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Abstract—Heart-rate variability (HRV) is closely related with
physical or mental conditions. It is rather necessary to develop
remote monitoring technologies to reduce subjects’ pressure, e.g.,
heart-rate (HR) monitoring to drivers. Recently, the contactless
heartbeat detection with Doppler radar has drawn extensive
attention, due to less burden on subjects. However, the received
signals of Doppler radar are easily contaminated by respiration
or body motion, resulting in performance degradation. In this
paper, to realize robust heartbeat detection with Doppler radar,
a stochastic gradient approach is first proposed to reconstruct
heartbeat spectrum. By correcting the gradient of cost function
constructed by recursion error, and utilizing the sparse charac-
teristics of heartbeat spectrum, the reconstructed spectrum can
be obtained with minimum deviation. Furthermore, the zero-
attracting sign least mean square (ZA-SLMS) algorithm based
on stochastic gradient descent (SGD) is proposed, to accomplish
more stable sparse spectrum reconstruction (SSR), by quantizing
the updating of recursion error. Finally, HR is estimated by
spectral peak tracking consisting of peak selection and verifica-
tion. Experimental results validate that the proposed method can
significantly improve detection accuracy over the conventional
methods, based on the measurements from 5 subjects during
sitting still or typing with a laptop.

I. INTRODUCTION

Healthcare is very important to realize one of the funda-
mental desires by people, i.e., living healthily and peacefully.
Moreover, information and communication technology (ICT)-
based smart healthcare is expected in assisted living for
elderly people [1]. Specifically, heart-rate (HR) monitoring is
needed in many fields, e.g., early detection of cardiovascular
diseases, stress, and hypertension [2]. In some occasions,
wearable sensors present the inconvenience or impractica-
bility in heartbeat detection, and contactless methods are
desired to sense remotely heart-rate variability (HRV). Many
literatures have clarified that Doppler radar can be used to
detect heartbeat without affecting people’s daily activities [3].
Recently, contactless detection technology via Doppler radar is
extensively applied in sleep apnea monitoring, sudden infant
death syndrome (SIDS) monitoring, fatigue monitoring, and
in-hospital monitoring [3]. However, the detection accuracy
easily deteriorates by respiration or body motion, due to the
weakness of heartbeat signal obtained by Doppler radar, which
is regarded as one of major challenges in most studies [2]–[8].

In general, the conventional contactless heartbeat detection
methods via Doppler radar are divided into three types: (i)
Fast Fourier transform (FFT)-based ones, e.g., [4], [5]; (ii)
Continuous wavelet transform (CWT)-based ones, e.g., [6],
[7]; (iii) Some advanced signal processing technologies-based
ones, e.g., arctangent demodulation and ensemble empirical
mode decomposition (EEMD) [3]. These methods have been
demonstrated to be able to realize the HR monitoring, when a
subject is relatively static, e.g., sitting still. In this case, the re-
ceived radar signal is rarely affected by motion artifacts (MA)
i.e., the interference originated from body motion. However,
most conventional contactless HR monitoring methods cannot
overcome the interference induced by body motion, or demand
parameter regulation to correspond to the spectrum variation
of continuous received signals. In view of the shortages, i.e.,
low robustness and extra parameter regulation, these methods
cannot satisfy the detection demands in the situation, where
body motion frequently occurs.

In this paper, a stochastic gradient approach is attempted
in sparse spectrum reconstruction (SSR) with Doppler radar,
based on the simple and anti-noise filter framework [9].
Besides, the introduced sparse penalty encourages the spectral
sparsity of heartbeat signals, by reducing the small ampli-
tude containing noise, for more performance gain. Moreover,
through restricting the scale of gradient correction, a robust
version of adaptive algorithms based on stochastic gradient
descent (SGD) is proposed, i.e., zero-attracting sign least-
mean-square (ZA-SLMS), to combat the interference from
respiration and small body motion, e.g., typing.

Experimental results on the measurements from 5 subjects
under two different activities, i.e., sitting still and typing with
a laptop, showed that our proposed method has the best HR
estimation effects. In particular, even if the subjects are typing
with body motion, the average absolute error (AAE) of HR
estimation still can be guaranteed as relatively small value,
that is, only 4.06 beats per minute (BPM).

The paper is organized as follows. Sect. II described the
Doppler radar system. In Sect. III, the related works of heart-
beat detection are reviewed. In Sect. IV, the proposed method
is presented for reliable SSR. In Sect. V, the performance is
evaluated. Finally, we conclude this paper in Sect. VI.



Fig. 1. System structure of Doppler radar.

II. FUNDAMENTAL OF DOPPLER RADAR

For better understanding of the proposed method, the funda-
mental of Doppler radar is described in this section. A typical
system structure of continuous wave (CW) Doppler radar is
shown in Fig. 1. An unmodulated signal

T (t) = cos [2πft+Ψ(t)] , (1)

where the carrier frequency f (24 GHz is chosen in this paper)
and the phase noise Ψ(t), is transmitted toward a subject’s
chest from the transmitter (Tx), at a nominal distance denoted
by d0. Then, the phase of transmitted signal is modulated by
physiological movement x(t), and the reflected signal captured
by the radar receiver (Rx) is represented as Eq. (2), omitting
the amplitude variation,

R(t) ≈ cos

[
2πft− 4πd0

λf
− 4πx(t)

λf
+Ψ

(
t− 2d0

c

)]
,

(2)
where c denotes the speed of electromagnetic wave, and λf

denotes the carrier wavelength, respectively. By subtracting
T (t) from R(t), we obtain

B(t) = cos

[
θ +

4πx(t)

λf
+∆Ψ(t)

]
, (3)

where θ denotes the constant phase caused by d0 and the
reflections at the chest surface, and ∆Ψ(t) denotes the residual
phase noise. Through demodulation by a quadrature mixer, two
output signals I/Q with the quadrature phases are obtained, i.e.,
I(t) = B(t) and

Q(t) = sin

[
θ +

4πx(t)

λf
+∆Ψ(t)

]
. (4)

For simplification, the complex Doppler radar signal C(t)
combined from I/Q channels is expressed by

C(t) = I(t) + iQ(t). (5)

III. RELATED WORKS

The conventional methods for HR measurement are summa-
rized. They can be classified into FFT-based ones, CWT-based
ones, and some emerging signal processing technologies-based
ones. In [4], [5], FFT-based methods were proposed. In these
methods, FFT is applied in spectrum calculation of Doppler
radar signal for HR measurement. In [4], a fast HR acquisition
method by a time-window-variation technique was presented,
on compromise of small errors. In [5], through integrating

the spectrogram in the normal HR range, R-R interval (RRI)
can be measured by detecting the peaks on the integrated
spectrum. However, these methods are only applied under the
condition where subjects are sitting still. In fact, heartbeat
signals are susceptible to body motion [2], [3], [8], which
may result in serious performance deterioration. In [6], [7],
the CWT-based methods were proposed to detect HR that
can obtain higher time-frequency resolution, than FFT-based
methods. The choice of a prototype function that determines
the scale and shift along the time axis, is regarded as a key
problem to the accurate extraction of heartbeat information
[6], [7]. To optimize the usage of the prototype function, an
adaptive scale factor selection method was proposed in [7].
The constant frequency determined by scale factors together
with the prototype function, is used within observation time.
However, in general, HR changes over time, which may cause
inaccurate measurement by the CWT-based methods.

In recent years, some emerging signal processing techniques
were proposed to improve the detection performance. For
instance, arctangent demodulation and EEMD were adopted
in [3]. Arctangent is operated to the ratio of Q(t) and I(t) for
accurate phase demodulation, while EEMD is to decompose
fully the targeted data with added white noise, to realize an
exact reconstruction of the original signal and a better spectral
separation of the modes. However, the method proposed in
[3] was reported that cannot guarantee the reliable detection
results when body motion occurs, without discussing some
practical issues such as dynamic motion compensation.

On the other hand, some robust HR detection methods
have been proposed in photoplethysmographic (PPG) signal-
based HR monitoring [8]. Specifically, a detection framework
referred to as TROIKA was proposed in [8], which consists of
signal decomposition for denoising, SSR of heartbeat signal,
and spectral peak tracking for HR estimation. Note that
differing with wearable heartbeat detection via PPG signal,
the respiration seriously interferes the extraction of heartbeat
signal with Doppler radar [3]–[7]. In the key SSR part of
TROIKA, the improved focal underdetermined system solver
(FOCUSS) algorithm, i.e., regularized multiple-measurement-
vectors FOCUSS (RM-FOCUSS) [10], was adopted to re-
construct heartbeat spectrum, due to the flexibility to choices
of dictionary matrices [8]. However, the FOCUSS-type algo-
rithms are sensitive to background noise, and the shortcoming
probably affects the accurate acquisition of heartbeat spectrum
in remote monitoring.

When body motion occurs, the present detection methods
difficultly obtain reliable HR estimation via Doppler radar, and
the problem inspires us to develop stable contactless heartbeat
detection method.

IV. PROPOSED METHOD

To detect stably and accurately heartbeat with Doppler radar
in the presence of MA, we first propose a robust framework
shown in Fig. 2. Then, the correspondences between SSR
and adaptive filter framework, and our proposed method is
described in detail in this section.



Fig. 2. Flowchart of the proposed heartbeat detection framework.

A. Parts of Framework

The proposed framework for contactless heartbeat detection
consists of three main parts, namely, signal decomposition,
SSR, and spectrum peak tracking. Specifically, the radar signal
C(t) in Eq. (5) is chosen as input signal, down-sampling is
introduced in preprocessings, and the ZA-SLMS algorithm are
proposed to accomplish SSR.

First, C(t) is first down-sampled from 1000 Hz-sampling
rate to 125 Hz applied in [8], which can dramatically reduce
the computational load in the following signal processings. Re-
ferring to [8], the input signal in an 8 s-time window is through
to the bandpass filter of which cut frequencies are from 0.4 to
5 Hz, covering the normal HR range (about 1.0 - 1.7 Hz).
After the preprocessings, singular spectrum analysis (SSA)
[11] technology is applied to extract the heartbeat component
by separating the respiration and motion noise in the signal
decomposition part. Then, the first-order temporal difference
is introduced, which benefits to maintain both fundamental
frequency and harmonic frequencies for the periodic heartbeat
signal. Followed by SSR, a simplified spectrum peak tracking
than the one in TROIKA is introduced, to detect HR. First,
a variable spectrum search range of 20 BPM is initialized,
adapting to different subjects. Second, since the HR values are
typically close in two successive time windows, considering
the overlap of time windows is large [8], the search range of
HR denoted by [Nprev−δ, · · · , Nprev+δ] is set, where Nprev is
the previous estimated HR and δ = 10 BPM (the overlap is 6 s
in this study). Then, the peak with the maximum power in the
spectrum within the search range is selected, and its frequency
is set as the current estimated HR, denoted as Ncur. Finally, if
|Nprev −Ncur| > 6 BPM, the Nprev replaces abnormal Ncur

as the output result.
Above all, SSR plays a vital role to obtain the high-

resolution estimation, by effectively developing the sparsity of
heartbeat spectrum. More concretely, it can increase multiples

TABLE I
CORRESPONDENCES BETWEEN VARIABLES IN SSR PROBLEM AND

ADAPTIVE FILTER

SSR Problem Adaptive Filter
ϕj mT(n)
s(n) h(n)
yj d(n)

of frequency bins, eliminate noise component with small
magnitude in spectrum, and facilitate the reconstruction of
dominant heartbeat component. For SSR, the RM-FOCUSS
algorithm [10] has been proposed in [8], due to the applica-
bility to highly correlated columns of the dictionary matrix Φ,
which is defined as follows.

Φm,k = ei
2π
N mk, m = 0, · · · , M−1; k = 0, · · · , N−1, (6)

where M ≪ N (M , N are set as 1000 and 4096, respectively,
in this study). However, the low signal-to-noise ratio (SNR)
regime probably brings some misfits to acquisition of heartbeat
spectrum, containing errors [10]. In view of the respiration
disturbance that is difficult to be eliminated completely by
the previous signal processings, and the instability of RM-
FOCUSS when the noisy data are provided, a robust SGD-
based adaptive algorithm ZA-SLMS is proposed in the SSR
part, to inhibit the noises from respiration and body motion.

B. Adaptive Filter-Based SSR

Before the ZA-SLMS algorithm, the implementation of SSR
based on adaptive filter should be introduced in advance.
In Fig. 3(a), the down-sampled radar signal y is intuitively
illustrated, also can be given by

y = [y1, y2, . . . , yM ]
T
, (7)

where the operator (·)T denotes a transpose operation. The
SSR problem is to reconstruct the unknown solution of heart-
beat spectrum by updating signal s(n), using y and the dic-
tionary matrix Φ. The objective result, i.e., the reconstructed
spectrum containing the elements |sk(n)|2, k ∈ {1, · · · , N},
is dealt with in the spectrum peak tracking part. In this paper,
the SSR problem is first solved by adaptive algorithms.

On the other hand, adaptive algorithms have attracted con-
siderable research interests in both theoretical and applied
issues for a long time, owing to their good performance, easy
implementation, and reliable robustness. A typical adaptive
filter framework [12] for the estimation of unknown system
is shown in Fig. 3(b). The recursion error of adaptive filter is
defined as

e(n) = d(n)−mT(n)h(n), (8)

where d(n) = mT(n)h + z(n) denotes the desired signal
consisting of the inner-product of the input training sequence
m(n) = [m(n),m(n− 1), . . . ,m(n−N + 1)]

T and the fi-
nite impulse response (FIR) h in the unknown system, and
the ambient additive noise z(n). In the adaptive filter, h(n) =
[h1(n), h2(n), . . . , hN (n)]

T denotes the filter coefficients in



Fig. 3. Adaptive filter framework to solve SSR problem. (a) SSR problem. (b) Unknown system and adaptive filter.

Fig. 4. LMS algorithm-induced gradient descent.

the n-th iteration. Through minimizing the cost function of a
chosen adaptive algorithm, which is typically constructed by
e(n) defined in Eq. (8), the interested FIR h contaminated by
the noise z(n) can be estimated iteratively.

Since the SSR problem can be transformed to a signal
reconstruction problem in the adaptive filter framework, based
on the correspondences listed in Table I, the spectrum un-
known solution can be solved by adaptive algorithms, as
proved in [8]. Note that when the adaptive filter framework is
adopted to solve the SSR problem by the structural relevance
illustrated in Fig. 3, there are usually no sufficient data in Φ
for updating the signal s(n) to steady-state. Hence, each row
vector ϕj , j ∈ {1, · · · ,M} in Φ and its corresponding entry
in y are used circularly.

C. ZA-SLMS Algorithm

Based on the adaptive filter shown in Fig. 3(b), the proposed
adaptive algorithm ZA-SLMS is systematically described. The
least-mean-square (LMS) algorithm and its variants have been
widely developed in signal processing, due to their simplicity
and robustness to some noises including Gaussian distribution
[12]. Recall the cost function of LMS defined as

GLMS = e2(n), (9)

where e(n) denotes the n-th instantaneous error. By calculat-
ing the gradient of Eq. (9), i.e., ∇GLMS = −e(n)m(n), the
corresponding recursive updating equation is derived as

h(n+ 1) = h(n) + µe(n)m(n), (10)

Fig. 5. The comparisons of general gradient descent and restricted error-based
gradient descent, under impulsive interference.

TABLE II
ZA-SLMS ALGORITHM FOR SSR

1. Initialize n = 1, s(1) = 0, and set suitable µ, λ by trial and
error method;

2. When the termination condition n > C is unsatisfied, where C
is a given maximum iteration runs;

3. Choose the training sequence m(n), and the desired signal
d(n) contaminated by noise z(n):

mT(n) = ϕj ,
d(n) = yj ,

where j = mod(n,M), with the operator mod(·) denotes a
modulo function, i.e., calculate the remainder of division;

4. Calculate the recursion error e(n) defined in Eq. (8);
5. Gradient correction to s(n) by SLMS,

s(n+ 1) = s(n) + µsgn(e(n))m(n);
6. Zero attraction to s(n) by ℓ1-norm,

s(n+ 1) = s(n+ 1)− γsgn(m(n));
7. Iteration runs increase by one,

n = n+ 1;
8. End when.

where µ is the step-size controlling convergence and the
steady-state behavior. Based on Eq. (9), the finite impulse
response (FIR) h is estimated iteratively by updating filter
coefficients h(n), and the process of gradient descent is
illustrated in Fig. 4.

Many biological noises are regarded as a kind of impulsive
interferences [13], and this special noise may deteriorate



Fig. 6. Sparse adaptive algorithm with ℓ1-norm penalty.

the performance of heartbeat detection due to the unstable
spectrum reconstruction process, which is illustrated by the
blue arrow in Fig. 5. Recently, many literatures have clarified
that the scale restriction of gradient correction can suppress
certain impulsive noises, by limiting the recursion error [14].
Based on the fact that the introduction of sign function in
the recursion error e(n) can effectively restrict the updating
bound of error, and thus guarantee a stable recursion process,
the sign function is applied here to e(n) in the recursive
updating equation of the LMS algorithm shown in Eq. (10).
Correspondingly, the recursive updating equation of sign-error
LMS (SLMS) algorithm is redefined as,

h(n+ 1) = h(n) + µsgn(e(n))m(n), (11)

with the operator sgn(·) represents a component-wise sign
function defined as

sgn(x) =

{ x

|x|
, if x ̸= 0,

0, otherwise.
(12)

By the restricted error-based gradient descent, the robustness
of the SLMS algorithm to impulsive interference is effectively
improved, which is intuitively illustrated in Fig. 5.

The objective of the SSR problem is to reconstruct sparse
spectrum, however, the standard LMS-type adaptive algo-
rithms do not directly generate a sparse solution, and thus
sparse penalty has to be incorporated into the cost function in
some way [9], [15]. To exploit the signal sparsity, some sparse
versions of the LMS algorithm have been presented, and one
of the attractive algorithms is termed as zero-attracting LMS
(ZA-LMS) [15]. By combining the instantaneous error with
the ℓ1-norm, which is viewed as a smooth convex method, the
cost function of the ZA-LMS algorithm becomes

GZA−LMS = e2(n) + λ∥h(n)∥1, (13)

where λ denotes the regularization parameter, which trades
off the adaptive updating term and the sparse penalty term for
h(n). Similar to Eq. (11), the recursive updating equation of
the ZA-SLMS algorithm is derived as

h(n+ 1) = h(n) + µsgn(e(n))m(n)− γsgn(m(n)), (14)

where zero attraction factor γ = µλ plays a similar role with
λ, i.e., to balance the estimation error and the zero attractor.

TABLE III
PARAMETER SETTINGS

Parameter Value
Modulation method Unmodulated CW
Carrier frequency 24 GHz
Sampling frequency 1000 Hz
Transmit power 1 mW
Ranging distance to subjects 1 m
Height of radar 80 cm
Number of subjects 5 people

Subjects’ activities 1) Sitting still;
2) Typing with a laptop

Measurement duration 2 minutes
Number of measurements 2 times for each activity

TABLE IV
AVERAGE ABSOLUTE ERROR (AAE) OF HR ESTIMATION [BPM]

(a) Sitting still
Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Avg

Spectrogram 4.34 9.38 10.38 6.99 12.61 8.74
RM-FOCUSS 5.14 3.79 3.72 3.22 5.07 4.18
ZA-SLMS 3.21 3.63 3.09 2.98 4.94 3.57

(b) Typing with a laptop
Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Avg

Spectrogram 12.80 10.06 8.60 12.14 13.33 11.39
RM-FOCUSS 3.12 5.08 2.93 7.18 4.45 4.55
ZA-SLMS 3.11 3.26 2.68 6.20 5.07 4.06

Through exploiting the high sparsity of heartbeat spectrum,
more performance gain can be obtained on the compromise of
the robustness against noises, by Eq. (14). The SSR procedure
based on the ZA-SLMS algorithm is summarized in Table II,
also, the intuitive process of SSR by making alternatively use
of SLMS-induced gradient correction and ℓ1-norm-induced
zero attraction, is shown in Fig. 6. The reconstructed spectrum
derived by the eventual s(n) is illustrated in Fig. 3(a), which
is used to estimate HR by peak tracking, i.e., Ncur.

V. EXPERIMENTAL RESULTS

We simultaneously recorded Doppler signal and electrocar-
diograph (ECG) signal from 5 subjects. The Doppler radar
operated at 24 GHz-carrier frequency, and 1 mW-transmit
power. The radar was used to collect data from the front of
a seated subject, at approximately 1 m-distance and 80 cm-
height. The ECG signal is recorded by an ECG sensor attached
to the subject. The measured ECG signal is regarded as the
ground-truth of HR. During measurements, each subject sits
still or types with a laptop for 2 minutes, and repeated 2 times.
The main experimental parameters are listed in Table III.

To evaluate the performance of the proposed method, two
metrics are used, namely, the AAE and the average absolute
error percentage (AAEP). The ground-truth of HR in the i-th
time window is denoted by BPMtrue(i), and the estimated HR
by BPMest(i) by different methods. The AAE is defined as

AAE =
1

W

W∑
i=1

|BPMest(i)− BPMtrue(i)|, (15)



TABLE V
AVERAGE ABSOLUTE ERROR PERCENTAGE (AAEP) OF HR ESTIMATION

(a) Sitting still
Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Avg

Spectrogram 5.8% 12.1% 14.5% 9.9% 14.5% 11.4%
RM-FOCUSS 6.9% 4.8% 5.3% 4.6% 5.8% 5.5%
ZA-SLMS 4.3% 4.6% 4.4% 4.2% 5.6% 4.6%

(b) Typing with a laptop
Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Avg

Spectrogram 16.5% 14.1% 11.5% 15.5% 15.4% 14.6%
RM-FOCUSS 4.0% 7.2% 3.8% 9.5% 5.1% 5.9%
ZA-SLMS 4.0% 4.6% 3.5% 8.1% 5.8% 5.2%

Fig. 7. Estimated HR results of Subject 2 in typing.

where W is the total number of time windows, over the
observation period. Similarly, the AAEP is defined as

AAEP =
1

W

W∑
i=1

|BPMest(i)− BPMtrue(i)|
BPMtrue(i)

. (16)

Tables IV and V list the AAE and AAEP, respectively, under
two different activities, i.e., sitting still and typing. In addition,
the estimation results are better evaluated with two comparison
methods, i.e., the Spectrogram method [5], and the proposed
method using RM-FOCUSS [10] instead of ZA-SLMS. Their
parameters used in the experiments are set according to [5]
and [8], respectively, norm p = 0.8 and the regularization
parameter λRMF = 0.1 for RM-FOCUSS. The parameters of
the proposed ZA-SLMS algorithm, i.e., step-size µ = 1×10−5,
maximum iterations C = 5×103, and the zero attraction factor
γ = 2× 10−6, are set as, respectively.

From the results in Tables IV(a) and V(a), when the subject
sits still, both AAE and AAEP can be improved by the
proposed method using ZA-SLMS, compared with the con-
ventional Spectrogram method and the proposed method using
RM-FOCUSS. More concretely, the AAE obtained by the
proposed method using ZA-SLMS improves over 5 BPM than
the Spectrogram method, and approximately 0.6 BPM than
RM-FOCUSS, respectively, relying on good noise reduction.
When the subject types with a laptop, both AAE and AAEP
degrade to the Spectrogram method. In contrast, the proposed
method using ZA-SLMS still guarantees the reliable detection

results by approximately 4 BPM of AAE, shown in Table
IV(b). Fig. 7 shows the comparison of HR variation by the
measured data on Subject 2 in typing, and the estimated results
by the proposed method using ZA-SLMS are closer to the
ground-truth of HR than those by the other two methods,
revealing the best performance in the presence of MA.

VI. CONCLUSION

In this paper, we proposed a stochastic gradient descent
(SGD) method using zero-attracting sign least-mean-square
(ZA-SLMS) algorithm, to realize sparse spectrum reconstruc-
tion (SSR) for contactless heartbeat detection with Doppler
radar, when a subject sits still and types. Experimental results
from 5 subjects showed that the proposed method achieved
high estimation accuracy, much superior to the Spectrogram
method. In particular, even if the subject is typing, the small
values of AAE and AAEP manifested the robustness against
motion artifacts (MA) of the proposed method, which im-
proves the practicability in more actual applications.
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