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Abstract— Recently, a sparse adaptive algorithm termed
zero-attracting sign least-mean-square (ZA-SLMS), has been
clarified to be able to reconstruct robustly heartbeat spectrum
by Doppler radar signal. However, since the strengths of
noise evidently differ under different body motions, the sparse
heartbeat spectra cannot be always acquired accurately by the
constant regularization parameter (REPA) that balances the
gradient correction and the sparse penalty, applying in the
ZA-SLMS algorithm. In this paper, an improved ZA-SLMS
algorithm is proposed by introducing adaptive REPA (AREPA),
where the proportion of sparse penalty is adjusted based on
the standard deviation of radar data. Moreover, to enhance
the stability of heartbeat detection, a time-window-variation
(TWV) technique is further introduced in the improved ZA-
SLMS algorithm, considering the fact that the position of
spectral peak associated with the heart rate (HR) is stable
when the length of time window changes within a short period.
Experimental results measured against five subjects validated
that our proposal reliably improves the error of HR estimation
than the standard ZA-SLMS algorithm.

I. INTRODUCTION

Vital signs are important information that indicates peo-
ple’s physical and mental disorder. The demand of health
monitoring, in particular heartbeat detection, has been con-
tinually increasing [1]. Due to the additional burden on
body, the traditional contact detection technology such as
electrocardiography (ECG) or photoplethysmography (PPG)
is impractical or inconvenient in some situations, e.g., driver
fatigue monitoring [2]. In contrast, the non-contact heartbeat
detection with Doppler radar has been studied extensively in
many fields, e.g., overnight monitoring of human vital signs,
chronic heart failure patient study, life detection and rescue,
animal healthcare, and general vital sign detection [3], [4].
However, the results of the non-contact heartbeat detection
are susceptible to two main noise sources, i.e., the respiration
and the body motion [3].

In recent years, numerous non-contact heartbeat detection
methods via Doppler radar have been proposed. In [3], the
fast Fourier transform (FFT) is applied to reconstruct the
spectra of radar data in multiple time windows, then the
location of the highest peak in the normal heart rate (HR)
range is selected as the estimated result. In [1], the peaks are
detected in the integrated magnitudes of frequencies gener-
ated from a spectrogram. These FFT-based methods enable
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the HR estimation when a subject is relatively static, such
as sitting still. However, their detection accuracy cannot be
guaranteed in the presence of motion artifacts (MA), which
are the interferences from body motion [2]. Furthermore,
many continuous wavelet transform (CWT)-based methods
have been presented for the spectrum with higher time-
frequency resolution [5], [6]. By using CWT, a suitable
choice of mother wavelet mainly generated by a scale
factor, can bring good HR estimations. However, the CWT
needs timely regulation for scale factor that determines the
resolutions in different frequency range, due to the variability
of the frequency of a continuous heartbeat signal, which is
impractical in many applications [1], [7].

Besides of the conventional HR monitoring methods based
on FFT and CWT, some promising detection techniques
attract the researchers’ attentions, e.g., ensemble empirical
mode decomposition (EEMD) [8] and sparse spectrum recon-
struction (SSR) [7]. In particular, a sparse adaptive algorithm
termed zero-attracting sign least-mean-square (ZA-SLMS)
has been proposed in [7]. The ZA-SLMS algorithm has been
demonstrated to be able to reconstruct robustly a heartbeat
spectrum, suppressing the noise from the respiration and
the body motion. The fundamental idea of the ZA-SLMS
algorithm is to minimize the quantized recursion error by the
stochastic gradient descent (SGD) method, to reconstruct a
relatively faithful heartbeat spectrum. Furthermore, in view
of the sparse characteristic of heartbeat spectrum, a smooth
sparse constraint of `1-norm is penalized on the updating sig-
nal for noise cancellation. In the sparse adaptive algorithms,
the regularization parameter (REPA) plays a significant role
in trading off the gradient correction and the sparse penalty,
and it should be properly chosen for good performance [9].
However, radar signals are vulnerable to MA that often
overwhelm the weak heartbeat component, and the diversity
of noise strengths by many kinds of body motion indeed
exists [2], [10], resulting in a challenging issue to a high-
accurate HR estimation by the constant REPA in the ZA-
SLMS algorithm.

Inspired by the fact that the amplitude of received radar
signal reflects the interference magnitude by body motions
[2], [7], in this paper, an adaptive REPA (AREPA) is pro-
posed by incorporating an improved ZA-SLMS algorithm,
termed as IZA-SLMS for short. The AREPA acts on regu-
lating correspondingly the proportion of sparse penalty by
the standard deviation of radar data, to reconstruct precise
heartbeat spectra adapting different extents of noise. The
IZA-SLMS algorithm can suppress the respiration noise by
inheriting the framework of HR estimation presented in [7].



Fig. 1. Non-contact heartbeat detection system via Doppler radar.

Moreover, the proposed AREPA improves the capability
of noise elimination to MA with different strengths, by
adaptively regulating the weight on sparse penalty.

Although the time-window-variation (TWV) has been
proved as a fast HR acquisition technique with smaller errors,
by selecting the highest peak in a normal HR range on the
combined spectrum, the spectra are reconstructed only by
conventional FFT or CWT [3], [4]. In this paper, the TWV
is first applied to the IZA-SLMS for superior SSR, which
results in more stable HR estimation. Through the exper-
iments conducted under different subjects’ movements, the
detection accuracies of HR by our proposal, are demonstrated
to be evidently improved. Specifically, when subjects type,
the average absolute error (AAE) of HR estimation obtained
by the IZA-SLMS algorithm with TWV is the smallest 3.79
beats per minute (BPM).

The rest of this paper is structured as follows. In Section
II, we introduce the Doppler radar applied in our study.
In Section III, the SGD-based method for heartbeat detec-
tion is reviewed. In Section IV, the IZA-SLMS algorithm
and its variant with TWV are proposed. The performance
comparisons for the proposed algorithms with other typical
algorithms are shown in Section V. Finally, Section VI
concludes this paper.

II. DOPPLER RADAR SYSTEM

In this study, the raw data are recorded via a non-contact
continuous wave (CW) Doppler radar, and Fig. 1 shows
the system structure of CW Doppler radar for heartbeat
detection. The unmodulated transmitted signal is described
as follows:

T (t) = cos [2πft+ Ψ(t)] , (1)

where f is the carrier frequency, and Ψ(t) is an initial phase.
The T (t) is transmitted to the subject from the antenna Tx
at an initial distance of d0, then it is phase-modulated by
the time-varying chest-wall displacements x(t) induced by
respiration and heartbeat. The reflected signal captured at
the receiver Rx is expressed as

R(t) ≈ cos

[
2πft− 4πd0

λf
− 4πx(t)

λf
+ Ψ

(
t− 2d0

c

)]
,

(2)
where c is the propagation velocity of electromagnetic wave,
and the wavelength of signal λf equals to c/f . By the

Fig. 2. Framework of the SGD-based method for HR estimation.

reference signal T (t) as the local oscillator (LO), the I-
channel baseband signal is down-converted from R(t),

I(t) = cos

[
θ +

4πx(t)

λf
+ ∆Ψ(t)

]
, (3)

where θ is regarded as the constant phase shift determined
by d0, and ∆Ψ(t) is the LO-induced residual phase noise.
Besides of I(t), the other baseband signal in Q-channel is
also output after quadrature mixing,

Q(t) = sin

[
θ +

4πx(t)

λf
+ ∆Ψ(t)

]
. (4)

To simplify the expression of the baseband signals, I(t) and
Q(t) are combined in a complex Doppler radar signal:

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

III. SGD-BASED METHOD

For better understanding our proposed SSR algorithms, the
framework of the SGD-based method, the applied ZA-SLMS
algorithm, and the corresponding motivation are described
[7].

A. Framework of HR Estimation

The framework of the heartbeat detection method based
on SGD is shown in Fig. 2, which is composed by the
three key parts: signal decomposition, SSR, and spectrum
peak tracking. Specifically, in the SSR part, the sparse
adaptive algorithm termed ZA-SLMS is validated to be able
to reconstruct robustly heartbeat spectrum.

To obtain the denoised radar data only containing the
heartbeat component, C(t) is preprocessed in each time
window of T = 8 s by the bandpass filtering, the signal
decomposition, and the temporal difference. First, the down-
sampled C(t) in 125 Hz is filtered in 0.4–5 Hz covering the
normal HR range, which excludes the respiration and/or body
motion noise outside the bandpass range. Then, the filtered
signal is decomposed by the singular spectrum analysis



Fig. 3. Correspondence between SSR and adaptive filter. (a) SSR by adaptive algorithm. (b) Unknown FIR and adaptive filter.

TABLE I
CORRESPONDING VARIABLES BETWEEN SSR AND ADAPTIVE FILTER

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

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: While 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. (7);
5: Gradient correction for s(n) by SLMS,

s(n+ 1) = s(n) + µsgn(e(n))m(n);
6: Zero attraction for s(n) by `1-norm,

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

n = n+ 1;
8: End while.

(SSA) technique to extract the heartbeat component [11], and
conducted by the first-order temporal difference to facilitate
the periodic characteristic of heartbeat component. Followed
by the signal preprocessing, the samples of cleansed radar
data defined as

y = [y1, y2, . . . , yM ]
T
, (6)

is used to reconstruct the sparse heartbeat spectrum by the
ZA-SLMS algorithm, where the operator (·)T is a transpose
operation. Finally, HR is estimated by the spectrum peak
tracking referring the estimation value obtained at last time.

B. Adaptive Filter-Based ZA-SLMS Algorithm

The objective of SSR is to reconstruct a high-resolution
spectrum by updating the signal s(n), relying on a suitable

Fig. 4. Recursion procedure of ZA-SLMS with sparse constraint.

dictionary matrix Φ and SSR algorithms. Fig. 3(a) depicts
the procedure of SSR by an adaptive algorithm. In [7], SSR
is first accomplished by the ZA-SLMS algorithm, based on
the adaptive filter. Fig. 3(b) depicts the adaptive filter used
for estimating the finite impulse response (FIR). Recall the
definition of the recursion error in adaptive filter, i.e.,

e(n) = d(n)−mT(n)h(n), (7)

where d(n) = mT(n)h + z(n) denotes the desired signal,
where m(n) = [m(n),m(n− 1), . . . ,m(n−N + 1)]

T is
the training sequence, h is the unknown FIR, and z(n) is the
additive noise, respectively. By minimizing e(n) defined in
Eq. (7), h is estimated recursively by the filter coefficients
h(n) = [h1(n), h2(n), . . . , hN (n)]

T using the adaptive al-
gorithm. Based on the correspondence of variables between
SSR and adaptive filter listed in Table I, a heartbeat spectrum
with high-resolution can be obtained by adaptive algorithms.

In this section, the ZA-SLMS algorithm for SSR is briefly
reviewed, and its details can be found in [7]. To minimize
e(n), the cost function of the ZA-SLMS algorithm is defined
as

G = e2(n) + λ‖h(n)‖1, (8)

where λ is the REPA, which works for balancing the adaptive
updating and the sparse penalty. Based on Eq. (8), the
recursive updating equation of the ZA-SLMS algorithm is
derived as

h(n+ 1) = h(n) + µsgn(e(n))m(n)− γsgn(h(n)), (9)



Fig. 5. An example showing the comparison of the amplitudes of radar
signal on different subjects’ movements. (a) A segment of radar signal on
sitting. (b) A segment of radar signal on typing.

where µ is the step-size, γ = µλ is the zero attraction factor,
and with the sign function sgn(·) defined as

sgn(x) =

{ x

|x|
, if x 6= 0,

0, otherwise.
(10)

Fig. 4 shows the recursion procedure of ZA-SLMS with the
zero attraction of `1-norm, pursuing the unknown solution
sori of heartbeat spectrum. Finally, the SSR procedure by
ZA-SLMS is summarized in Table II.

C. Motivation

Since the obvious strength differences of the noise caused
by various subjects’ movements [2], [7], the amplitude of
the received signal C(t) via Doppler radar significantly
changes. For example, the amplitude comparison under two
different statuses (sitting and typing) is shown in Fig. 5.
Moreover, numerous biological noises are regarded as a sort
of impulsive interference, which brings larger disturbance to
signal reconstruction than Gaussian noise [12]. Note that the
detection accuracy highly depends on the choice of REPA
parameter of λ, meaning that λ should be properly chosen
[9]. In view of the sensitivity of REPA to the received radar
data, the constant λ in the ZA-SLMS algorithm is difficult
to reach the very accurate heartbeat detection under different
body motions. An optimization of λ is very needed.

IV. PROPOSED ALGORITHMS

In this section, the procedure of the IZA-SLMS algorithm
is stated. In addition, a novel TWV technique is further intro-
duced in the IZA-SLMS, for more stable HR measurement.

A. Improved ZA-SLMS Algorithm

To better regulate the ratios of the adaptive updating and
the sparse penalty, a novel AREPA λada is proposed to sense
the amplitude of radar data, by incorporating an IZA-SLMS
algorithm. The proposed AREPA is designed as follows,

λada = λ
(
δ +
√
σ
)
/
√
σ (11)

where λ is redefined as an initial REPA, and the introduced
variables of σ and δ are stated, respectively.

• σ: The standard deviation of the amplitude of y in
each T -s time window. On the one hand, when the
amplitude of y is small, λada becomes relatively large

Fig. 6. The flowchart of the usage of TWV technique for SSR by the
improved ZA-SLMS.

induced by a small σ, resulting in heavier weight on the
sparse penalty. On the other hand, when the amplitude
of y becomes large caused by stronger interference,
λada relatively decreases due to a larger σ, resulting
in heavier weight on the adaptive updating.

• δ: The threshold of AREPA. Since the sole introduction
of σ may bring the overmuch fast change of AREPA,
we introduce δ to avoid unsuitable ratio between the
adaptive updating and the sparse penalty.

By introducing the proposed AREPA formulated in Eq.
(11), the cost function of the IZA-SLMS algorithm is defined
based on the Eq. (8),

G = e2(n) + λada‖h(n)‖1. (12)

Correspondingly, the recursive updating equation of Eq. (12)
is obtained as

h(n+1) = h(n)+µsgn(e(n))m(n)−γadasgn(h(n)), (13)

where γada = µλada is an adaptive zero attraction factor.

B. Usage of TWV Technique

Recently, the TWV technique has attracted much atten-
tion in the spectrum reconstruction, by incorporating some
representative methods including FFT and CWT [3], [4]. In
a short-period time window, only a few respiration cycles
are contained (a heartbeat signal has 3–6 times more cycles
than a respiration signal), resulting in an insufficient reveal of
the pattern of periodic respiration. As a result, approximate
respiration rate is calculated by the short length of time
window, while a relatively reliable heartbeat rate can be
acquired [3], [4]. Owing to the immunity of HR to the
variation of time window, the location of the heartbeat peak
is almost unchanged in the reconstructed spectrum when the
length of time window changes. In contrast, the approximate
respiration frequency easily varies [3], [4].

In this paper, the TWV technique is applied to deal with
SSR, incorporating the IZA-SLMS algorithm. Fig. 6 shows
the flowchart of the usage of TWV technique, where the



Fig. 7. An example showing the benefit of the usage of TWV technique. (a) A segment of simultaneously recorded ECG regarded as the ground-truth of
HR. (b) A segment of down-samples of radar signal after bandpass filtering. (c) The radar signal after SSA and temporal difference followed by (b). (d)
The SSR on (c) by the ZA-SLMS. (e) The SSR on (c) by the improved ZA-SLMS with TWV.

TABLE III
EXPERIMENTAL PARAMETERS

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

samples of the denoised radar data in T -s time window
are first chosen. Then, through changing the length of the
time window to T + i∆t s, i ∈ {−4,−3, · · · , 0} around
T s in turn, a set of samples in five time windows are
obtained, which are used to realize the SSR. Specifically,
since the HR is regarded as unchanged if the change time
obeys ∆t < 0.1T [3], a small enough ∆t is set as 0.5
s (T = 8 s in this study). After the SSR is carried out
by the different lengths of time windows, the reconstructed
spectra are combined for the spectrum peak tracking part.
Similar with the peak selection method presented in [7], the
highest peak is first selected in a possible HR range on the
combined spectrum, then the selected frequency is verified by
the deviation with the previous HR estimation. Fig. 7 shows
the intuitive benefit of the TWV technique, the estimated HR
by the standard ZA-SLMS algorithm has the error of 6.26
BPM, as shown in Fig. 7(d). In contrast, on the combined
spectrum obtained by the TWV incorporating the IZA-SLMS
algorithm, the location of the highest heartbeat peak can be
more stably selected with the smaller error of 4.43 BPM, as
shown in Fig. 7(e).

V. PERFORMANCE EVALUATION

In this section, the performances of the two proposed SSR
algorithms, i.e., the IZA-SLMS and the IZA-SLMS with

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

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

FOCUSS [13] 5.14 3.79 3.72 3.22 5.07 4.18
ZA-SLMS [7] 3.21 3.63 3.09 2.98 4.94 3.57
IZA-SLMS 2.42 3.87 2.65 3.37 4.72 3.40
IZA-SLMS 2.61 3.70 2.12 3.32 4.42 3.23with TWV

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

FOCUSS [13] 3.12 5.08 2.93 7.18 4.45 4.55
ZA-SLMS [7] 3.11 3.26 2.68 6.20 5.07 4.06
IZA-SLMS 3.23 3.14 2.74 5.83 5.08 4.00
IZA-SLMS 2.64 4.51 2.58 3.97 5.24 3.79with TWV

Fig. 8. Estimated HR results of Subject 1 in typing.

TWV, are evaluated. We compare them with the regular-
ized multiple-measurement-vectors focal-underdetermined-
system-solver (RM-FOCUSS) algorithm [13] termed as FO-
CUSS for short, and the standard ZA-SLMS algorithm [7].
The ground-truth of HR is measured by the simultaneously
recorded ECG signal, via an ECG sensor attached to a
subject’s chest. The experimental parameters are listed in
Table III, which are same with the ones in [7]. A Doppler



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

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

FOCUSS [13] 6.9% 4.8% 5.3% 4.6% 5.8% 5.5%
ZA-SLMS [7] 4.3% 4.6% 4.4% 4.2% 5.6% 4.6%
IZA-SLMS 3.2% 4.9% 3.7% 4.8% 5.4% 4.4%
IZA-SLMS 3.5% 4.7% 3.0% 4.7% 5.0% 4.2%with TWV

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

FOCUSS [13] 4.0% 7.2% 3.8% 9.5% 5.1% 5.9%
ZA-SLMS [7] 4.0% 4.6% 3.6% 8.1% 5.8% 5.2%
IZA-SLMS 4.1% 4.4% 3.6% 7.6% 5.8% 5.1%
IZA-SLMS 3.4% 6.3% 3.5% 5.0% 6.0% 4.8%with TWV

radar with unmodulated CW was operated at 24 GHz-carrier
frequency, with 1 mW-transmit power. The Doppler radar
was placed approximately 1 m in front of a subject, on the
height of 80 cm. The measurements were performed on five
subjects, by 2 minutes’ data of each activity, i.e., sitting still
and typing with a laptop. Each activity is repeated 2 times.

The parameters of RM-FOCUSS [13], norm and REPA are
set as p = 0.8 and λRMF = 0.1, respectively, according to
[10]. For the sparse adaptive algorithms, standard ZA-SLMS
[7] and the IZA-SLMS, step-size and maximum iterations
are set as µ = 1 × 10−5 and C = 5 × 103, respectively.
Furthermore, the zero attraction factor γ is set 2× 10−6 for
ZA-SLMS, and 1 × 10−6 for the IZA-SLMS, respectively.
In addition, threshold of AREPA is set as δ = 0.8 by
experimental trial, for the IZA-SLMS.

We use two metrics to evaluate the performances of the
proposed algorithms, one is the average absolute error (AAE)
defined as

AAE =
1

W

W∑
i=1

|BPMest(i)− BPMtrue(i)|, (14)

where W is the total number of time windows during the
observation time, BPMtrue(i) and BPMest(i) denote the
ground-truth and the estimation of HR in the i-th time
window, respectively. The other metric referred to as the
average absolute error percentage (AAEP), is defined as

AAEP =
1

W

W∑
i=1

|BPMest(i)− BPMtrue(i)|
BPMtrue(i)

. (15)

By all the SSR algorithms, the calculated results of AAE
and AAEP are listed in Tables IV and V, respectively.
More concretely, when subjects sit, Tables IV(a) and V(a)
reveal the small average AAE and AAEP obtained by the
IZA-SLMS and its variant with TWV, compared with RM-
FOCUSS and ZA-SLMS. Specifically, the smallest average
AAE of 3.23 BPM and AAEP of 4.2% are obtained, by
the IZA-SLMS with TWV, which makes use of the stabil-
ity of spectral peak associated with HR. In the status of
subjects’ typing, a certain deterioration of performance is
found in Tables IV(b) and V(b) for all the SSR algorithms.

Fortunately, the IZA-SLMS and its variant with TWV still
obtained more accurate estimations than RM-FOCUSS and
ZA-SLMS, owing to the adaptive regulation to proportion of
sparse penalty. Specifically, the average AAE and AAEP by
the IZA-SLMS with TWV are the smallest, as 3.79 BPM
and 4.8%, respectively. Fig. 8 shows the comparison of HR
variation on the recorded data of Subject 1, for all the SSR
algorithms. The estimated HR by the IZA-SLMS with TWV
is closest to the ground-truth, among all the algorithms.

VI. CONCLUSION

To different subjects’ activities, the constant regularization
parameter (REPA) applied in the zero-attracting sign least-
mean-square (ZA-SLMS) algorithm cannot always bring
accurate heart rate (HR) estimation. In this paper, a novel
adaptive REPA (AREPA) has been proposed by incorpo-
rating the improved ZA-SLMS algorithm. Furthermore, the
time-window-variation (TWV) technique is also introduced
together with the improved ZA-SLMS, for more stable
heartbeat detection. Through experiments, comparing to ZA-
LMS, the proposed algorithms (the improved ZA-SLMS
and its variant with TWV) are demonstrated to reduce
at most average absolute error (AAE) by 0.34 beats per
minute (BPM) and 0.27 BPM, under sitting still and typing,
respectively.
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