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ABSTRACT Heartbeat detection could enable various applications in the medical and health care fields.
In particular, non-contact heartbeat detection can be acceptable for those who have difficulty wearing
devices, such as burn patients and infants. A Doppler sensor could be a key device to realize heartbeat
detection without any wearable devices. Many researches in recent years have focused on heartbeat detection
using a Doppler sensor with a single beam Doppler sensor. However, when the SNR (Signal-to-Noise Ratio)
of heartbeat components is low for the beam direction, the heartbeat detection accuracy is likely to degrade.
In this paper, for more accurate heartbeat detection, we propose a heartbeat detection method based on beam
diversity using a multibeam Doppler sensor. Through the preliminary experiments, we clarified that the
SNRs of heartbeat components differ from one beam to another. This means that when the SNR is low for
one beam, the SNR could be high for the other beams. Inspired by this fact, the proposed method extracts
heartbeat components from all peaks detected by the multi-beam signals. To verify the heartbeat detection
accuracy of our method, we conducted the experiments for different detection ranges. The obtained results
show that compared to the conventional methods using a single beam, our proposed method using multibeam
detected heartbeat more accurately. This indicates the benefit of exploiting beam diversity, i.e., the heartbeat
detection accuracy can be improved by utilizing beam diversity.

INDEX TERMS Health care, vital sign detection, heartbeat, RRI (R-R interval), multibeam Doppler sensor,
spectrogram, beam diversity.

I. INTRODUCTION
Monitoring vital signs, such as heartbeat and respiration,
is one of the essential technologies for understanding
the state of human health. Hence, vital sign detection
is in great demand for medical and home health care
[1]–[6]. In particular, heartbeat detection is attracting much
attention, because changes in RRI (R-R interval) and HR
(Heart Rate) reflect heart disease and autonomic nervous
system activity [7], [8]. Therefore, various heartbeat detection
methods have been investigated extensively.

ECG (Electrocardiogram) and PPG (Photoplethysmogra-
phy) are typical methods to detect heartbeats. However,
these approaches have disadvantages such as limited mobility
and discomfort for the patient caused by device attachment.
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In contrast, a radar has the potential to enable non-contact
heartbeat detection, such as a Doppler sensor and ultra-
sound [9], [10]. In particular, thanks to the simple hardware
architecture and small power consumption, a Doppler sensor-
based heartbeat detection has been extensively studied. In the
typical Doppler sensor-based heartbeat detection, a Doppler
sensor transmits microwaves toward a subject’s chest and
then receives the microwaves reflected from the chest.
By analyzing the Doppler-shifted received signal due to
reflection, it is possible to capture chest movements caused
by heartbeats. Based on this principle, a Doppler sensor has
been used for not only heartbeat detection but also respiration
and cough detection [11]–[13]. The Doppler sensor-based
vital sign detection is highly demanded under the Covid-19
situation. Furthermore, the Doppler sensor-based heartbeat
detection methods have another advantage that the sub-
ject can detect heartbeats while wearing clothes. Owing
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to these advantages, various heartbeat detection methods
using a Doppler sensor have been proposed [14]–[29],
[32]–[49].

The conventional methods use a Doppler sensor with only
a single beam and detect heartbeat based on a received
signal for the beam direction. However, compared to noise
such as respiration and body movements, chest movements
caused by heartbeat are significantly small. This means that
when the SNR of heartbeat components over the received
signal for the beam direction is low due to such noise, the
heartbeat detection accuracy of the conventional methods
tends to degrade. Therefore, it is highly demanded to develop
a heartbeat detection method with robustness to the SNR
degradation.

In this paper, we present a multibeam Doppler sensor-
based non-contact heartbeat detection using beam diversity.
The multibeam Doppler sensor-based heartbeat detection
method has been proposed in our previous work [50]. In this
work, through the preliminary experiments, we confirmed
that the SNR of heartbeat components varies from one
beam to another, indicating that even when the SNR is
low in one beam, it could be high in other beams. Based
on this fact, the method [50] uses the Viterbi algorithm to
extract heartbeat components from all peaks detected by the
multi-beam signals so that it could prevent missing heartbeats
due to SNR degradation. Here, it is worth mentioning that
the difference between this paper and [50] is that this paper
provides more detailed evaluation of the proposed method.
Specifically, we give the performance evaluation of our
method for different parameter settings, the performance
evaluation to emphasize the benefit of using beam diversity.
In particular, by evaluating the performance for three
parameters, we achieve better accuracy than [50]. Further-
more, we present the performance comparison between the
proposed and the existing heartbeat detection methods.

The rest of this paper is organized as follows. In Section II,
we describe the principle of a multibeam Doppler sensor and
then explain some related work in Section III. In Section IV,
we explain our proposed method. We evaluate the perfor-
mance of our method experimentally in Section V. Finally,
we conclude this paper in Section VI.

II. FUNDAMENTAL PRINCIPLE OF MULTIBEAM DOPPLER
SENSOR
In this section, we explain the principle of the multibeam
Doppler sensor. Fig. 1 illustrates the system model of heart-
beat detection using a multibeam Doppler sensor. The used
multibeam Doppler sensor consists of one transmit antenna
and four receive antennas. In this system, microwaves T (t) =
cos(2π ft + 8(t)) are firstly transmitted from the transmit
antenna Tx towards a subject. Here, f and 8(t) represent
the carrier frequency and the phase noise, respectively. When
the transmitted microwaves are reflected by the subject’s
body, the phase of T (t) is Doppler-shifted. The reflected
microwaves are then received by the receive antennas Rx k .
Now, let Rk (t) denote the received signal at the k th receive

FIGURE 1. The system model.

antenna. The received signal Rk (t) is expressed as

Rk (t) = cos
(
2π ft −

4π l
λ
−

4πx(t)
λ
+8

(
t −

2l
c

)
+
2π
λ
dk sin θ

)
(1)

where c is the speed of the electromagnetic wave, λ is
the wavelength of the carrier, l is the distance between the
Doppler sensor and the subject, and x(t) is the variation of
l due to heartbeats. Using a quadrature mixer, in-phase and
quadrature signals Ik (t) and Qk (t) are obtained as follows.
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where θc is the constant phase. By beamforming, we can
obtain Iθ (t) and Qθ (t) for a specific beam direction. Iθ (t) and
Qθ (t) can be described by a complex signal Sθ (t), which is
referred to as a Doppler signal.

Sθ (t) = Iθ (t)+ jQθ (t) (4)

Through DSP (Digital Signal Processing), the proposed
heartbeat detection is performed based on the Doppler signal
Sθ (t) for multiple beam directions.

III. RELATED WORK
In this section, we explain existing researches related to
Doppler sensor-based heartbeat detection. Heartbeat detec-
tion can be basically categorized into (i) HR estimation
and (ii) RRI estimation. On the one hand, the conventional
methods estimate the HR leveraging the time-frequency
analysis such as
• FFT (Fast Fourier Transform) [14]–[18]
• WT (Wavelet Transform) [19]–[23]
• MUSIC (Multiple Signal Classification) [24]–[27]
• DCT (Discrete Cosine Transform) [28]

FFT is a typical technique used for analyzing the periodicity
of a signal. In general, the normal respiration rate varies
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between 0.1 Hz and 0.3 Hz, while the normal HR ranges
between 0.5 Hz and 2 Hz. Based on this fact, by applying FFT
to the received signal of a Doppler radar, the conventional
methods separate the frequency components of heartbeats
from those of respiration [14]–[16]. However, the SNR of
heartbeat components is low, compared to that of respiration.
Thus, extracting frequency components of heartbeats could
be challenging due to respiration harmonics. The conven-
tional method has introduced a method to reduce the effect
of respiration harmonics [17]. However, to estimate the heart
rate, a time window longer than 8 s is generally required to
achieve a high-frequency resolution. This means that the HR
can vary within a timewindow and it is impossible to estimate
short-term HR changes [14]–[16], e.g., HR changes within
5 s. To deal with this issue, Tu and Lin have proposed HR
estimationwith a timewindow shorter than 5 s [18]. However,
these conventional methods still have the issue related to
the degradation of the HR estimation accuracy due to body
movements.

As one of the techniques to analyze the periodicity
of a signal, WT has also been used in the field of the
Doppler radar-based heart rate estimation method [19]–[23].
WT analyzes the periodicity of a signal by scaling and
shifting the prototype signal called the mother wavelet, and
provides high time-frequency resolution, compared to FFT.
In the WT-based HR estimation method, the HR is estimated
by estimating a scale factor. The experimental results
have shown that compared to the FFT-based method, the
conventional methods [19]–[22] could provide more accurate
HR even with a time window shorter than 8 s. However,
to estimate short-term HR changes, the time windows used in
these conventionalmethods are long. To address this problem,
Li and Lin have proposed the HR estimation method with
a shorter time window that is adaptively set [23]. Basically,
there are many choices of the prototype signal, and a suitable
selection of the prototype signal brings the accurate heart rate
estimation. However, nonheartbeat, e.g., respiration and body
movements, could deform heartbeat signal waveforms, which
changes the suitable prototype signal to estimate the heart
rate. Also, HR estimation accuracy tends to degrade due to
body movements.

In addition to FFT and WT, the MUSIC algorithm has
also been investigated for the heart rate estimation [24]–[27].
Bechet et al. have shown the feasibility of the MUSIC
algorithm-based heart rate estimation; the MUSIC algorithm
provided the accurate heart rate, compared to FFT [24].
However, to estimate the heart rate by the MUSIC algorithm,
it is necessary to estimate the number of the sinusoidal
signals composing the analyzed signal. Thus, Kwang et al.
have proposed the method that tracks the fundamental
and harmonic frequencies of heartbeats over the MUSIC
spectrum, and then estimates the heart rate by judging
whether at least one of the MUSIC spectrum peaks in the
current window appear at the frequencies with the peaks
in the previous window [25]. However, this conventional
method requires a long time window, i.e., a 60 s-time

window, so that peaks due to heartbeat appear over the
MUSIC spectrum even in the presence of the noise. Thus,
as aforementioned, it is impossible to estimate the small
heart rate variability, e.g., the variability within 5 s. To deal
with this problem, the work [26] has proposed a MUSIC
algorithm-based heart rate estimation method with a 5 s-time
window. The experimental results showed this method
achieved the high heart rate estimation accuracy, compared
with the conventional one [25]. However, when the heart
rate changes largely even within the 5 s-time window, several
peaks due to heartbeats appear over the MUSIC spectrum,
which might cause incorrect peak detection. Such occurrence
of several peaks is due to the fixed window size. Thus,
in the conventional method [27], the adaptive window size
setting technique has been incorporated into the method [26]
to prevent such incorrect peak detection. However, there is
still an issue related to the degradation of the HR estimation
accuracy due to body movements.

Also, the previous research [28] has investigated the HR
estimation method based on DCT, which has been used for
image compression. The conventional method [28] has been
shown to achieve a higher HR estimation accuracy even with
a short time window than the FFT-based methods. On the
contrary, the HR estimation accuracy is likely to degrade due
to respiration and body movements. In addition to these HR
estimation methods, Nosrati and Tavassolian have introduced
the FTPR (Frequency Time Phase Regression) algorithm
for the accurate HR estimation [29]. However, this method
requires a long time window, i.e., 10 s. While a number
of HR estimation methods based on FFT, WT, and MUSIC
have been studied, [30] and [31] are also used as spectral
estimation, and could be applied for HR estimation.

On the other hand, in the Doppler radar-based RRI esti-
mation, the RRI can be estimated by the template matching
algorithm [32]–[35] and the feature detection [36]–[48].
The template matching-based methods prepare a template
waveform of a heartbeat in advance and then detect heartbeats
by comparing the received signal with the prepared template
waveform [32]–[34]. The conventional methods [32]–[34]
could estimate the RRI accurately by using novel peak
detection algorithms over the signal obtained through some
signal processing. However, heartbeat signal waveforms
could change over time and it is challenging to prepare
ideal template waveforms. This is because heartbeat signal
waveforms are likely to be distorted by noise such as
respiration and body movements. Although the conventional
method [35] could estimate the RRI with the robustness to
distortion of a heartbeat signal waveform, an RRI estimation
accuracy tends to degrade in the situation where the SNR of
heartbeat components is low.

In contrast, the feature detection-based RRI estimation
method detects heartbeat by extracting features due to
a heartbeat from the received signal. Many conventional
methods extract peaks from heartbeat signal waveforms
as a feature [36]–[42]. These conventional methods could
estimate the RRI accurately by using novel peak detection
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algorithms over the signal obtained through some signal
processing, such as a Band Pass Filter (BPF). However,
when the SNR of heartbeat components is low, many
incorrect peaks could appear over the signal even after
some processing, which could degrade a peak detection
accuracy. Furthermore, the conventional methods [43]–[46]
could extract a heartbeat signal through some advanced
signal processing, e.g., WT and EEMD (Ensemble empirical
mode decomposition), which could reduce peak candidates
and bring accurate peak detection over the heartbeat signal.
Although Sakamoto et al. have proposed the feature-based
correlation method by extreme points and inflection points
of the received signal [46], the heartbeat detection accuracy
is likely to degrade as well as the conventional method.
Hu et al. have proposed the method that estimates the
RRI based on zero crossings of the time-domain signal
obtained through various signal processing, e.g., WT and
EEMD [47]. EEMD can decompose the analyzed signal
to some components called IMF (Intrinsic Mode Function)
with different frequency components. The conventional
method [47] reconstructs a heartbeat signal based on some
IMFs, and detects heartbeat by capturing zero-crossing points
of the reconstructed signal. However, it is challenging to
select appropriate IMFs for heartbeat signal reconstruction.
Also, when the SNR of heartbeat components is low,
many incorrect zero-crossing points could appear over the
signal even after some processing, which could degrade
a zero-crossing detection accuracy. Petrovic et al. have
proposed a heartbeat detection method that first estimates a
rough HR, and then designs a narrow BPF with the estimated
rough HR as the center frequency [48]. This method then
applies the narrow BPF to the signal obtained from a received
signal of a Doppler radar and detects heartbeat by the
zero-crossings of the selected BPF output. Although the
experimental results show that this method can provide an
accurate heartbeat detection accuracy as long as the SNR of
heartbeat components is high, it is still challenging to detect
heartbeat accurately with robustness to low SNR.

Based on the above discussion, the heartbeat detection
accuracy tends to degrade, when the SNR of heartbeat
components is low. In these conventional methods, a Doppler
sensor with one beam is used, meaning that only the received
signal for one beam direction is used to detect heartbeats.
Therefore, when the SNR of heartbeat components is low
for the beam direction, it is challenging to detect heartbeat
accurately.

IV. PROPOSED METHOD
In this section, we propose amultibeamDoppler sensor-based
non-contact heartbeat detection using beam diversity.We first
explain the idea of the proposed method and then explain the
algorithm in detail.

A. IDEA OF PROPOSED METHOD
To clarify the connection between the SNR of heartbeat
components and the beam direction, we conducted the

FIGURE 2. The integrated spectrum for different beam directions.

preliminary experiments using a multibeam Doppler sensor
to observe heartbeats from a sitting subject. Fig. 2 shows
the integrated spectrum for different beam directions, i.e.,
−40◦, −20◦, 0◦, 20◦, and 40◦. In this figure, the amplitude
of each signal is scaled. From Fig. 2, it can be seen that
even when the peak due to heartbeat does not appear over
one beam direction, the peak could appear over the other
ones. Specifically, at 72 s, the peak due to heartbeat does
not appear over the signal for −20◦ and 0◦, while the peak
appears over the signals for other directions. Also, we can
see the same phenomenon at about 77 s. These are because
the region of interest is different from one beam direction to
another. Based on this fact, even when the SNR of heartbeat
components gets low for some beam directions, it could be
possible to prevent the degradation of the heartbeat detection
accuracy by utilizing the diversity of the signals for various
beam directions.

B. ALGORITHM
Fig. 3 shows the flowchart of the proposed method.

1) PRE-PROCESSING
First, the Doppler signal Sθ (t) for each beam direction θ
at time t is acquired by beamforming every θb

◦. After
acquiring the Doppler signal S(t), BPF is then applied to
each Doppler signal to reduce the effect of non-heartbeat
components. The cut-off frequencies of the BPF are set
to 5.0 Hz and 30 Hz [49]. STFT is subsequently applied
to each filtered signal. The time window size and its step
size are set to 512 ms and 10 ms, respectively, and these
parameters are sufficient to analyze the spectrum due to one
heartbeat. Afterward, the spectrum within [5.0, 30] Hz and
[−30,−5.0] Hz are integrated, which brings the integrated
spectrum E(t) as shown in Fig. 2.

2) PEAK DETECTION BY USING THE VITERBI ALGORITHM
To reduce the effect of the undesired peaks due to noise, BPF
is applied to E(t) for each beam direction, where the cut-off
frequencies are set to 0.8 Hz and 2.0 Hz corresponding to
48 bpm (beat per minute) and 120 bpm, respectively. Peaks
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FIGURE 3. The flowchart of the proposed method.

FIGURE 4. The concept of peak candidate detection.

of the filtered E(t) for each beam direction are detected.
The detected peaks are the peak candidates that might be
caused by heartbeat, and thus heartbeat could be detected
by selecting correct peaks over the peak candidates. Also,
as aforementioned in Section IV. A, the use of various beam
directions can lead to the prevention of missing heartbeat.
In the proposedmethod, multiple peaks occurring within 0.1 s
are regarded as one peak candidate, and the average of the
time at which each peak occurs within 0.1 s is set up at
the time when the peak occurs. Fig. 4 shows the concept of
peak candidate detection. In this figure, 19 peaks are detected

for three-beam directions, and then 8 peak candidates, i.e.,
P1, . . . ,P8, are obtained by combining the peaks occurring
within 0.1 s. To select the most reliable peaks from the
peak candidates, the Viterbi algorithm is used. The Viterbi
algorithm estimates the most reliable sequence by using a
predefined metric which is called a branch metric. Now,
we define a set of RRIs as B = {RRI1,RRI2, . . . ,RRIM },
where M is the number of observed RRIs. Also, we let
Sm denote the difference between two adjacent RRIs, i.e.,
Sm = |RRIm+1 − RRIm|, and we define a set of Sm as
X = {S1, S2, . . . , SM−1}. Based on the fact that the difference
between two adjacent RRIs follows the Gaussian distribution
with zero mean, we can express the probability distribution
of Sm as the following equation [41].

P(Sm) =
1

√
2πσ 2

exp−(S2m/2σ
2), (5)

where σ 2 is a variance of Sm. The Viterbi algorithm estimates
a combination of X with a maximum likelihood as

X̂ = arg max
X

P(X) = arg max
X

M−1∏
m=1

P(Sm). (6)

Also, we can rewrite eq. (6) using a log likelihood function.

X̂ = arg max
X

ln
M−1∏
m=1

P(Sm) = arg max
X

M−1∑
m=1

lnP(Sm). (7)

Based on eqs. (5) and (7), we finally obtain eq. (4).

X̂ = arg max
X

M−1∑
m=1

−S2m = arg min
X

M−1∑
m=1

S2m. (8)

According to the above equation, we can obtain a set of Sm
with a maximum likelihood by minimizing the sum of S2m,
which indicates that S2m, i.e., the squared difference between
two adjacent RRIs, can be used as the branch metric.

3) IMPROVEMENT OF RRI ESTIMATION ACCURACY BASED
ON NARROW BPF
After applying the Viterbi algorithm, the RRI can be
estimated by calculating the interval of the selected peaks.
However, one heartbeat sometimes causes multiple peaks,
which could make some errors between the estimated and
actual RRIs. To deal with this issue, the proposedmethod uses
a narrow BPF so that only one peak appears for one heartbeat.
The center frequency of the narrow BPF, fc, is calculated
as the reciprocal of the average interval of the selected
peaks. In the experiments, since the subject’s state is static,
we assume that the HR does not largely change. Therefore,
all the peaks selected during the observation duration of
2 minutes are used to calculate the center frequency fc.
The RRI is estimated by detecting peaks over the signal
filtered by the narrow BPF. As the signal to which the narrow
BPF is applied, the signals for multiple beam directions
should be used to reduce the effects of the undetected
heartbeat. However, since the timing of the heartbeat peak
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FIGURE 5. The experimental environment.

FIGURE 6. 60 GHz doppler radar.

is slightly different from one beam direction to another,
the use of more beam directions could lead to a larger
error between the estimated and actual RRIs. Therefore, the
proposed method picks up the beam directions that have
the integrated spectrum that is highly correlated with the
integrated spectrum for the beam direction 0◦. Specifically,
the correlation coefficients among the integrated spectrums
for 0◦ and the other beam directions are calculated every
Tc seconds. The beam direction is then selected when the
correlation coefficient for the beam direction exceeds a
threshold thc. After the beam selection, the average integrated
spectrum for the selected beam directions, Ē(t), is calculated,
and the narrow BPF is applied to Ē(t).

V. PERFORMANCE EVALUATION
In this section, we first explain the evaluation specification
and then show the results.

A. EVALUATION SPECIFICATION
To show the heartbeat detection accuracy of the proposed
method, we performed the experiments and calculated the
AE (Absolute Error) between the estimated and ground-truth
center frequencies of the narrow BPF, i.e., fc.

AE = |fcest − fcref |, (9)

TABLE 1. The experimental specification.

where fcest and fcref are the estimated and ground truth
center frequencies, respectively. Moreover, as a performance
metric of the RRI estimation accuracy, we calculated the
RMSE (RootMean Squared Error) between the estimated and
ground-truth RRIs.

RMSE =

√√√√ 1
M

M∑
m=1

|RRIest (m)− RRIref (m)|2, (10)

where M is the number of observed RRIs, RRIest (m) and
RRIref (m) are the m th estimated and ground-truth RRIs,
respectively.We also show the CDF (Cumulative Distribution
Function) of all the subjects as an evaluation index, which
is a function of the probability that the error between the
estimated and ground-truth RRIs X is less than or equal to x.
It is expressed by the following equation.

FX (x) = P(X ≤ x), (11)

Fig. 6 shows the experimental environment and TABLE 1
lists the experimental specification. A Doppler sensor can be
realized with simple hardware and small power consumption,
compared to an FMCW radar. Thus, we used a 60 GHz
multibeam Doppler sensor with a sampling rate of 1000 Hz
from Socionext Inc., SC1221AR3. The size of the sensor
module is 9.0 mm × 9.0 mm, and the desired detection
range is a frontal distance of 10 m and a detectable angle
width of 120◦. In the experiments, the heartbeat was observed
from each subject sitting still with natural breathing. The
detection range, i.e., the distance between the multibeam
Doppler sensor and the subject’s chest, was 0.6 m, 1.0 m,
2.0m, and 3.0m. The observationwas performed on 5 healthy
subjects (all male, aged 20s). Each observation duration was
2minutes and the data were processed offlinewithMATLAB.
The ground truth timings of the heartbeat were observed by
ECG. Also, in this experiment, the angles considered for
beamforming ranged from −60◦ to 60◦, which covers from
the subject’s head to his/her thigh. In order to reduce the effect
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TABLE 2. The RRI estimation accuracy performance comparison of the proposed method∗ for different beam intervals between adjacent directions.

TABLE 3. The RRI estimation accuracy performance comparison of the
proposed method∗ for different time intervals Tc .

of noise caused by bodymovements, it could be better to limit
the beamforming range to the chest area and use fewer beams
to detect heartbeat. However, since a multi-beam Doppler
sensor is used for heartbeat detection for the first time, the
beamforming range is set widely to explorewhich beam range
should be used for heartbeat detection. The bandwidth of the
narrow BPF was set to 0.3 Hz.

B. HEARTBEAT DETECTION ACCURACY
First, we discuss three parameters: (i) the beam interval θb,
(ii) the time duration for calculating correlation coefficient
Tc, and (iii) the correlation coefficient threshold thc. TABLE2
lists the AE and the RMSE of the proposed method for
different beam intervals θb when Tc and thc are set to 30 s
and 0.9, respectively. Here, note that these parameters Tc and
thc are discussed later. When θb = 30◦, which means that
the proposed method uses the beam directions from −60◦

to 60◦ by 30◦, i.e., −60◦, −30◦, 0◦, 30◦, and 60◦. From
this table, it can be seen that as the used beam interval θb
is smaller, the AE and the RMSE are smaller except for the
case of θb = 3◦. This is because using more beams gives

TABLE 4. The RRI estimation accuracy performance comparison of the
proposed method∗ for different thresholds thc .

more peak candidates, and the Viterbi algorithm can estimate
the center frequency of the narrow BPF more accurately.
However, it is also found that when θb is 3◦, too many peak
candidates occur, which degrades the peak detection accuracy
of the Viterbi algorithm. TABLE 3 shows the RMSE of the
proposed method for different time intervals Tc, where θb and
thc are set to 5◦ and 0.9, respectively. In this table, it can
be seen that the RMSE becomes smaller as the time interval
Tc becomes larger. This result indicates that the effect of
the temporary degradation of the SNR can be reduced by
taking the time interval Tc longer. TABLE 4 lists the RMSE
of the proposed method for different correlation coefficient
thresholds thc, where θb and Tc are set to 5◦ and 30 s,
respectively. As can be seen from this table, the RMSE
becomes smaller as the threshold thc becomes larger. This
is because the smaller threshold leads to the more integrated
spectrum where noise components may exist. We can also
say that when the threshold exceeds 0.7, the RMSEs for the
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TABLE 5. The RRI estimation accuracy performance comparison of the proposed methods that use multibeam and a single beam.

FIGURE 7. An example of the ground truth RRIs, the RRIs estimated by
the Viterbi algorithm and the RRIs estimated by the Viterbi algorithm and
narrow BPF when using the single beam of 0◦, and the RRIs estimated by
the Viterbi algorithm and the RRIs estimated by the Viterbi algorithm and
narrow BPF when using the proposed method at the measurement
distance of 0.6 m.

corresponding thresholds are similar to each other, which
indicates that the thresholds that exceed 0.7 bring the similar
integrated spectrum that could prevent missing heartbeat.
As a result, the best accuracy is obtained with θb = 5◦,
Tc = 30 s, and thc = 0.9, which is used in the following
discussion.

C. BENEFIT OF BEAM DIVERSITY
Based on the previous results, we set the beam interval
θb, the time width for the correlation calculation Tc, and
the correlation coefficient threshold thc to 5◦, 30 s, and
0.9, respectively. First, we compare the performance of
the proposed method using multibeam and single beam.

FIGURE 8. An example of peak detection. From the top, (i) all the peaks
detected after peak candidate detection and (ii) estimated after Viterbi
when using the single beam of 0◦, and (iii) all the peaks detected after
peak candidate detection and (iv) estimated after Viterbi when using the
proposed method are shown. The dotted line shows the correct timing of
the peaks obtained by ECG. Also, ’num’ is the number of peaks detected
in 10 seconds.

Fig. 7 shows an example of the ground-truth RRIs, the RRIs
estimated with a single beam, and the RRIs estimated with
multibeam. In this figure, we use 0◦ as the single beam. From
this figure, it can be seen that the Viterbi algorithm roughly
can track the actual RRIs by using multibeam. In addition,
Fig. 8 shows the peaks detected between 20 s and 30 s for
the same subject. In this figure, we can see that the number
of peak candidates close to the true timing increases by
using multibeam. As a result, through the Viterbi algorithm,
the detected peaks with multibeam are more accurate than
those with a single beam. Furthermore, Fig. 7 shows that

VOLUME 10, 2022 16249



T. Kitagawa et al.: Multibeam Doppler Sensor-Based Non-Contact Heartbeat Detection Using Beam Diversity

FIGURE 9. CDF of all the subjects at different measurement distances of (i) 0.6 m (ii) 1.0 m (iii) 2.0 m, and (iv) 3.0 m, by the proposed
method in four cases, which are the Viterbi algorithm and the Viterbi algorithm and narrow BPF when using the single beam of 0◦, and
the Viterbi algorithm and the Viterbi algorithm and narrow BPF when using the proposed method.

FIGURE 10. CDF of all the subjects of the proposed methods that use
multibeam and a single beam at the measurement distance of 0.6 m.

by applying the narrow BPF, we can estimate the RRI more
accurately. The RRI estimation accuracy of the proposed

method with multibeam is evident compared to the method
with the single beam.

Fig. 9 shows CDFs of all the subjects at the different
measurement distances, i.e., (i) 0.6m (ii) 1.0m (iii) 2.0m, and
(iv) 3.0 m. This figure shows that the proposed method using
multibeam estimates RRI more accurately than the proposed
method using the single beam of 0◦ at all the distances.
In particular, when using a single beam, the percentages
of the errors less than 100 ms at 0.6 m, 0.1 m, 0.2 m,
and 0.3 m are 41%, 33%, 35%, and 33%, respectively,
while, those of our proposal are 88%, 73%, 63%, and 56%,
respectively.

TABLE 5 lists the performance comparison of the pro-
posed methods that use multibeam and a single beam. In this
table, 13 beam directions, i.e., −60◦, −50◦, −40◦, . . . , 60◦,
are shown as a single beam direction. As can be seen from
this table, the proposedmethod usingmultibeam significantly
improves the AE and the RMSE of the methods using a single
beam for 0.6 m: The average RMSE of the methods using a
single beam is 140 ms, while that of our proposal is 63 ms.
In addition, even when the detection range is long, i.e., 1.0 m,
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TABLE 6. RRI accuracy comparison of the conventional methods and the
proposed method∗ at different measurement distances d .

2.0 m, and 3.0 m, our proposed method using multibeam
outperforms the methods using a single beam for any beam
directions by both the AE and the RMSE. As a result, our
method achieves the RMSE of 137 ms for the detection range
of 3.0 m. This result is worth noting, considering that the
average RMSE of the methods using a single beam is 140 ms
even for 0.6m. Fig. 10 shows the CDF of all the subjects of the
proposed methods that use multibeam and a single beam, i.e.,
−60◦, −30◦, 0◦, 30◦, and 60◦, at the measurement distance
of 0.6 m. From this figure, it can be seen that the accuracy
was greatly improved by using multibeam. In particular, the
percentage of the errors less than 100 ms by the method
using a single beam is 60%, while that of our proposal
is 88%. These results indicate that using beam diversity
can lead to the improvement of the heartbeat detection
accuracy.

D. PERFORMANCE COMPARISON BETWEEN THE
PROPOSED METHOD AND THE CONVENTIONAL
METHODS
To further validate the performance of the proposed method,
we compared our proposed method with the conventional
methods [41], [47], [48] that estimate the RRI. For the
conventional methods, the average of the in-phase and
quadrature signals Ik (t) and Qk (t), k = 1, . . . , 4, obtained
by the four receive antennas is used. TABLE 6 shows
the RMSEs at the distances of 0.6 m, 1.0 m, 2.0 m, and
3.0 m. As can be seen from this table, the proposed method
provides the lowest RMSE for all the distances. In the
conventional methods [41], [47], [48], the estimation accu-
racy significantly degrades, regardless of the measurement
distance. This is due to detecting false peaks and missing
true peaks caused by the degradation of the SNR of heartbeat
components. The results of these conventional methods show
that the heartbeat detection accuracy can be significantly
affected by noise when using only a single beam. Based
on these results, it is clear that using multibeam can lead
to accurate heartbeat detection, compared to using a single
beam.

VI. CONCLUSION
In this paper, we proposed the heartbeat detection method
based on beam diversity using a multibeam Doppler sensor.
In contrast to the conventional methods that use a signal
beam, the proposed method takes advantage of multibeam to
detect heartbeat accurately. Based on the fact that the SNR of
heartbeat components is different from one beam to another,
the proposed method extracts heartbeat components from
all peaks detected by the multi-beam signals. Through the
experiments, we showed that our proposed method improved
the RMSE of the methods using a single beam. Also,
through the performance evaluation of our proposed method
for different parameter settings, we showed the parameter
settings that could provide accurate heartbeat detection.
These experimental results validate our proposed method and
indicate that utilizing beam diversity is effective in improving
the heartbeat detection accuracy. In the future, for caseswhere
the subject’s state is not static, we would like to conduct
additional experiments and examine how much our method
is robust to such a case.
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