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ABSTRACT Continuous wave (CW) radar is an alternative to gold-standard electrocardiography (ECG) for
contactless heart rate (HR) monitoring and heart rate variability (HRV) analysis. This work aims to monitor
HR and HRV using a deep learning (DL) model with a 61GHz CW radar system. We employed attention-
based DL fusion model to combine information from radar heart sound (HS) and radar pulse wave (PW)
signals. Additionally, we compared attention-based fusion with alternative fusion methods, including data
fusion, feature fusion, and decision fusion. To evaluate the performance of the proposed method, a dataset of
approximately 20 hours was collected from 20 participants in varying body positions. Using attention-based
fusion, we achieved the overall highest F1 score of 97.53% for heartbeat detection, which outperformed
solely HS-based or PW-based model, as well as other fusion methods. F1 scores exceeding 96% were
obtained for all analyzed body positions. A high correlation of 97.11% and an RMSE of 28.99ms were
achieved for the estimation of the interbeat interval (IBI). In addition, we extracted HRV in time, frequency,
and nonlinear domains. Low relative errors were achieved, e.g. 14.04% for TRI, 6.14% for LF, 6.35% for
alpha2, and 10.93% for ApEn. The proposed approach achieved high-level performance for HR monitoring
and HRV estimation using a CW radar system, showing great potential for various healthcare applications.

INDEX TERMS Attention, CW radar, deep learning, fusion, heart rate, heart rate variability, heart sound,
pulse wave.

I. INTRODUCTION
Heart rate variability (HRV) describes the variation in
intervals between consecutive regular heartbeats [1]. HRV
is influenced by heart-brain interactions and regulated by
the autonomic nerve system (ANS) [2]. Therefore, HRV
provides information about ANS activity and is widely
used as an important indicator for various applications,
e.g. cardiovascular disease diagnosis [3], stress level [4],
sleep monitoring [5], and epileptic seizure monitoring [6].
Electrocardiography (ECG) is the gold-standard for assessing
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heart rate (HR) and HRV. However, ECG requires continuous
contact with the skin, and thus, has downsides of limited
mobility and discomfort. Radar system has been studied as an
alternative for cardio-respiratory monitoring in a contactless
manner [7], [8], [9], [10], [11], [12], [13], [14], [15], [16],
[17], [18], [19], [20], [21], [22], [23], [24]. Previous studies
have focused on the average HR in a predefined window,
making the detection of each heartbeat impossible [7], [8],
[9], [10], [11], [12]. However, the accurate timing of each
heartbeat is mandatory for assessing HRV.

HRV extraction by continuous wave (CW) radar systems
has been investigated in various studies [13], [15], [22],
[25], [26], [27], [28]. Hu et al. [13] used the ensemble
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empirical mode decomposition (EEMD) to reconstruct the
heart signal and zero-crossing to extract the interbeat interval
(IBI). Similarly, Petrovic et al. [15] applied a zero-crossing
method after filtering with a set of bands in the frequency
range of [0.5, 2.5] Hz. Yen et al. [25] used a filter with a higher
frequency band [0.5, 3] Hz to assess heartbeat signals and
used peak detection on the derivative heart signal to extract
each beat. Sameera et al. [28] filtered the displacement signal
from 0.85Hz to 5Hz and applied a multi-resolution analysis
maximal overlap discrete wavelet transform (MAMODWT)
to reconstruct the signal. Template matching was used with
peak detection to extract IBI. Edanami et al. [26] proposed
a combination of template matching and adaptive peak
detection with a filtered signal ranging from 0.75Hz to
1.5Hz to extract IBI. However, assuming the radar heart
signal to be sinusoidal-like could introduce additional time
delays in detecting each beat. In addition, radar systems
can measure more complex interactions on the body surface
induced by heart action, which contain higher frequency
components. Will et al. [16] found various pulse wave (PW)
shapes depending on the measured locations on the body by
filtering the displacement signal at frequencies up to 15Hz.
A template matching algorithm was implemented to detect
instantaneous heartbeats using PW templates [17]. In addition
to PW, the heart sound (HS) component of a higher frequency
could also be detected by a CW radar system by filtering
the radar signals in the frequency range of [16, 80]Hz [18],
which is consistent with the expected frequency of heart
sound [29]. The onset of the first radar-detected HS coincided
closely with the R peak of the ECG signal [18]. A hidden-
semi Markov model (HSMM) was implemented to segment
heart sound signals and outperformed PW-based template
matching [18]. Xie et al. [27] implemented the decoding
peak algorithm (DPD) to estimate HRV parameters using
radar HS signals, achieving similar performance compared
to HSMM. Although the HS-based HRV estimation appears
more accurate, it can suffer from lower signal quality
due to the relatively small amplitude of HS compared to
PW. Low-quality HS signals were observed in different
body positions [19]. Therefore, the fusion of PW and HS
is necessary to enable an accurate HRV measurement by
combining the precision of HS and the strong signal response
of PW [20].
With the rapid development of deep learning (DL),

significant progress has been made in DL-based extrac-
tion of cardiorespiratory parameters using radar systems.
Shi et al. [24] applied a DL model using long short-term
memory (LSTM) to segment the radar HS signal and extract
the HRV parameters. In a previous study [20], fusion of
PW and HS was proposed for heartbeat detection using
a bidirectional gated recurrent unit (bi-GRU), which is a
type of recurrent neural network (RNN) with a simplified
structure compared to LSTM. The features extracted with
DL models from the PW and HS were fused and the fusion
model outperformed the model based solely on the HS.
However, only the feature fusion method was considered

without taking into account alternative additional fusion
approaches. In this paper, we propose three different fusion
methods: data fusion, decision fusion, and attention-based
fusion. In attention-based fusion, inspired by the successful
application of attention modules [30] in language models,
we employ self-attention and cross-attention modules to
fuse and align the predictions of PW and HS, where these
modules compute relationships between elements in the
signal sequences to capture contextual dependencies.

To compare the performance of the fusionmethods, we col-
lected data from 20 healthy subjects with a total duration of
approximately 20 hours of recording in various body posi-
tions. Although previous studies that extracted HRV param-
eters from radar systems focused primarily on the time and
frequency domains, HRV in the nonlinear domain has been
shown to be relevant in clinical applications, e.g., emotion
monitoring [5] and seizure detection [6]. To the best of our
knowledge, this study is the first to extract HRV parameters in
the nonlinear domain from CW radar signals, demonstrating
the feasibility of HRV monitoring in all three domains.

II. METHODS AND MATERIALS
A. RADAR SYSTEM
The CW radar system is shown in Fig. 1. It consists of
three stacked mounting building blocks: the radar frontend
board, the baseband board, and the interface board. The
radar frontend board contains a 30.5GHz voltage-controlled
oscillator (VCO) chip, 61GHz transceiver (TRX) mono-
lithic microwave integrated circuits (MMIC), a DC-coupled
receiver network, and a 4 × 8 series-fed patch antenna
array. The baseband signal from the radar frontend board is
digitized by a baseband board and transferred to the STM32
microcontroller evaluation interface board. The digitized
radar signals with the synchronization output are transmitted
to a computer, enabling synchronization between the radar
and the reference system. Further details can be found in [31].

FIGURE 1. Photograph of the CW radar system in housing, reproduced
from [31].

The baseband in-phase (I) and quadrature (Q) signals can
be described as,

I (t) = AI cos
(
4πx(t)

λ
+ θ0

)
+ DCI (1)

Q(t) = AQ sin
(
4πx(t)

λ
+ θ0 + △φ

)
+ DCQ (2)
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where AI and AQ represent the amplitudes of the I/Q signals,
respectively, x(t) represents the displacement between the
radar and human body surface, θ0 denotes the absolute phase
due to the initial distance between the subject and the system,
△φ is the I/Q phase imbalance, λ represents the wavelength
of the carrier signal, DCI and DCQ are direct-current (DC)
offsets for the I and Q channels, respectively. The displace-
ment x(t) between the radar and the surface of the human
body (containing respiration, HS, and PW) can be assessed by
the arctangent demodulation of the I/Q signals [24]. However,
the amplitude and phase imbalance of the I/Q signals
have to be calibrated and removed prior to the arctangent
demodulation, which requires extra signal processing effort
and increases complexity. As seen from (1) and (2), I/Q
signals are modulated by displacement x(t).Therefore, the
HS and PW components are not physically separated at
the receiver side, but can be extracted from the complex
baseband I/Q signals during signal processing. Instead of
explicitly reconstructing x(t) using arctangent demodulation,
we directly applied band-pass filtering to the I/Q signals
to obtain HS- and PW-related components. A fourth-order
Butterworth band-pass filter with passband of [16, 80]Hz
is used to obtain the HS-related I/Q components [18], and
a fourth-order Butterworth band-pass filter with passband
of [0.67, 15]Hz is used to obtain the PW-related I/Q
components, following prior CW radar studies [16], [17], [32]
to improve separation between PW and HS bands. The
filtered HS and PW I/Q signals were standardized within
each segment using z-score standardization before being
used as inputs to the network. Fig. 2 presents an example
of the resulting HS and PW I/Q signals after per-segment
z-score standardization. This standardization subtracts the
segment mean and divides by the segment standard deviation,
thereby reducing the influence of DC offset and amplitude-
scale differences. Therefore, the displayed amplitudes are
intended to emphasize waveform morphology and timing,
rather than the raw amplitude relationship between HS
and PW. The absolute amplitudes of the unstandardized
bandpass signals can differ substantially between HS and
PW and can vary across subjects and postures due to
subject- and posture-dependent coupling in the bed-mounted
measurement configuration, which changes the effective
signal magnitude. In Fig. 2(a), a unified HS waveform is
visible with the onset of the first heart sound (S1) well
aligned with the R peak of the ECG. However, the PW
I/Q from 1 s to 3 s shows a different pattern compared to
the other segments, which may be influenced by respiratory
motion. In Fig. 2(b), the HS I/Q signals exhibit a higher
noise level, making the HS pattern less distinct, whereas a
repetitive waveform remains visible in the PW I/Q signals.
In addition, it is worth noticing that PW I/Q signals in
Fig. 2(a) and Fig. 2(b) show different waveforms, which can
be caused by the measured body position and vary between
individuals [16]. Therefore, DLmodels are introduced to fuse
heartbeat-related information from both HS and PW and to
deal with the varying waveforms of signals.

FIGURE 2. Exemplary HS and PW I/Q signals after z-score standardization
within each segment. Yellow dashed line marks the timing of each R peak
in ECG, representing heartbeat. (a) Clear waveform pattern in HS with
inconsistent PW, and (b) noisy HS with a clear waveform pattern in PW.

B. MODEL OVERVIEW
Fig. 3 presents the proposed architectures of the fusion
models, combining the information from HS and PW at
different levels. The model architectures are described as
follows:

• Data fusion (DataFu): HS and PW are concatenated as
input for the feature model, fusing the information from
HS and PW at the data level.

• Feature fusion (FeaFu): HS and PW are fed into the fea-
ture model separately. The extracted high-dimensional
features are processed with dense layers and concate-
nated for the final prediction.

• Decision fusion (DecisionFu): HS and PW are input into
the feature models separately. The prediction output of
the HS and PW is averaged for the final prediction.

• Attention fusion (AttentionFu): HS and PW are input
into the feature models separately. Thereafter, a self-
attention module is individually applied to the output
of the feature models, aligning the prediction within
the same modality. Next, a cross-attention module is
used to interact with the information from HS and PW.
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FIGURE 3. Model architectures: data fusion, feature fusion, decision fusion, and attention fusion. The feature model extracts the high-dimension features
from the HS and PW I/Q signals.

The output of cross-attention and self-attention is
concatenated for the final prediction.

The feature model and the self- and cross-attention
modules are explained as follows.

1) FEATURE MODEL
As shown in Fig. 3, the feature model consists of two
bi-GRU layers and two dropout layers. GRU (one of the RNN
architectures) is suitable for capturing nonlinear temporal
dependencies of a sequence. Bi-GRU combines the temporal
dependencies captured from the forward and backward.
Compared to LSTM, another type of RNN architecture, the
GRU is simpler and contains fewer trainable parameters.
In addition, GRU and LSTM have been used for radar-based
heart sound detection with similar performance [20]. There-
fore, in the feature model, bi-GRU is used to extract
high-dimensional feature embedding from the HS and PW.
In addition, the dropout layer is used to reduce overfitting
during model training.

2) SELF- AND CROSS-ATTENTION
Self-attention was proposed by Vaswani et al. [30] and is
widely used in different DL applications to integrate the infor-
mation of the entire sequence to capture temporal correlations
across different time frames formed by a weighted sum.
In self-attention, high-dimensional features are projected into
three different spaces: queries (Q), keys (K), and values
(V). The attention weights for each position of the sequence

are calculated by applying a softmax function to the dot
product of theQ andKmatrices. Then, the attention weights
are used to weight the V matrix and generate the weighted
sum output. The self-attention module in the proposed
AttentionFu method can be described as follows.

AHS = softmax
(
QHSKT

HS

)
(3)

APW = softmax
(
QPWKT

PW

)
(4)

SelfAttention(HS) = AHSVHS (5)

SelfAttention(PW ) = APWVPW (6)

where QHS , KHS , VHS , QPW , KPW , VPW ∈ RL×d are
projected from the feature model output of HS ∈ RL×2 and
PW∈ RL×2, respectively, with L denoting the number of time
steps in the input radar signal segment and d representing the
feature embedding dimensionality. AHS and APW ∈ RL×L

represent the attention score of the HS and PW feature
sequences, respectively.

To align the features of the HS and PW, cross-attention is
proposed and can be described as follows.

A(HS,PW ) = softmax
(
Q∗
PWK∗

HS
)

(7)

A(PW ,HS) = softmax
(
Q∗
HSK

∗
T

PW

)
(8)

CrossAttention(HS,PW ) = A∗

(HS,PW )V
∗
HS (9)

CrossAttention(PW ,HS) = A∗

(PW ,HS)V
∗
PW (10)
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where Q∗
HS , K∗

HS , V∗
HS , Q∗

PW , K∗
PW , V∗

PW ∈ RL×d∗

are projected from the outputs of the aforementioned self-
attention modules (5) and (6).

Unlike self-attention, where the attention score is calcu-
lated as the dot product of the Q and K from the same
modality, the attention score is computed by taking Q from
onemodality andK from another in cross-attention.A(HS,PW )
is determined using K∗

HS and Q∗
PW , and helps align/fuse the

features from HS and PW.

C. IBI ARTIFACT REMOVAL
IBI can be assessed by calculating the interval between
two consecutive regular beats. Outliers in the IBI sequence
can result in significant error in HRV parameter estimation,
particularly in outlier-sensitive HRV parameters, e.g. those in
the frequency domain. Therefore, outliers caused by extrasys-
tole beats in reference ECG are detected using irregular
changes in IBI [33] and visually controlled. Subsequently,
the IBI from ECG are interpolated linearly to these positions.
However, for IBI extracted from the radar system, outliers
are mainly caused by false detections, e.g. missing (false
negative) or additional (false positive) heartbeats. Therefore,
IBI is filtered to remove outliers according to the method
proposed by Vollmer et al. [33]. In addition, random body
movement (RBM) may introduce large fluctuations into
radar signals, resulting in false heartbeat detections and
abnormal IBI values. To reduce the influence of RBM,
a rule-based RBM detection method was applied before HRV
analysis. First, the radar I/Q signals were filtered into the
HS and PW frequency bands. Then, the mean amplitude and
standard deviation of the filtered HS and PW I/Q signals
were calculated within a two-second sliding window. Since
RBM usually causes large and irregular amplitude variations,
a segment was regarded as motion-contaminated when the
mean amplitude or standard deviation exceeded predefined
empirical thresholds. Heartbeat detections and IBI values
located within these contaminated segments were excluded
from subsequent IBI and HRV analysis. The thresholds are
chosen empirically from the recorded data to distinguish
segments with obvious movement artifacts (e.g., posture
changes and large limb movements) from segments with
normal cardiac and respiratory activity. The same thresholds
were applied to all participants and body positions without
subject-specific adjustment.

D. HRV PARAMETERS
HRV parameters are extracted in the time, frequency, and
nonlinear domains. The HRV parameters are listed in
Table 1.

E. PERFORMANCE EVALUATION
Performance is evaluated using metrics related to heartbeat
detection, HR estimation, IBI analysis, and HRV assessment.

TABLE 1. Description of HRV parameters in time, frequency, and
nonlinear domains [2].

1) HEARTBEAT DETECTION
A tolerance range of 75ms surrounding the ECG R peak
is selected to determine the accuracy of heartbeat detection,
which corresponds to half of the recognized tolerance range
of 150ms for ECG R-peak detection [34]. Specifically,
a true positive (TP) is determined if the predicted heartbeat
falls in this range. If no heartbeat is detected within the
tolerance range, a false negative (FN) is counted. Conversely,
a false positive (FP) is recorded if no R peak is found close
to the radar-detected heartbeat. The performance metrics
Sensitivity, Precision, and F1 score are defined as follows:

Sensitivity =
TP

TP+ FN
(11)

Precision =
TP

TP+ FP
(12)

F1 =
2 ∗ (Sensitivity ∗ Precision)
Sensitivity+ Precision

(13)

2) RELATIVE HR ERROR
The HR of the given windows from the radar and the ECG is
calculated. Absolute relative HR error is defined as:

HRError =
abs(HRRadar − HRECG)

HRECG
(14)

where the HRRadar and HRECG represent the average HR
within the specificwindow length detected by radar and ECG,
respectively.
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3) INTERBEAT INTERVAL (IBI)
The root mean square error (RMSE) of IBI by radar and ECG
can be determined:

RMSE =

√∑N
i=1(IBIi,ECG − IBIi,radar )2

N
(15)

4) HRV ERROR
Absolute relative HRV error can be determined as:

HRV i
Error =

abs(HRV i
Radar − HRV i

ECG)

HRV i
ECG

(16)

III. IMPLEMENTATION
A. DATASET
The dataset was collected at theMedical University Lausitz –
Carl Thiem using the aforementioned 61GHz CW radar sys-
tem and MP160 (BIOPAC Systems, Inc., Goleta, CA 93117)
as the reference ECG system. A one-channel ECG was
recorded to measure heart rate. The sampling frequencies
of radar output and reference ECG were 8000Hz and
4000Hz, respectively. Radar I/Q signals and ECG signals
were downsampled to 200Hz. Importantly, the radar was not
placed in front of the subject facing the chest. Instead, the
radar system was mounted under the grid of a regular hospital
bed, enabling sensing from below through the mattress with
an approximate distance of 10 cm between the radar and
the subject. Measurements were performed in different body
positions: supine, left lateral, right lateral, and prone, while
the radar placement remained unchanged across all postures.
Initially, 37 minutes were recorded in the supine body
position. In subsequent positions(left lateral, right lateral,
and prone), each measurement was performed for another
5 minutes. A one-minute pause was given to alter the required
positions. Overall, the recording duration was approximately
one hour. Data were collected from 20 healthy subjects
(11 males and 9 females, average age 43.05±14.64 years
and BMI 27.59±5.14). Approximately 20 hours of data were
collected. This study was approved by the ethics committee
of Landesärztekammer Brandenburg (2023-40-MPDG-ff).
All participants provided informed written consent prior to
participation in accordance with ethical guidelines.

B. TRAINING DETAILS
Training and evaluation were performed on an HPC cluster
using a single NVIDIA A100 GPU (40 GB) per job. The
compute node is equipped with dual AMD EPYC 7662 CPUs
(total 128 cores @ 2.0 GHz) and 512 GB RAM. The models
were implemented in Python 3.9.23 using TensorFlow
2.10.0, and additional libraries include scikit-learn 1.3.0 for
evaluation utilities.

5-fold cross-validation was conducted to evaluate perfor-
mance. In each fold, data from 16 subjects were used for
training and data from the remaining four subjects were
used for evaluation. The models were implemented using
TensorFlow [35]. During training, a mini-batch size of 48 and

the early stopping of 5 epochs were used to reduce overfitting.
The learning rate was set to 0.001, and the model was
optimized using the ADAM [36] optimizer.

C. RUNTIME AND COMPUTATIONAL COST
To evaluate the computational cost and real-time feasibility
of the proposed method, runtime was measured on the
same HPC platform described above using a single NVIDIA
A100 GPU. For the proposed models and fusion baselines,
training was performed using the same five-fold cross-
validation protocol. Since the models converged within 6-8
epochs across folds, we report the average training time per
fold and the total training time over five folds. For testing,
inference latency was measured with batch size of 1 using
5 s input windows. The reported inference time includes
preprocessing and model inference for one input window.
In addition, the number of trainable parameters is reported
to characterize model complexity.

For reference, we also implemented a representative
HS-based state-of-the-art method (HS-SOTA) following the
method in [24]. However, HS-SOTA uses a 10 s window
and a different preprocessing pipeline, which was originally
performed in MATLAB. Therefore, its training time is
not directly comparable with the proposed models and
is not reported in the training time comparison. Instead,
its number of trainable parameters and inference time are
reported as reference values. Since many previous radar-
based HR/HRV studies did not report training time or
inference latency, a direct runtime comparison with prior
studies is limited. Therefore, we report the measured runtime
of all implemented methods and include the window length
to indicate real-time feasibility.

As shown in Table 2, PW- and HS-based model have
the same number of trainable parameters and very similar
inference times, which is consistent with their identical
network architecture. The small difference between them is
marginal and can be attributed to normal runtime fluctuation
in end-to-end latency measurement. DataFu has the same
number of trainable parameters as PW- and HS-based model,
but its inference time is higher because it uses both PW and
HS inputs and therefore includes the preprocessing and input
construction of both signal modalities. FeaFu and DecisionFu

TABLE 2. Computational cost and real-time feasibility (batch size=1).
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have almost the same number of parameters, but FeaFu shows
a higher inference time because feature-level fusion involves
operations on intermediate feature representations, whereas
decision-level fusion combines outputs directly. Therefore,
inference time is not determined only by the number of
trainable parameters, but also by the preprocessing cost,
fusion strategy, and the type/shape of tensor operations
involved in each model. Among all proposed fusion methods,
AttentionFu has the largest number of parameters and
the longest training time, but its inference time was only
189.22ms for a 5 s input window, corresponding to less than
4% of the window duration. This indicates that the proposed
AttentionFu method is computationally feasible for real-time
HR and HRV monitoring. The HS-SOTA latency is reported
only as a model-level reference because its MATLAB-based
preprocessing was not included and its input window length
differs from the proposed methods.

IV. RESULTS AND DISCUSSION
A. EFFECT OF THE WINDOW LENGTH
Fig. 4 shows the average F1 score of the proposed fusion
methods and the single HS or PW model with a window
length ranging from 1 s to 20 s. For all the models, with
increasing window length, an initial increase in the average
F1 score was observed followed by a subsequent decrease.
Specifically, a short window length, e.g. one second, is not
suitable for heartbeat detection. Given a resting heart rate
of 60 bpm to 80 bpm, one second covers only one complete
cardiac cycle, and with that the bi-GRUmodel cannot capture
the information from adjacent beats. However, window
lengths exceeding 10 s also resulted in a decrease in the
performance of almost all models. This decrease in the
model’s performance associated with a long window length
could be explained by the limitation of the bi-GRU model,
which failed to handle long sequences even though the gated
mechanism in the bi-GRU model helps to remember and
forget the information from previous and following beats.
In addition, models with a longer window are not preferred
due to the extensive computation andmemory demand, which
limits the implementation on an edge device for real-time
applications.

Comparing the HS-based- and PW-based models, the
HS-based model showed superior performance. This could
be explained by the relatively uniform wave-pattern of the
HS signals. In contrast, the waveform of the PW depends on
the body position and individual parameters of the subjects,
thus increasing the inhomogeneity of the data. Among the
fusion methods, AttentionFu achieved the best performance,
followed byDataFu, for window lengths between 3 s and 10 s.
Both AttentionFu and DataFu outperformed the HS and PW
single models. A minor improvement was observed in the
FeaFu model. No improvement could be achieved using the
DecisionFu model.

In addition to our single-modality HS- and PW-based
DL baselines and different fusion methods, we included

FIGURE 4. Comparison of the F1 score averaged over each measurement
session across different window lengths and methods. AttentionFu,
DecisionFu, FeaFu, and DataFu denote Attention Fusion, Decision Fusion,
Feature Fusion, and Data Fusion, respectively. In addition, an HS-SOTA
method from [24] is reported at its recommended 10 s window length
(F1=0.916) and is therefore shown only at 10 s.

a representative HS-SOTA reported in [24]. Since the
HS-SOTA method is designed for a 10 s window and
relies on a specific preprocessing pipeline, we evaluated
it under the same protocol and reported its performance
at 10 s (F1=0.916) in Fig. 4. For comparison, at 10 s our
HS-only DL baseline achieved and F1 score of 0.958 and
the proposed AttentionFu achieved 0.976. Since the same
input-window length was used, the performance difference
between HS-SOTA and our HS-based model is not attributed
to the window setting, but may be related to differences
in preprocessing strategy, input representation, and network
architecture. HS-SOTA uses a displacement-reconstruction-
based preprocessing pipeline and a bidirectional LSTM
network, whereas the our HS-based model uses filtered HS
I/Q components within the same processing framework as the
proposed fusion models. Therefore, HS-SOTA is included as
a representative reference on the present dataset, rather than
as a claim of general superiority over the HS-SOTA method.
The results indicate that the filtered-I/Q HS representation is
effective in the present framework, while AttentionFu further
improves performance by adaptively fusing complementary
HS and PW information. As shown in Fig. 4, most models
achieved the best F1 scores with a window length of 5 s.
Therefore, we use window length of 5 s in the following
analyses and focus on methods implemented under a unified
pipeline to ensure fair comparisons.
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FIGURE 5. F1 score comparison across different SNR levels and methods. Left: noise added to HS I/Q signals; right: noise added to PW I/Q signals.

B. EFFECT OF BODY POSITIONS
Table 3 shows the performance of all the models with a
window length of 5 s. The best performance was achieved in
the prone and supine positions compared to the left and right-
lateral positions. This could be explained by the lower signal
quality in the lateral positions. AttentionFu performed best
with sensitivity, precision and F1 scores ranging from 96% to
99% in all measured body positions. In contrast, DecisionFu
failed to achieve higher performance than the HS model in
the left lateral position. DecisionFu averaged the prediction
output of the HS and PW, and misalignment between these
predictions could result in FN or FP heartbeats, thus lowering
sensitivity and precision. However, this misalignment can
be addressed with the attention modules in the AttentionFu
model.

C. EFFECT OF SNR LEVELS
Gaussian noise at varying levels was added directly to the HS
and PW I/Q signals separately to investigate and evaluate the
performance differences between the methods. The signal-to-
noise ratio (SNR) is defined as follows:

SNR = 10 log10

(∑L
i=1 s

2
i∑L

i=1 n
2
i

)
(17)

The average F1 score with varying SNR levels is shown
in Fig. 5. With noise added to HS or PW, the average F1
score increased with improved SNR for all models. For HS
in varying SNR levels, AttentionFu performed the best in
comparison to the other fusion methods and the HS model.
The difference between the fusion methods and the HSmodel
decreased with increasing SNR. Comparing the F1 score
for PW at different levels of SNR, similar improvements
could be observed. The PW model was not robust to noise,
whereas a higher F1 score could still be achieved with the
HS model. The onset of S1 in the HS signal aligns well

TABLE 3. Heart Beat Detection Metrics comparison in different body
positions.

with the ECG R peak; however, this alignment is absent in
the PW signal. Therefore, the addition of noise can shift the
detected heartbeats from the PW signal, leading to a reduction
in the accuracy of heartbeat detection. When comparing the
same level of noise added to HS and PW I/Q signals, the
fusion methods performed better if the noise was added to
the PW rather than to the HS. This could be explained by
the homogeneous waveform morphology of HS compared
to PW [16], which was less affected by body position and
individual differences. Therefore, fusion models tended to
focus on HS rather than PW, resulting in a reduced impact
on heartbeat detection when PW had a low SNR.
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D. COMPARISON OF HR
AttentionFu showed a median relative HR error of 0.34%,
outperforming the other fusion methods (0.38-0.55%, Fig. 6).
In addition to the relative HR error, we compared the
empirical cumulative distribution function (ECDF) of the
absolute HR error, shown in Fig. 7. All methods showed
similar performance within the HR error range of less than
1 bpm. With increasing HR error, the PW had the lowest
ECDF, and DecisionFu showed an ECDF between the HS and
PWmodels. In addition, AttentionFu ECDF was consistently
higher than the other methods, indicating lower HR error.
With AttentionFu, 95% of the data had an HR error of less
than 5 bpm, and more than 97% of the data had an HR error of
less than 10 bpm. These results highlighted the effectiveness

FIGURE 6. Boxplot of the absolute relative HR error.

FIGURE 7. ECDF of absolute HR error.

of the proposed method with the CW radar system for
contactless HR monitoring in different body positions.

E. COMPARISON OF INTERBEAT INTERVAL (IBI)
An example of IBI artifact removal using IBI filtering
and RBM detection is shown in Fig. 8. In Fig. 8(a),
one radar-derived beat was missed at approximately 150 s,
producing a sudden IBI peak and increasing the IBI RMSE.
After applying IBI filtering based on the relative change
between consecutive IBIs, the abnormal IBI caused by the
isolated missing beat was corrected by linear interpolation,
leading to a reduced RMSE. This indicates that relative-
change-based IBI filtering is effective for isolated IBI outliers
caused by single missed beats. However, Fig. 8(b) shows
a more challenging case in which the radar signals were
contaminated by RBM, as highlighted in pink. During this
interval, body movement caused continuous signal distortion
and multiple missed or unreliable beat detections, resulting
in abnormal IBI values. Although relative-change-based IBI
filtering can correct isolated missing beats, it is insufficient
for RBM-contaminated intervals because the corrupted IBIs
are caused by sustained signal degradation rather than a
single local outlier. Consequently, some movement-induced
abnormal IBIs remained after IBI filtering alone, particularly
near 215 s. The corresponding signal-level example of the
RBM-contaminated segment from 200 to 215 s is provided in

FIGURE 8. Example of IBI artifact removal with (a) filtering and (b) RBM
detection. The blue line shows the IBI derived from ECG. The orange line
represents the IBI from the radar before artifact removal, and the green
line after artifact removal. The dashed pink box highlights the detected
segment with RBM.
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Appendix Fig. 10. As shown in Appendix Fig. 10, the filtered
HS and PW I/Q signals exhibit sudden and pronounced
amplitude fluctuations around 204-215 s. These abrupt
amplitude changes correspond to the RBM-contaminated
interval shown in Fig. 8(b), wheremissing radar-derived beats
led to unrealistically high IBI values. After incorporating
RBM detection, the movement-contaminated segment was
identified and the corresponding abnormal IBI values were
removed. This example demonstrates that combining IBI
filtering with RBM detection is effective for suppressing IBI
artifacts caused by both isolated missing beats and body
movement.

The Pearson correlation coefficient (R), Bland-Altman
bias, upper and lower limits of agreement (LOA), and RMSE
of IBI between ECG and different methods with and without
IBI artifact removal are summarized in Table 4. Without
the removal of IBI artifacts, DecisionFu achieved the best
performance, indicating fewer IBI outliers. Nevertheless, the
performance of all methods without artifact removal was
insufficient for reliable HRV estimation, because abnormal
IBI values caused by missed or false heartbeat detections can
strongly affect HRV parameters.

TABLE 4. Comparison of IBI Performance without (w/o) and with (w) IBI
artifact removal.

After IBI artifact removal, all parameters were substan-
tially improved in all methods, and all fusionmethods showed
better results than the HS and PW models. An increase in
correlation exceeding 15% and a high absolute correlation of
more than 90% were achieved in all models, demonstrating
the effectiveness of IBI artifact removal. Among all methods,
AttentionFu achieves the best overall agreement with ECG
after artifact removal, with the highest correlation coefficient
of 97.11%, the lowest RMSE of 28.99ms, and the narrowest
Bland–Altman LOA from −57.85ms to 55.71ms. These
results suggest that attention-based fusion providesmore con-
sistent beat-to-beat timing, which is important for subsequent
HRV analysis.

The IBI derived from the ECG and from the radar system
of all measurements was concatenated further agreement
analysis. Using AttentionFu, a high R of 97.11% for
IBI from ECG and radar was achieved after IBI artifact

removal. However, the correlation could be affected by
outliers and does not fully reflect the agreement between two
measurementmethods. Therefore, the Bland-Altman plot was
used to visualize the agreement between both methods [37].
As shown in Fig. 9, the bias was only −1.07ms, indicating
minimal systematic disagreement between radar and ECG.
The width of the upper and lower LOA were 55.71ms and
−57.85ms, respectively. In addition, no linear trend was
observed in the Bland-Altman plot, suggesting that the IBI
estimation error was not strongly dependent on the mean IBI
value.

FIGURE 9. Bland-Altman plot of IBI from ECG and radar (AttentionFu with
IBI artifact removal).

The superior performance of AttentionFu can be explained
by the complementary characteristics of radar-derived HS
and PW signals and the adaptive feature-level fusion ability
of the attention mechanism. HS and PW are both related
to cardiac activity, but they represent different physiolog-
ical information. HS mainly reflects cardiac mechanical
vibration, whereas PW reflects pulse-wave propagation on
the body surface. Therefore, the two signals can provide
complementary information for heartbeat detection and IBI
estimation. However, their signal quality may vary across
body positions, SNR levels, and measurement conditions.
A fixed fusion strategy may therefore be insufficient to fully
exploit their complementary information.

Different fusion strategies combine HS and PW informa-
tion at different levels. DataFu performs input-level concate-
nation of HS and PW signals and feeds the concatenated
signal into a shared feature extraction model. Although this
strategy can use information from both modalities, the fusion
is performed before modality-specific representations are
fully learned. Therefore, noisy or unreliable components
from one modality may affect the joint representation at an
early stage. FeaFu extracts HS and PW features separately
before concatenation, but the concatenation operation is still
static and does not explicitly model the changing reliability
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of each modality. DecisionFu combines the outputs of
independent HS and PW models only at the final decision
level, which may limit the use of cross-modal information
during feature learning.

In contrast, AttentionFu performs adaptive fusion at the
feature-representation level. After modality-specific feature
extraction, the attention modules allow the model to empha-
size informative heartbeat-related features and suppress
less reliable components. This is particularly useful for
radar-based cardiac monitoring, because HS and PW may be
affected differently by posture, noise, and local body-surface
displacement. When one modality is degraded, the attention
mechanism can reduce the contribution of less informative
features and rely more on the complementary information
from the other modality.

This interpretation is supported by both the HR
error-distribution results in Fig. 7 and the IBI agreement
results in Table 4. As shown in Fig. 7, AttentionFu achieved
a slightly higher ECDF curve than DataFu, indicating a
higher probability of obtaining smaller absolute HR errors.
Consistently, Table 4 shows that AttentionFu achieved the
highest correlation coefficient of 97.11%, compared with
96.59% for DataFu. The RMSE was reduced from 31.53ms
for DataFu to 28.99ms for AttentionFu, corresponding to an
approximate 8.1% relative reduction. In addition, the LOA
range was reduced from 123.52ms for DataFu to 113.56ms
for AttentionFu, suggesting improved agreement with the
ECG reference. These results indicate that AttentionFu
provides moderate but consistent improvements in HR error
distribution, IBI estimation accuracy, and agreement with the
ECG reference.

The benefit of AttentionFu is also reflected in the
analyses under different body positions and SNR levels.
Changes in body position and SNR level can affect the
quality of HS and PW signals differently because the two
components represent different physiological information
related to cardiac activity. Therefore, the relative reliability of
HS and PW is not fixed across all measurement conditions.
The consistently high performance of AttentionFu in these
analyses suggests that the attention-based fusion strategy can
adapt to condition-dependent signal variations and provide
more robust use of complementary HS and PW information.

F. HRV ASSESSMENT
1) HRV IN TIME, FREQUENCY, AND NONLINEAR DOMAINS
AttentionFu was selected for HRV assessment because it
showed the best IBI estimation performance. HRV was
extracted from the time, frequency, and nonlinear domain
within a window size ranging from 60 s to 300 s. For each
HRV parameter, the average absolute error, the average rela-
tive absolute error, the R between HRV detected by the ECG
and the radar, and the Bland-Altman parameters were used
as performance metrics. Appendix Table 6 summarizes the
HRV performance metrics in the time domain. For meanNN,
R of higher than 99% was achieved with AttentionFu for all

HRV window lengths, and the performance improved with a
longer window. For RMSSD and SDNN, absolute errors of
9.04ms and 5.01ṁs were achieved with AttentionFu and a
window length of 180 s, respectively. For NN50, a reduced
absolute error was observed with shorter window length.
By definition, NN50 analyses the total counts for adjacent
beats exceeding 50 ms, and thus a higher cumulative absolute
error would be expected for a longer window although the
relative error remains unchanged. However, the relative error
was not analyzed because the NN50 might be zero in some
segments, leading to undefined relative error calculations
(division by zero). For TRI, the lowest relative error of
14.04%with R of 91.10%was achievedwith a window length
of 300 s. The performance of TRI improved with window
length, which could be explained by the increasing stability
of the histogram distribution to calculate the TRI.

Appendix Table 7 summarizes the HRV performance in the
frequency domain. For all given window lengths, all HRV
parameters in the frequency domain were calculated with a
relative error of less than 20% using AttentionFu. LF had
a high R of 92.15%, and the relative error was less than
8%. Similar performance was achieved for the VLF. For HF,
the relative error was higher compared to LF. For LF/HF,
a relative error of 15.76% and a R of 75. 07% were achieved
for a window length of 300 s. In the frequency domain,
no trend of HRV could be observed with varying window
lengths.

Appendix Table 8 shows the performance of HRV
parameters in the nonlinear domain. For alpha1 and alpha2,
low relative errors of 10.01% and 6.35% were achieved
with a window length of 300 s, respectively. Notably, alpha2,
which assesses long-term correlation in the series of RR
intervals, showed improved performance with increasing
window length. A longer window provides a more accurate
assessment of long-term correlation by including more heart
cycles and patterns that might influence heart rate in an
extended period. Therefore, a longer window should be
considered when analyzing alpha1 and alpha2. For SD1
and SD2, a high relative errors of 37.81% and 10.4% was
achieved, respectively. A low absolute error was observed
for both parameters. The numerical values of SD1 and SD2
are smaller than other nonlinear HRV parameters, with a
median SD1 close to 0.025 and SD2 close to 0.05. A bias
of 0.004 larger than zero could be observed, indicating that
the radar system tended to estimate SD1 with higher values.
SD1 analyzes the rapid beat-to-beat variability. Although the
onset of radar S1 was found to be well aligned with the
ECG R peaks, the detected onset of S1 could be slightly
shiftedwithin the tolerance range and reflected as fast beat-to-
beat variability, contributing to a higher SD1. Our proposed
method measured SD1 and SD2 with high correlation. The
SD1, SD2 and SD1 / SD2 parameters have been proven
to be useful for the identification of patients with atrial
fibrillation [3], therefore, our proposed method may be a
useful tool for monitoring those patients. For ApEn, the
relative error decreased with window lengths. Windows of
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TABLE 5. Comparison of radar-based HRV assessment with previous studies.

longer duration contain more IBI, leading to a stabilized and
reliable estimation of ApEn. In addition, longer windows
allow for the capture of more dynamic changes in the IBI,
resulting in higher complexity and higher ApEn values.
For SampEn, the recommended sample size is greater than
100 [1]. Therefore, the window lengths analyzed for SampEn
were restricted to 120 s and 180 s. A favorable relative
error was achieved for both entropy markers for a longer
window, indicating that the radar system is able to capture
the complexity of the ANS. In summary, a long window of
300 s is recommended to reliably measure nonlinear HRV
parameters.

2) COMPARISON WITH PREVIOUS STUDIES
A summary of the comparisons with previous studies is
presented in Table 5. To the best of our knowledge, this
is the first study to assess HRV parameters using a CW
system operating at 61GHz. Previous studies have used CW
radar systems operating at frequencies of 2.4GHz or 24GHz.
A higher operating frequency allows a higher displacement
resolution, thus improving the detection of HS components in
micrometers. In addition, similar to [25] and [26], a clinical-
certifiedMP160 BIOPAC system assessing the gold-standard
ECG was introduced as a reference. In contrast, some studies
relied on PPG [28], [38], which is less reliable for HR
measurements.

Compared to recent studies [13], [15], [22], [26], [27],
[28], [38] with a limited number of test subjects (less than 10),
this study performed HRV measurements with extended

duration with a larger cohort in varying body positions.
In addition, the measurements were performed in a clinical
setting rather than in a laboratory setting.

Whereas previous studies focused on either PW or HS,
this study introduced the fusion of PW and HS using an
attention-based DL model to improve the performance of HR
andHRVmonitoring. PW signals had been used to extract IBI
by detecting the peaks by zero crossing after applying signal
preprocessing techniques, e.g. filtering, template matching,
and EEMD in [13], [15], [22], [25], [26], [28], and [38].
However, HS has been shown to be more robust for HR
detection than PW, because HS has a more uniform pattern,
is less dependent on measurement positions, and the onset
of S1 is well aligned with the ECG R peak. Xie et al. [27]
implemented a decoding peak detection (DPD) and HSMM
model for HS detection and HRV estimation, and DPD
and HSMM achieved similar performances. Shi et al. [19]
performed HS-based segmentation with a DL model, bi-
LSTM, which showed superior performance compared to
the HSMM-based model. In this work, a bi-GRU model
similar to bi-LSTMwas implemented.We compared different
DL-based fusion models and demonstrated that the fusion
methods outperformed the HS- or PW-based methods.

Previous studies have limited HRV extraction to a single
window length ranging from 60 s to 300 s, and the sample
size of HRV segments ranged from 8 to 260. With a sample
size of fewer than 20, HRV analysis may not provide reliable
conclusions. Therefore, only three studies, [22], [24], [26],
with a larger sample size were chosen to compare HRV
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performance using the same HRV window length. Higher R
values of 82% and 88% for LF and HF were achieved in
this work compared to those reported by Edanami et al. [26].
A low LF/HF error of 3% to 5% was achieved by Yamamoto
and Ohtsuki [22], with only 10 subjects. Shi et al. [24]
achieved a low relative error for HF, LF/HF, and pHF.
However, we realized a lower error of 7.84%. In addition,
TRI has been reported with an error of 16.84%, whereas
we achieved a comparable value of 18.81%. Moreover,
only the supine position was considered by Shi et al. [24],
whereas we included the lateral positions, which exhibited
worse signal quality than the supine position. In contrast
to previous studies that focused on HRV estimation in the
time or frequency domains, this work added an estimation
of nonlinear HRV parameters, yielding promising results.
With that, our model was able to measure the complexity
and dynamics of IBI, showing great potential to assess the
status of ANS for various clinical applications. In addition,
we extracted HRV parameters using varying window lengths
and compared the impact of window length on different HRV
parameters, thereby providing a solid basis for comparison in
future research.

One limitation of this study is that the robustness of
the proposed method against RBM was not systemati-
cally evaluated using additional controlled body-movement
experiments. Although the results before and after artifact
removal demonstrate that excluding motion-contaminated
segments improves IBI estimation performance, the current
dataset does not support a detailed analysis of different
RBM types, durations, or intensities. In addition, the artifact
removal strategy uses empirical thresholds, which may
require adjustment for different radar setups and measure-
ment environments. Future work will include controlled
and realistic body-movement conditions to collect dedicated
motion-rich data and to develop adaptive or learning-based
motion artifact detection methods. In addition, motion-aware

FIGURE 10. Example of filtered HS and PW I/Q signals in an
RBM-contaminated segment from 200 to 215 s. This segment corresponds
to the RBM interval shown in Fig. 8(b). Abrupt amplitude fluctuations are
observed around 204–215,s in both HS and PW signals.

TABLE 6. Performance Metrics of HRV Assessment in the time domain.

TABLE 7. Performance Metrics of HRV Assessment in the frequency
domain.

modeling will be investigated to further improve the robust-
ness of radar-based HR and HRV monitoring.
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TABLE 8. Performance Metrics of HRV Assessment in the nonlinear
domain.

V. CONCLUSION
In this study, we demonstrated that fusion of HS- and
PW-related radar signals can improve the quality of
heartbeat-related information obtained from a CW radar
system. Compared with single-modality and other fusion
baselines, the proposed attention-based fusion method
(AttentionFu) provided moderate but consistent improve-
ments in HR and IBI estimation, while maintaining real-
time feasibility. In combination with automatic IBI artifact
removal, AttentionFu achieved an F1 score exceeding 97%
for contactless heartbeat detection and showed the best
overall performance for HRV assessment in time, frequency,
and nonlinear domains across different body positions. These
results indicate that adaptive fusion of complementary HS
and PW information is a promising strategy for radar-based
HR and HRV monitoring. Further studies are needed to
evaluate the robustness of the method under controlled
body-movement conditions and to investigate its suitability
in cohorts with cardiovascular disease.

APPENDIX
See Fig. 10 and Tables 6–8.
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