denotes the starting frequency of the transmitted
signal, A; represents the amplitude of the transmitted
signal, T, is the chirp duration, and B is the signal
bandwidth. The chirp slope u is defined as u = B/T,.
After transmission, the signal is reflected by the target,
resulting in a received signal denoted as xz(t). This
received signal is expressed in Eq. (2).

xr = ArcosQ2uf.t + mut?) (1)

xg = Ag cos(2f(t — tg) + mu(t — t4)?) (2)

where Agpdenotes the amplitude of the received signal
and t, represents the time delay. Eq. (2) describes the
delayed and attenuated version of the Tx signal given
in Eq. (1). In the next stage, the Tx and Rx signals are
mixed to generate an intermediate-frequency (IF)

signal. The resulting IF signal, denoted as x,;z(t), is
expressed in Eq. (3). and Eq. (4).
xip = x7 () X xg(t) (3)
xip = Arp exp[jufty + 2mutyt — muty®)] 4)
where A;r is the amplitude of the IF signal, and
ty= 2d/c, c represent the light speed. The quadratic
term mut,? has a very small contribution and can
therefore be neglected [29]. Consequently, the IF
signal can be expressed in a simplified form, as
shown in Eq. (5), where f; denotes the intermediate
beat frequency that encodes the target distance.

xip = Aip explj2rfipt + ¢@)] Q)
2Bd (6)
fir = ptg = T,
inf.d 4md @
¢ = amfete = — = =5~

where Adenotes the radar wavelength. This
relationship indicates that the IF frequency contains
information about the target distance [34] while the
phase of the IF signal (@) is highly sensitive to small
variations in distance [22], [29], [35]. As a result, it
can be exploited to detect minute chest displacements
caused by cardiac activity. These relationships are
shown in Eq. (6). and Eq. (7).

C. Dataset Description

In this study, two types of data are employed, namely
a public dataset and self-acquired data. The public
dataset is used as training data to build a model that
predicts HR in BPM from radar signals [34].
Subsequently, the self-acquired radar data are used
as an independent test dataset to evaluate the
model’s generalization capability, particularly across
different radar configurations and operating
frequencies, while applying the same preprocessing
procedures. This evaluation aims to determine
whether the proposed model can still provide accurate
HR estimates when applied to radar data with different
characteristics.

1. Public FMCW Radar Dataset

This study employs a public FMCW radar dataset for
the detection of HR and RR in children aged under 13
years, comprising 50 subjects [34]. The data
acquisition system utilizes an FMCW radar sensor
(IWR-6843), operating at 60 GHz as the primary
sensing device, and a clinical reference sensor
(BSM6501K) as the ground-truth measurement of vital
signs. The dataset provides raw radar signal data,
reference HR values (BPM), and recorded ECG
signals.

Each subject is recorded for 5 minutes (300
seconds). The radar system operates at a frame rate
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of 20 Hz, meaning that 20 frames are captured per
second. Therefore, for a 5-minute recording duration,
each subject contains a total of 6000 frames. Each
frame consists of two chirps, and each chirp contains
512 samples. The detailed radar configuration
parameters are summarized in Table 1. Timestamp
information is obtained from both the radar
measurements and the clinical reference sensor to
ensure proper temporal alignment.

Table 1. Radar Dataset Configuration

Parameter Value
Number of Tx 1
Number of Rx 4

Starting Frequency (f,) 60.25 GHz

Bandwidth 3.75 GHz

Number of chirps per- 2
frame

Frame rate 20 Hz

Samples per-chirp 512

Synchronization between radar signals and reference
measurements is conducted using the HR values in
BPM provided within the dataset. Although raw ECG
signals were available, HR is not recalculated from the
ECG waveform. Instead, the provided HR values are
employed as ground truth. These HR values are
temporally aligned with the corresponding radar
signals using the available timestamp data.
2. Self-Acquired FMCW Radar Dataset
In addition to the public dataset, self-acquired data are
collected using an FMCW radar system of type IWR-
1843BOOST. The IWR-1843BOOST is an integrated
mmWave sensor based on FMCW radar technology,
capable of operating in the 76-81 GHz frequency
range with a bandwidth of up to 4 GHz. To enable raw
data acquisition from the FMCW radar, an additional
module, namely the DCA1000EVM, is employed. The
radar configuration utilizes one Tx and four Rx
antennas. This configuration is selected because the
target of interest is a single subject, while the use of
four receive antennas is intended to improve
measurement accuracy. In FMCW radar systems, a
transmitted signal with linearly varying frequency is
referred to as a chirp, whereas a set of chirps used as
an observation window for radar signal processing is
referred to as a frame. The detailed radar
configuration parameters are summarized in Table 2.
During data acquisition, each frame consists of two
chirps, and each chirp contains 200 samples. The
data are recorded for 2 minutes (120 s), resulting in a
total of 2400 frames, using combined signals from the
four receive antennas. The subject is positioned 0.5 m
in front of the radar sensor during data acquisition.
Data are collected from three healthy subjects,
comprising one male and two females aged 22-29
years. One subject is classified as overweight and

obese class | based on body mass index (BMI), while
the remaining subjects are within the normal BMI
range. A Polar H10 sensor is used as the reference

device for HR measurement.

Table 2. FMCW Radar Configuration for Vital
Sign Extraction

Parameter Value
Number of Tx 1
Number of Rx 4

Starting Frequency (f,) 77 GHz
Number of chirps per- 2
frame
Frequency Slope 70 MHz/ us
Bandwidth 4 GHz
Frame rate 20 Hz
Samples per-chirp 200
Frame time 50 ms
Number of frames 2400
Chirp time 50 us

D. Radar Signal Preprocessing

1. Extract Range Profile

After the received signal is processed by the ADC and
other preliminary processing stages, the raw data are
represented as a two-dimensional matrix consisting of
fast-time and slow-time dimensions. The fast-time and
slow-time dimensions correspond to different temporal
scales in FMCW radar data acquisition and analysis.
An illustration of this data structure is shown in Fig. 3.
The vertical axis of the matrix corresponds to the fast-
time samples, determined by the number of samples
per chirp (N), while the horizontal axis corresponds to
the slow-time samples, determined by the number of
frames (M). Before extracting the subject profile, a
direct current (DC) removal process is applied. DC
removal aims to eliminate or suppress the DC
component from the received radar signal. The radar
signal is reflected not only by the subject but also by
surrounding objects within the radar coverage area,
such as walls and floors. These objects typically have
a larger radar cross section than the human target,
thus contributing significantly to the received signal
power. The DC removal process is performed by
subtracting the mean value of the fast-time samples in
each frame from the corresponding data samples.

To obtain the range information of the target, an
FFT process is employed. This process is referred to
as range FFT because it utilizes the FFT to estimate
the target distance from the radar. The FFT converts
the sampled complex or intermediate-frequency (IF)
signal from the time domain into the frequency
domain. The FFT is applied to the fast-time samples
of each chirp. During radar data acquisition,
reflections from stationary objects in the surrounding
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environment generate static clutter. This interference
distorts the signal and degrades the detection of
moving targets, particularly chest motion induced by
respiration and heartbeat.

Chirp-1 Chirp-2 N-Chirp

AN

Raw Data IF signal

Fast time

Slow time
» M

N

Fig. 3 Representation of FMCW radar data
structure

To mitigate this effect, a moving target indication
(MTI) process is employed to distinguish moving
targets from stationary targets and clutter [36], [37].
In general, two MTI approaches are widely used: FIR-
and IIR-based filters [38]. In this study, a first-order
infinite-impulse-response (lIR) filter is adopted. The
use of an IIR filter is motivated by the small Doppler
frequency difference between stationary and moving
targets. This process facilitates the extraction of
respiration and HR information. Since heartbeat
signals are weak and highly susceptible to noise, the
MTI stage is essential. The MTI process is applied to
each range FFT output, and the corresponding MTI
equations are given in Eq. (8) and Eq. (9).

Xc[M,N] = (aRss[M,N] 3
+((1—a) X M,N —1)])
Repe[M,N] = Refe[M,N] — X.[M, N] ©)

Where X, denotes the clutter signal over the slow-time
dimension (M) during data acquisition, and «
represents the filter gain coefficient, which typically
satisfies 0 < a < 1, in this study « = 0.01 is used.
Subsequently, Ry represents the range FFT output
computed from the fast-time samples for all data
frames [34], [38]. After obtaining the cleaned signal,
a range-bin selection criterion is applied to identify the
bin corresponding to the maximum magnitude within
the expected target distance range. In this study, a
target distance of 0.5 m is used consistently for both
the public dataset and the self-acquired data.

2. Phase Extraction

Phase extraction is a process for obtaining phase
information from radar signals. This phase information
is utilized to detect the heartbeat signal. The phase
extraction process is performed after the subject
location has been identified. Although several
methods can be employed to extract phase
information, previous studies have demonstrated that
the differential-and-cross-multiply (DACM) algorithm
provides superior performance in handling phase
ambiguity [21], [22], [39]. Phase jumps typically
occur when the arctangent demodulation method is
employed, since this method has a limited output
range, usually (—-m/2,m/2)or (—180°,180°). W When
the phase value exceeds this range, a phase jump
occurs, leading to the loss of true phase information.
The phase extraction equation is given in Eq. (10)

[21].

p(m) =

Zm I(K)(Q(k) — Q(k — 1)) — Q(k)(I(k) — I(k — 1))
k=2 12(k) + Q%(k)

(10)
where ¢(m) denotes the phase information, I(k) and
Q(k) represent the real and imaginary components of
the signal obtained after the MTI process, and m
denotes the number of samples. After phase
extraction, impulse noise often appears due to
interfference and wave superposition, particularly
when the phase approaches —m and n. To suppress
this impulse noise, a noise removal process is
applied. This process computes the forward and
backward phase differences for each data sample to
reduce impulsive noise.

3. Bandpass Filter and Normalization

A bandpass filter is applied to the FMCW radar signal
to isolate heartbeat components. Two HR cutoff
frequency ranges are defined by age: for children
under 13 years in the public dataset, HR is 60-150
bpm, and for adults aged 20 years and above, HR is
60-100 bpm [40]. HR values are converted to
frequency in Hz using f(Hz) = HR/60, since bpm
denotes beats per minute. Accordingly, the filtering
frequency band for the public dataset is set to 0.8-3
Hz [22], [38]. The bandpass filter is implemented as
a sixth-order Butterworth filter using the SciPy function
in Python. To ensure numerical stability, the filter is
implemented in second-order-section (SOS) form.
Zero-phase filtering is performed using the sosfiltfilt
function, which applies forward and backward filtering
to eliminate phase distortion. This approach preserves
the temporal structure of the phase signal while
effectively suppressing low-frequency drift and high-
frequency noise. After filtering, a normalization step is
applied before performing sliding-window
segmentation or dividing the signal into multiple
segments. Normalization is employed to scale the
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signal to a uniform range. In this study, the selected

normalization method maps the signal to the range of

0 to 1. The normalization equation is given in Eq. (11).
2. = Xi — Xmin X £ oy (11)

i Xmax — Xmin »*max min
where x; denotes the value of the i-th data sample
before normalization, while X; represents the value of
the i-th data samples after normalization. The terms
Xmin @Nd X4, indicate the minimum and maximum
values of the entire data. In the case where x,,;, =

Xmax, all data values are set to zero.

Conv 1D Conv 1D Conv 1D
Input Layer (96,k=5) (128 k=7) (64,k=3)

(400,1) ReLu RelLu RelLu Relu

Max Pool
1D

@

o A

Conv 1D
(96,k=3)

maintains  estimation stability while providing
continuous temporal updates. There are 6000
samples per subject in the public dataset. This
configuration produces 280 windowed segments per
subject. These segments are then paired with the
corresponding HR labels for supervised regression
modeling. Fig. 5 shows the sliding-window process at
20-second intervals.

5. Labeled Training Data

After preprocessing, the radar signal for each subject
is segmented using a 20-second sliding window
advanced by a 1-second step. At a sampling

Conv 1D Conv 1D

(96,k=5)  (96,k=5) Dense
ReLu  Relu  Maxpool @ 2teM (224)
1D

=l

Output Layer
(1

J L J

Al

Convolutional and Pooling layer

Y
Fully-connected layers

Fig. 4 The proposed 1D-CNN model.

4. Sliding Window

After the normalization process, sliding-window
segmentation is applied. Previous studies have
reported window durations of 5-60 seconds [22],
[41], [42]. In this study, a 20-second window is
selected to balance biological stability and temporal
responsiveness. The observed HR range is
approximately 60-150 BPM. A 20-second segment
contains approximately 20-50 cardiac cycles. This
provides sufficient periodic information for stable HR
representation. Shorter windows, such as 5-10
seconds, may contain too few cardiac cycles. This
increases sensitivity to noise and transient
fluctuations. Longer windows improve stability but
reduce responsiveness to HR changes.

With a sampling frequency of 20 Hz, each 20-
second window consists of 400 consecutive samples.
Each window produces one HR estimate. A one-
second shift does not mean that HR is computed from
only one second of data. Instead, it enables the model
to update HR predictions every second using
overlapping 20-second windows. This method

frequency of 20 Hz, each window contains exactly 400
samples, yielding approximately 280 windows per
subject. Once segmentation is complete, each
windowed segment is aligned with its corresponding

window = 20 s = 400 samples

0 400 N: frame

— — > [0 -400
sliding every 1 second (20 samples) 20 - 420
5600 - 6000

Sample interval
Fig. 5 Sliding window process.

heart rate value through a timestamping procedure.
Since the dataset measurement protocol includes an
initial 20-second stabilization period, reference HR
values are extracted starting from the 21st second
onward, ensuring that every window is paired with a
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temporally valid BPM label rather than one drawn
from the unstable early phase. Each segment is then
assigned a single BPM value as its label, producing
instance pairs of 400 radar samples and one HR
reference value. Across all 47 development subjects,
this process yields approximately 13,160 labeled
instances. The labeled windows from all subjects are
then aggregated into a single dataset. The dataset is
subsequently partitioned at the window level using the
scikit-learn's train_test_split function with an 80%—
20% split and random state, allocating 38 subjects
(roughly 10,640 windows) to the training set and 9
subjects (roughly 2,520 windows) to the validation set.
The remaining 3 subjects are held out entirely as an
unseen test set to evaluate the model's generalization
capability.

E. 1D-CNN Architecture

The proposed 1D-CNN is designed to map one-
dimensional input signals to heart rate values
expressed in BPM. The input signal has a length of
400 samples with a single channel (400 x 1). The
network consists of multiple one-dimensional
convolutional layers, two pooling layers, and a fully
connected layer that produces a single output value.
This hierarchical architecture enables the model to
extract temporal features from the input signal at
multiple levels of abstraction, yielding feature
representations relevant to heart rate estimation.
Since the model output is a single continuous value,
the proposed method formulates the heart rate
estimation task as a regression problem.

1. Convolutional Layer

1D-CNNs process one-dimensional data, such as
time-series signals. They are also used for single-axis
data, including audio, physiological, and sensor data.
In contrast, two-dimensional CNNs (2D-CNNs)
process data with two spatial axes, such as digital
images. Three-dimensional CNNs (3D-CNNs) handle
data spanning three axes, for example, image
sequences or video [30]. In a 1D-CNN, the
convolution operation consists of sliding a small filter,
or kernel, along a single axis of the input data. The
input is typically a sequence or time series. The
kernel, comprising a set of weights, is designed to
detect specific local signal characteristics, such as
oscillations and periodic patterns. This operation
enables the network to capture temporal information
regarding changes in the data over time. It transforms
these patterns into representative features that are

learned during training [30], [43]. The general form of
the convolution operation in a convolutional neural
network is presented in Eq. (12).

k-1
(x * R)(E) = z x(+))-h()

j=

(12)

Where x denotes the input data and h represents the
convolution kernel of size k. The kernel is moved
along a single axis of the input vector to perform the

convolution operation, as indicated by (x = h)(t) [30],

[41], [43]. In this study, the convolution operation is
implemented across the Conv1D layers. Six Conv1D
layers are employed in a hierarchical arrangement.
Each convolutional layer uses the Rectified Linear
Unit (ReLU) activation function, and the kernel size is
selected from the set {3, 5, 7} through hyperparameter
tuning using Keras Tuner. The number of filters in
each layer is optimized within the range of 32 to 128,
with increments of 32. As shown in Fig. 4. the initial
convolutional layers (Conv1-Conv3) slide kernels
along the temporal axis of the signal to extract
fundamental patterns, including small oscillations and
amplitude fluctuations relevant to heart rate signals.
The subsequent convolutional layers (Conv4—Conv6)
integrate these features to generate higher-level and
more informative representations.

2. Pooling Layer

The pooling layer reduces the dimensionality of the
feature maps produced by the convolutional layers
while preserving the most relevant information. Like
the convolution operation, pooling applies a sliding
window to a specific region of the input feature map
with a given stride and then transforms the values
within that region into a single representative value.
Two common pooling methods are max pooling and
average pooling [19], [20], [21]. In this study, max
pooling with a pool size of 2 is used. The pooling
operation is mathematically expressed in Eq. (13).

y(t) = max(x;)iL (13)
Where y(t) is the output of the pooling layer, and x;
extends to the input feature map signal, and N is the
number of elements in the pooling.

3. Fully Connected Layer

After passing through the sequence of convolutional
and pooling layers, the resulting feature maps are
transformed into a one-dimensional vector using a
flatten layer [30]. This vector is then processed by a
dense (fully connected) layer, with the number of
neurons optimized through hyperparameter tuning
within the range of 32 to 256. The fully connected
layer integrates all extracted temporal features into a
single global representation of the input signal. This
representation is subsequently used to map the
extracted features to the heart rate output value. At
the final stage, a single neuron in the output layer is
used without a nonlinear activation function to
produce a single continuous output value, namely, the
estimated heart rate in BPM.

4. Activation Function
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The activation function used in all convolutional layers
and the dense layer is the Rectified Linear Unit
(ReLU). This function introduces nonlinearity into the
network, enabling the model to learn complex
relationships between the input signal and heart rate.
In the output layer, no nonlinear activation function is
applied because the model is designed to produce a
single continuous value, consistent with the
regression task formulation. The general form of the

ReLU activation function is given in Eq. (14) [30].
z, z>0 14
f(Z)_{O,zSO 1
where z denotes the linear output of a neuron before
activation. The RelLU function sets negative input
values to zero while preserving positive values and its
output is the maximum of zero and the input value z.

F. Evaluation Metrics

The performance of the proposed method is
evaluated using a comprehensive set of metrics. As
the developed 1D-CNN model is formulated as a
regression task, Mean Squared Error (MSE) is
employed as the loss function during training due to
its differentiability, which facilitates gradient-based
optimization. Furthermore, MSE imposes a greater
penalty on larger errors, encouraging the model to
minimize significant deviations.

For post-hoc evaluation, Root Mean Squared
Error (RMSE) is reported to express the prediction
error in the same unit as heart rate (BPM), allowing
for direct clinical interpretation while maintaining
sensitivity to large deviations. Mean Absolute Error
(MAE) is also utilized to measure the average
absolute difference, providing a straightforward
baseline of estimation error. To further mitigate the
influence of extreme outliers, Median Absolute Error
(MedAE) is included to represent the typical error
magnitude in a robust manner.

Finally, the Coefficient of Determination (R?) is
adopted to quantify the model's ability to explain the
variance in the reference data. A higher R? value,
approaching unity, indicates superior predictive
performance. The mathematical definitions of these
evaluation metrics are provided in Eq. (15-19).

& (15)
MSE = NZ(yi -)?
i=1
1 N (16)
12
MAE = NZ lyi — %l
i=1
MedAE = median(|y; — 3,|) (17)
(18)

RMSE =

L= 9 (19)
ZIiV=1(yi - ¥)?

where y; denotes the reference heart rate value, J;

denotes the heart rate value predicted by the model,

y and y represents the mean value of the reference

and predicted heart rate data respectively, and N is
the total number of test samples.

'

R? =

WORK
KES
Radar FMCW |

BRIN

Polar H10

Fig. 6 Setup for self-acquired data

G. Experimental Setup
External data are utilized to evaluate the proposed
model. Data sources include three subjects from a

Table 3. Optimal Hyperparameters of the
Proposed 1D-CNN Model.

Hyperparameter Value
Pooling Type Max pooling
Filters (Conv1-Conv6) [96, 128, 64, 96, 96,

96
Kernel Size (Conv1- [5,7, 3, 2% 5, 5]
Conv6)
Dense Units 224
Learning Rate 0.001

public dataset and independently acquired radar
measurements. Table 2 presents the detailed radar
configuration. The three subjects from the public
dataset are selected due to their wide range of heart
rate (HR) variability, which enhances the robustness
of model evaluation. Fig. 6 illustrates the data
acquisition setup for the independently collected
dataset. During data acquisition, subjects are seated
0.5 meters in front of the radar and instructed to
remain still for the duration of the experiment. Radar
measurement results are subsequently compared with
those obtained from the Polar H10, which serves as
the reference sensor for HR measurement.

lll. Results

The proposed 1D-CNN model is evaluated on two
independent datasets: a public 60 GHz dataset and a
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self-acquired 77 GHz FMCW radar dataset. Training
convergence is assessed through loss and MAE
curves over 150 epochs, yielding a coefficient of
determination of R? = 0.9629 on the test dataset. The
model is benchmarked against conventional BPF- and
FFT-based methods using MAE, RMSE, and MedAE.
On the public 60 GHz dataset, the proposed model
achieves an MAE of 6.09 BPM, RMSE of 7.34 BPM,
and MedAE of 5.43 BPM, representing reductions of
66.0%, 65.5%, and 69.3% compared with the BPF
baseline, respectively. On the self-acquired 77 GHz
dataset, the model yields an MAE of 545 BPM,
RMSE of 6.84 BPM, and MedAE of 4.57 BPM,
corresponding to reductions of 61.2%, 62.1%, and
57.4%, respectively.

A. Model Training Result

This study employs hyperparameter optimization
using Random Search with Keras Tuner, exploring
filter count, kernel size, pooling type, dense layer
neurons, and the Adam learning rate. The search is
limited to 30 trials to minimize validation MAE. Each

Training vs Validation Loss

—— Training Loss
400 1 Validation Loss
300 1
- 200
Mis ot
4
100 - i\
0 Jd \'\_

T T T T

0 20 40 60 80 100 120 140
Epoch

(@)

For final training, the researchers select the
optimal hyperparameter set after analyzing learning
curves over 150 epochs. Both MSE and MAE losses
stabilize following an initial steady decline, and
experiments with 40 to 200 epochs show that
extending beyond 150 epochs yields diminishing
returns in validation performance. Thus, 150 epochs
are sufficient to capture representative signal features
without incurring unnecessary computational cost.

Training and validation loss curves are presented
in Fig. 7(a), with corresponding MAE trends shown in
Fig. 7(b). Both metrics decline sharply through
approximately epoch 40, reflecting rapid acquisition of
fundamental radar signal patterns. Beyond this point,
the curves stabilize and gradually converge
throughout the remainder of training. The close
alignment between training and validation trajectories
for both loss and MAE suggests effective
generalization with minimal overfitting, even across
150 epochs. Furthermore, the model achieves a
coefficient of determination of R? = 0.9629 on the test
dataset, indicating that approximately 96.3% of the

Training vs Validation MAE
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Fig. 7 Comparison of training and validation (a) MAE model 1D-CNN (b) Comparison of training and

validation loss model 1D-CNN

configuration is trained for 10 epochs, with the optimal
setup detailed in Table 3.

The optimal hyperparameter configuration of the
proposed 1D-CNN model is presented in Table 3. Max
pooling is selected as the subsampling strategy to
preserve the most salient signal features. The six
convolutional layers are configured with filter sizes of
[96, 128, 64, 96, 96, 96] and kernel sizes of [5, 7, 3, 3,
5, 5], forming a hierarchical architecture that
progressively extracts features from broad temporal
patterns to fine-grained local characteristics. A fully
connected layer with 224 units is employed for
regression, and the model is optimized using the
Adam optimizer at a learning rate of 0.001, ensuring
stable and efficient convergence.

variance in reference heart rate values is captured by
the proposed 1D-CNN architecture.

B. Heart Rate Prediction Using the 1D-CNN Model
Heart rate estimation in BPM typically relies on two
conventional approaches. The first employs a
bandpass filter combined with time-domain peak
detection, where identified peaks are converted to HR
values. The second method combines the bandpass-
filtered signal with an FFT to analyze the signal in the
frequency domain, referred to here as the BPF
baseline approach. The dominant frequency
component within the physiologically reasonable HR
range is identified, and its corresponding frequency is
converted to BPM by multiplying by 60 [24]. In this
study, the researchers compare the proposed 1D-
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CNN model with the conventional BPF baseline
method using three complementary metrics: MAE,
RMSE, and MedAE.

The performance on the public dataset is
presented Table 4. Using 60-64 GHz radar data, the
proposed 1D-CNN model achieved significant
improvements over the BPF baseline for all error
metrics. Average MAE decreases from 17.96 to 6.09
BPM, RMSE from 21.28 to 7.34 BPM, and MedAE
from 17.66 to 5.43. The percentage reduction of each
error metric is computed using Eq. (20).

Ebaseline proposed x 100%

Ebaseline

where E, s.1ine denotes the error obtained from the
BPF method and E,;.,p0seq denotes the error obtained
from the proposed 1D-CNN model. These absolute
changes correspond to substantial BPM relative
improvements: a 66.0% reduction in MAE, a 65.5%
reduction in RMSE, and a 69.3% reduction in MedAE.
To further evaluate the generalization capability of the

(20)

Reduction =

decreases from 14.05 to 5.45 BPM, RMSE decreases
from 18.05 to 6.84 BPM, and MedAE decreases from
10.74 to 4.57 BPM. These improvements correspond
to reductions of 61.2% in MAE, 62.1% in RMSE, and
57.4% in MedAE.

A Bland-Altman analysis is employed to evaluate
agreement between radar-derived heart rate
estimates and reference sensor measurements. Fig. 8
presents the results for the public dataset and the self-
acquired dataset. For the public dataset, as shown in
Fig. 8(a), the Bland—Altman analysis yields a bias of
-0.41 BPM, with 95% limits of agreement (LoA)
ranging from -13.76 BPM to +12.95 BPM. This near-
zero bias indicates negligible systematic deviation
between the proposed method and the reference
standard. The majority of data points fall within the
calculated LoA boundaries and the residual scatter
exhibits no apparent dependence on heart rate
magnitude. These observations suggest that the 1D-
CNN model achieves acceptable agreement with the

Table 4. Comparison of HR estimation performance on the public dataset.

Heart BPF Method Proposed 1D-CNN Model
. Rate
Subject
Range
(BPM) MAE RMSE Median AE  MAE RMSE Median AE
1 83-117 17.03 20.43 16.09 4.34 5.27 3.68
2 96-125 22.08 25.13 23.21 8.22 9.992 7.71
3 83-112 14.78 18.27 13.67 5.71 6.76 4.91
Average 17.96 21.28 17.66 6.09 7.34 5.43

Table 5. Comparison of HR estimation performance on the self-acquired dataset.

Heart BPF Method Proposed 1D-CNN Model

Subject RF;itge e RS Wed Median
(BPM) edian AE MAE RMSE AE

! 83-97 15.48 21.71 11.81 7.59 9.55 6.41

2 87-100 15.46 17.42 13 3.13 4.04 2.5

3 86-97 11.22 15.03 7.4 5.63 6.93 4.79
Average 14.05 18.05 10.74 5.45 6.84 4.57

proposed model, additional experiments are reference sensor across the physiological range

conducted using a dataset acquired with a radar
operating in a different frequency band. Specifically,
while the public dataset is collected using a 60-64
GHz radar, the independently acquired dataset
employs a 77-81 GHz radar. Identical preprocessing
procedures are applied to both datasets to ensure a
consistent evaluation pipeline. The results from the
independently acquired data are reported in Table 5.
On the self-acquired dataset, the proposed model
again achieves substantial error reductions: MAE

examined.

For the self-acquired dataset, as illustrated in Fig.
8(b), the mean error is -4.92 BPM, with LoA spanning
-15.23 BPM to +5.38 BPM. This negative bias reflects
a modest tendency toward underestimation relative to
the reference measurements. Despite this offset, most
observations remain within the LoA limits, and the
distribution of differences appears consistent across
the measured heart rate range. These findings
indicate that, although a small constant bias exists,
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g Bland-Altman Plot for Public Dataset

o

- — Mean = -0.41

T 20

§ —= +1.96 5D = 12.95 ,

(%] [ L

= - -1.96 SD = -13.76 oA

@ 10

o

©

3

-4 01

n:l

I

o —104

Y e e ————

c

g

U

5 —-20 A

-4

o T T T T T T

T 90 95 100 105 110 115
(HR Reference + HR_Radar Prediction)/2 (BPM)

(a)

(HR Reference - HR_Radar Prediction) (BPM)

Bland-Altman Plot for Self-Collected Dataset

20 4 = Mean = -4.92
—-= +1.965SD =5.38
—= -1.96 5D =-15.23
10 4

90 92 94 96 98
(HR Reference + HR_Radar Prediction)/2 (BPM)

(b)

88 100

Fig. 8 Bland—Altman plots comparing radar-estimated heart rate with reference measurements for (a)

the public dataset and (b) the self-acquired dataset.

the model maintains stable estimation performance
when applied to data acquired with different radar
hardware and operating conditions.

Time-series plots from a representative test
subject illustrate the estimation characteristics of each

method. Fig. 9(a) presents results for the public

HR BPF vs HR 1D-CNN Public Dataset
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BPF method, combined with FFT analysis, produces
estimates with pronounced fluctuations and lower
stability, likely due to weak cardiac-induced radar
signals that are difficult to extract using purely
frequency-domain  approaches. The  dominant
frequency in the FFT spectrum may reflect harmonic
components of chest motion or disturbances rather

HR BPF vs HR 1D-CNN Self-Collected Dataset
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Fig. 9 Comparison of heart rate estimation for one representative subject (a) the public dataset and (b)

the self-acquired dataset.

dataset, where estimation behavior differs markedly
between methods. BPF-based estimates exhibit
sharper fluctuations and larger deviations from the
reference signal, particularly during certain intervals.
In contrast, the 1D-CNN model aligns more closely
with the reference sensor, following heart rate trends
more smoothly with substantially reduced amplitude
discrepancy.

Fig. 9(b) illustrates the results for the self-
acquired dataset, which show a similar pattern. The

than the true heart rate, thereby reducing estimation

accuracy. The proposed 1D-CNN model generates

more stable estimates that closely track reference

measurements.

C. Discussion

A. Interpretation of Model
Architecture

The proposed 1D-CNN model is evaluated against

conventional BPF- and FFT-based methods on two

datasets. As shown in Table 4 and Table 5, the model

Performance and
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Fig. 10 Representative radar phase signals corresponding to different estimated heart rate values: (a) 85

BPM, (b) 95 BPM, and (c) 113 BPM

achieves an average MAE of 6.09 BPM on the public
dataset and 5.45 BPM on the self-acquired dataset,
compared to 17.96 BPM and 14.05 BPM produced by
the BPF method, corresponding to MAE reductions of
66.1% and 61.2%, respectively. Consistent
improvements are also observed in RMSE (65.5%
and 62.1%) and MedAE (69.3% and 57.4%),
confirming that the performance gain is robust across

use smaller kernels with a compressed filter count to
extract fine-grained local cardiac signal
characteristics. Deeper layers (Conv5-Conv6)
recontextualize abstract features through medium-
sized kernels with stabilized filter counts to encode the
global periodic structure of the heart rate signal.

The limited accuracy of the BPF method stems
from its reliance on FFT-based spectral peak

Table 6. Comparison with Related Studies

Reference HR Range Radar Method HR Error Metric
(BPM)

Kim et al. [44] 60-120 60-64 GHz Lightweight CNN MAE = 3.82 BPM
FMCW (HeartBeatNet)

Khan et al. [45] - 77-81 GHZ T-CNN MAE = 2.37 BPM
FMCW

Chang et al. [46] - 77-81 GHZ CNN Absolute Error < 3
FMCW BPM

Wang et al. [47] 77-81 GHZ CNN + Transformer MAE = 1.82 BPM
FMCW

Han-Trong et al. [48] 50-91 24 GHz CW LSTM Accuracy = 96.67%

This study 88-125 60-64 GHz and 1D-CNN (Regression) MAE = 6.09 and

77-81 GHz 5.45 BPM

FMCW

both datasets and all error metrics. These results
indicate that the proposed model provides
substantially more reliable HR estimation, particularly
under conditions in which conventional spectral
methods are prone to failure.

The proposed 1D-CNN model overcomes this
limitation through end-to-end temporal regression.
Rather than operating in the frequency domain, the
model directly processes the preprocessed radar
phase signal in the time domain, eliminating the need
for explicit spectral peak identification. The
architecture consists of six sequential Conv1D layers
with kernel sizes of [5, 7, 3, 3, 5, 5] and filters of [96,
128, 64, 96, 96, 96]. Early layers (Conv1-Conv2)
employ larger kernels to capture broad temporal
patterns associated with heartbeat-induced chest
micro-displacements. Middle layers (Conv3—Conv4)

selection, in which the dominant frequency component
within the 0.8-3 Hz band is taken as the estimated
heart rate. As shown in Fig. 11, this assumption
frequently fails in practice because respiratory
harmonics or minor body movements can produce
competing spectral peaks of comparable magnitude,
causing the method to select incorrect peaks and
resulting in large, abrupt estimation errors. This
behavior is clinically significant, as sudden large
deviations in HR estimation could lead to
misinterpretation of a subject's physiological state,
particularly in continuous monitoring scenarios.

As illustrated in Fig. 10, the model correctly
distinguishes HR values of 85, 95, and 113 BPM by
recognizing differences in inter-oscillation spacing and
fluctuation density within the 20-second input window,
even in the presence of amplitude variations, noise,
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Fig. 11 The issue of invalid peak detection in the
frequency domain in the BPF-based FFT method

and residual motion artifacts. This demonstrates that
the model successfully captures meaningful temporal
periodicity correlated with heart rate variations,
suggesting its potential suitability for practical
applications such as post-exercise recovery
monitoring and non-contact cardiac screening, where
accurate estimation within an elevated HR range is
essential. The proposed 1D-CNN model addresses
this limitation through a fundamentally different
mechanism. Rather than operating in the frequency
domain, the model receives the preprocessed radar
phase signal directly as a temporal input and
produces HR estimates in BPM through end-to-end
regression, eliminating the need for explicit spectral
peak identification.

The effectiveness of this mechanism is evident in
Fig. 10, where the model correctly distinguishes
between signals estimated at 85, 95, and 113 BPM by
recognizing differences in inter-oscillation spacing and
fluctuation density within the 20-second input window.
The 85 BPM signal exhibits wider inter-oscillation
intervals consistent with a longer cardiac cycle, while
the 113 BPM signal displays denser fluctuations
indicative of a shorter inter-beat interval. The 95 BPM
signal presents intermediate temporal characteristics
between the two. Notably, none of these signals
conforms to an ideal sinusoidal profile due to
amplitude variations, noise, and residual motion
artifacts. Nevertheless, differences in oscillation
density remain clearly distinguishable, confirming that
the model successfully captures meaningful temporal
periodicity that correlates with heart rate variations.

B. Comparison with Related Studies

Table 6 summarizes a comparison with representative
related studies on FMCW radar-based HR estimation.
Kim et al.[44] proposed HeartBeatNet, a lightweight
CNN with skip connections and dilated convolutions
operating on a 60-64 GHz FMCW radar, reporting an
MAE of 3.82 BPM. Although HeartBeatNet achieves
lower MAE, its multi-stage preprocessing pipeline and

architectural complexity introduce greater
computational overhead compared to the proposed
1D-CNN, which terminates preprocessing at the
bandpass filtering stage and employs a simpler
sequential architecture. Khan et al. [45] proposed a T-
CNN for simultaneous heart rate and breath rate
estimation using 77-81 GHz FMCW radar, achieving
an MAE of 2.37 BPM with minimal preprocessing by
eliminating range bin identification and respiratory
harmonic filtering. However, the heart rate range of
subjects was not reported, and evaluation was
confined to a single radar platform. In contrast, the
proposed method is validated across two frequency
bands (60-64 GHz and 77-81 GHz), demonstrating
broader cross-platform generalizability not addressed
in prior studies.

Chang et al. [46] proposed a deep learning-aided
multi-bin fusion scheme achieving an absolute error
below 3 BPM, but the evaluation was limited to only
three subjects and relied on a two-stage CNN with
extensive preprocessing, raising concerns about
generalizability. The proposed method addresses
these limitations through a single-stage 1D-CNN with
streamlined preprocessing, evaluated on a larger and
more diverse subject pool. Wang et al. [47] proposed
a CNN-Transformer hybrid with a composite loss
function, achieving an MAE of 1.82 BPM on the
EquiPleth dataset and 2.11 BPM on their self-acquired
RadHR dataset, the lowest among the compared
methods. However, evaluation was conducted solely
under stationary conditions with an undisclosed heart
rate range, and the hybrid architecture introduced
considerable complexity unsuitable for lightweight
deployment. Han-Trong et al. [48] achieved 96.67%
accuracy using CW radar with LSTM, but reliance on
synthetically generated training data introduced a
domain gap with real physiological conditions, while
dependence on dedicated hardware (ADC NI USB-
6008 and LabVIEW) limited portability.

While several prior studies report lower MAE
values, the proposed 1D-CNN demonstrates broader
applicability through cross-platform validation across
two FMCW radar frequency bands. Additionally, the
model addresses an elevated heart rate range of 88—
125 BPM associated with physical exertion, a
condition that remains either unreported or
insufficiently covered in prior studies. The adoption of
a streamlined single-stage architecture further
enhances its suitability for real-time and edge
deployment, providing a distinct advantage over more
complex multi-stage approaches. Collectively, these
attributes affirm that the proposed method represents
a practical and generalizable solution for radar-based
heart rate monitoring across diverse operational
contexts.

C. Limitations and Future Work
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The results demonstrate that the proposed 1D-CNN
model enhances heart rate estimation accuracy
compared to the conventional BPF approach.
However, there remains room for improvement. As
shown in Table 4 and Table 5, the evaluated heart
rate range is between 83 and 125 BPM. Thus, model
performance at lower heart rates (60—80 BPM) is not
fully evaluated. This is a notable gap, since resting-
state monitoring represents one of the most common
practical use cases. At lower heart rates, oscillations
in the radar signal are more spread out, and it remains
unclear whether the model can reliably detect these
slower patterns. To address these limitations, future
study focuses on incorporating additional publicly
available datasets that span a broader range of heart
rate values and include a larger, more diverse subject
pool. Expanding the training data in this manner is
expected to improve the generalization capability of
the proposed model and yield more consistent
estimation performance across varying physiological
conditions.

V. Conclusion

This study introduces a non-contact heart rate
estimation technique based on FMCW radar and 1D-
CNN. The radar signal preprocessing pipeline is
designed and implemented systematically. The
proposed learning-based approach is evaluated against
conventional bandpass filtering and FFT-based peak
detection methods. Experimental results show that the
1D-CNN model provides more accurate and stable
heart rate estimations than traditional frequency-
domain approaches. The model reduces MAE, RMSE,
and MedAE from 17.96, 21.28, and 17.66 BPM to 6.09,
7.34, and 5.43 BPM, respectively, on the public
dataset, while achieving consistent gains on the
independent dataset with errors decreasing from 14.05,
18.05, and 10.74 BPM to 5.45, 6.84, and 4.57 BPM.
These results indicate improved robustness against
noise, spectral overlaps, and signal interference. The
method is validated using two radar systems operating
at 6064 GHz and 77-81 GHz, both employing
identical  preprocessing  procedures.  Consistent
performance improvements across different radar
frequencies and datasets confirm the reliability and
generalization capability of the proposed method.
Moreover, a comparative analysis with related studies
further demonstrates that the regression-based 1D-
CNN achieves lower MAE values than previously
reported filtering- and FFT-based methods, even when
evaluated across a higher heart rate range (83-125
BPM). This result highlights the model's ability to learn
nonlinear temporal patterns in radar phase signals
without relying solely on a dominant spectral peak. In
summary, a data-driven regression framework based

on 1D-CNN is more suitable for FMCW radar-based
heart rate estimation than conventional peak-selection
techniques. This validation focuses on heart rates
between 83 and 125 BPM under quasi-static
conditions. Future work expands the dataset to include
lower heart rate ranges, motion artifacts, and dynamic
real-world scenarios. These steps help evaluate the
robustness and clinical applicability of the proposed
system.
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