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Abstract—Recently, through exploiting the spectral sparsity
of heartbeat component, a heartbeat detection method using
a stochastic gradient approach has enabled a high-resolution
of heartbeat spectrum reconstruction by Doppler radar signal,
which also suppresses the residual noises after signal decompo-
sition. However, the interference from respiration and/or body
motion often corrupts the decomposition of signal by singular
spectrum analysis (SSA), resulting in an inaccurate extraction
of heartbeat component. In this paper, a non-negative matrix
factorization (NMF)-based blind source separation (BSS) is first
applied to non-contact heartbeat detection for better heart-
beat extraction, incorporating the stochastic gradient approach.
Specifically, motion noise is taken into account as one of sources,
achieving relatively stable separation in various scenarios. In our
proposed BSS approach, the spectrogram originated from radar
signal is decomposed twice by NMF, which is used to learn the
basis spectra (BS) relying on spectral correlation. Experimental
results showed the improved accuracy and robustness of our
method over conventional methods, on the heart rate (HR)
measurement against subjects’ sitting still or typewriting.

I. INTRODUCTION

Healthcare is very important to realize people’s healthy
and peaceful live [1]. Heart-rate variability (HRV) is regarded
as a significant vital sign that indicates health and mental
states, and heart rate (HR) estimation has drawn increasing
attentions [2]. Superior to traditional wearable sensors such as
electrocardiograph (ECG) and photoplethysmography (PPG)
that bring about extra burden on users, Doppler radar realizes
non-contact HR measurement without interfering the human
daily routine [3]. In the past decades, non-contact heartbeat
detection with Doppler radar has been extensively applied into
numerous applications, e.g., home healthcare, fatigue monitor-
ing, chronic heart failure patient study, and life detection and
rescue [3], [4]. However, respiration and body motion often
degrade effects of HR measurement, and many works have
been presented to eliminate the two noise sources [2]–[5].

Although some conventional heartbeat detection methods
based on the fast Fourier transform (FFT) [4], [6] or the
continuous wavelet transform (CWT) [2] were proposed, a
superior sparse spectrum reconstruction (SSR) technique was

proposed to achieve a heartbeat spectrum with high-resolution,
owing to greatly increased frequency bins by certain sample
data [5]. More concretely, in order to eliminate noise, the
cost function of zero-attracting sign least-mean-square (ZA-
SLMS) algorithm [7] is minimized, by the descent of restricted
gradient. Also, the sparse constraint of ℓ1-norm in the ZA-
SLMS algorithm sparsifies smoothly the updating spectrum,
further highlighting the spectral peak of heartbeat. Note that a
good SSR process is regarded as a vital factor to accurate
heartbeat detection [5]. However, the effect of SSR fairly
depends on the previous de-noising operations, specifically for
the signal decomposition by singular spectrum analysis (SSA)
[5], [8]. SSA can decompose the radar signal into a number of
time series, therein, the one whose spectrum has the highest
peak within a normal HR range is recognized as heartbeat
component. Although SSA has been used to effectively re-
move the motion artifacts (MA) containing in PPG signal by
wearable acceleration sensor [9], in the case of non-contact
HR monitoring, the removal of MA and respiration noise is
a serious problem [5]. Namely, when the spectral magnitudes
associated with respiration and/or body motion are close to
or overlap the location of realistic HR in spectrum, the SSA-
decomposed time series corresponding to heartbeat cannot be
reliably acquired.

In this paper, to extract relatively cleansed heartbeat compo-
nent, the non-negative matrix factorization (NMF) [10], [11]
is first applied to separate the source signals containing in
Doppler signal. Unlike most blind source separation (BSS)
algorithms that learn holistic representations, e.g., principal
components analysis (PCA) [12] and vector quantization (VQ)
[13], NMF only learns partial features with non-negative con-
straint, to better decompose objective matrix [10], [11]. Due
to the time-varying characteristic and individual differences of
HR [9], basically, it is infeasible to use the training data of
heartbeat component-only in real-time HR monitoring, specif-
ically for children and cardiopathy patients [14]. We adopt an
unsupervised BSS to learn the basis spectra (BS) of sources,
relying on clustering twice by NMF. In the first clustering, the



Fig. 1. Doppler radar system for heartbeat detection.

non-negative spectrogram of the received radar signal in each
time window is decomposed into numerous basis vectors. In
general, the mixture in received detection signal is formed by
I sources including heartbeat and respiration [14]. Considering
body motion can not totally disappear even if a subject is in
static state, it is also treated as a source in our method, and
the I = 3 sources are a significant prior knowledge used for
the second clustering. The second clustering decomposes the
partial spectrogram covering the frequency range of heartbeat
and respiration into I basis vectors, as reference BS (RBS).
Then, to form the complete BS, the basis vectors factorized
in the first clustering are classified into the corresponding
basis vector of RBS in turn, based on the spectral correlation.
Finally, the mixed sources are separated by the complete BS,
which include the heartbeat of interest. Owing to the reliable
extraction of heartbeat component using BSS, our method of
HR estimation obtains small average error on five subjects
with moderate body motion like typewriting, only 3.69 beats
per minute (BPM) that is much smaller than the results of
conventional methods.

The organization of this paper is as follows. Section II
describes the system of Doppler radar. Section III reviews the
conventional method of heartbeat detection [5]. Section IV
proposes our method using BSS by NMF. Section V evaluates
the proposed method. Finally, this study is summarized in
Section VI.

II. MICROWAVE DOPPLER RADAR

The basic idea of Doppler radar sensing is to capture the
information of a target’s movement, by the phase of the
reflected radar signal. Fig. 1 shows the system of Doppler
radar used in heartbeat detection. The transmitted signal can
be denoted as

T (t) = cos [2πft+Ψ(t)] , (1)

where f and Ψ(t) are the carrier frequency and initial phase,
respectively. Causing by the periodic displacement of chest-
wall x(t), at a distance of d0 from the antennae (transmitter
Tx and receiver Rx), the received signal neglecting the change
of amplitude becomes

R(t) ≈ cos

[
2πft− 4πd0

λ
− 4πx(t)

λ
+Ψ

(
t− 2d0

c

)]
,

(2)

Fig. 2. Flowchart of the conventional method of HR estimation.

where λ is the wavelength of T (t), and c is the velocity
of light. To down-convert R(t) after passing a low-noise
amplifier (LNA), using T (t) as local oscillator (LO), an in-
phase baseband signal can be extracted:

I(t) = cos

[
4πx(t)

λ
+ θ +∆Ψ(t)

]
, (3)

where θ is the phase shift due to d0 and the reflections from
a subject’s chest-wall, and ∆Ψ(t) is the total residual phase.
Using an I/Q mixer, a quadrature baseband signal with a phase
difference of π/2 is obtained as follows,

Q(t) = sin

[
4πx(t)

λ
+ θ +∆Ψ(t)

]
. (4)

Correspondingly, a complex Doppler signal C(t) can be
formed by combining I(t) and Q(t):

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

In this study, the sample data of C(t) by analog-to-digital
convertor (ADC) is chosen as input, for the following digital
signal processing (DSP).

III. CONVENTIONAL HR ESTIMATION METHOD

Considering that the proposed framework of HR estimation
inherits the main parts of the conventional method presented
in [5], it is necessary to review the conventional method in
advance. In particular, the key part of signal decomposition
by SSA and the limitation, are highlighted.

A. Framework

The flowchart of the mentioned conventional HR estimation
method is shown in Fig. 2. The radar signal C(t) in each time
window of T0 = 8 s is input into the estimation framework,
which is first down-sampled to 125 Hz and bandpass filtered
between 0.4–5 Hz [5]. Then, SSA decomposes the filtered



Fig. 3. A Flowchart of our proposed method.

C(t) into numerous time series, in which the one containing
heartbeat component is chosen for the following processings,
referring to the prior estimation of HR. To further inhibit
the non-periodic components remaining in the de-noised radar
data by SSA, the operation of temporal difference is applied
between the signal decomposition and the SSR. Owing to the
markedly increased resolution of spectrum by SSR, the effect
of HR estimation evidently improves. Specifically, the ZA-
SLMS algorithm [7] adopted in SSR exhibits two prominent
advantages, i.e., robustness to noises and smooth sparsity
exploitation. Using the reconstructed heartbeat spectrum by
SSR, HR is estimated through tracking spectral peak, where
the basic way is to select and verify the highest peak within
a time-varying HR range [5].

B. Signal Decomposition by SSA

SSA has been a popular technique for signal decomposition
due to the flexibility, which can decompose an interested signal
into a number of independent components [8]. By some means,
such as noise recognition and spectrum analysis, the objective
component can be extracted.

In [9], the signal received by PPG sensor is first decomposed
into multiple time series by SSA, and the spectra of time series
are calculated via FFT for noise removal. Then, acceleration
data is used to recognize and remove the spectral magnitudes
associated with MA on each reconstructed spectrum, and the
temporal data whose spectrum has the dominant frequency
within a possible HR range is extracted, for the following
HR estimation. However, unlike on-body HR monitoring,
acceleration sensor hardly works in a remote way. As a
result, the interference from MA and respiration becomes a
challenging factor to spectrum reconstruction, specifically for
the SSR due to under-exploited spectral sparsity of radar signal
[5]. In other words, a more practical approach is desired for

Fig. 4. Fundamental Model for BSS.

Algorithm 1 NMF algorithm
Input: X
Output: W, H

1: Initialize W and H by random uniform distribution obey-
ing (0, 1), n = k = f = t = 1, choose number of basis
vectors K and maximum number of iterations Cmax.

2: while n < Cmax do

3: Wfk(n+ 1) = Wfk(n)
[XHT]fk

[WHHT]fk
,

4: Hkt(n+ 1) = Hkt(n)
[WTX]kt

[WTWH]kt
,

5: n = n+ 1.
6: end while

reliable extraction of heartbeat component, for the heartbeat
detection via Doppler radar.

IV. PROPOSED BSS APPROACH

In this study, a BSS approach is proposed to stably extract
heartbeat instead of SSA, constructing an accurate HR estima-
tion method combing with SSR. The flowchart of the proposed
method is shown in Fig. 3. For better elaborating our proposal,
a linear mixing model, the NMF algorithm, and an unmixing
method in the unsupervised way are respectively stated.

A. Mixing Model

Fig. 4 shows a fundamental model for BSS, which consists
of the mixing process and the unmixing process. In the mixing
process, unknown sources si, i ∈ {1, · · · , I} are mixed into
several mixture signals xf , f ∈ {1, · · · , F}, due to a mixing
matrix A. In the proposed method, the I sources are assumed
to be mixed linearly in the received Doppler signal. Recall the
discrete-time mixing model formulized by

xf [t] =
I∑
i

aisi[t] + v[t], t ∈ {1, · · · , T} (6)

where xf [t] is one of the mixture signals, which is generated
from each si[t] with its amplitude ai, considering additive
noises v[t].

B. NMF Algorithm

The main purpose of the unmixing process is searching
for a separation matrix W ≈ A−1, to find different si.



Fig. 5. The models of matrix factorization based on NMF. (a) First clustering for potential BS. (b) Second clustering for reference BS.

More concretely, to separate each si by the known xf , W
is adaptively updated using a proper BSS algorithm, and
estimated signals hi can be correspondingly obtained.

NMF has been effectively used in the applications of signal
processing, specifically for multivariate data [10], [11]. In our
method, the received radar signal in a T0 s-time window corre-
sponding to xf , is conducted by short-time Fourier transform
(STFT) to generate its magnitude spectrogram X, whose non-
negative part denoted by X+ is chosen as the observed mixture
matrix. The NMF model is defined as

X+ = W+H+ +E, (7)

where X+ ∈ RF×T is factorized into two non-negative
factors, i.e., separation matrix W+ ∈ RF×K and estimated
matrix H+ ∈ RK×T , K < min{F, T}, and E is an error
during unmixing. Since the NMF is constrained in non-
negative bound, the operator (·)+ is neglected in the following
context. The squared Euclidean distance is a popular measure
for NMF, and the cost function is given by

DEUD = ∥X−WH∥2F =
∑
ft

(Xft − (WH)ft)
2, (8)

where ∥ · ∥F represents Frobenius norm, and t and f denote
time index and frequency bin, respectively. The lower bound
of Eq. (8) is zero, and it is optimal if X = WH, that is,
E = 0. DEUD is minimized by simple gradient descent, and
the rules of multiplicative update for W and H are derived:

Wfk(n+ 1) = Wfk(n)
[XHT]fk

[WHHT]fk
, (9)

Hkt(n+ 1) = Hkt(n)
[WTX]kt

[WTWH]kt
, (10)

where k ∈ {1, · · · ,K}. With the increase of iteration number
n, W and H converge to steady-state obeying non-negative
update. The NMF algorithm is summarized in Algorithm 1.

C. Unsupervised BSS
In view of the difficulties and inconveniences for the usage

of training data in continuous HR observation, a stable un-
supervised BSS is proposed, which consists of two times of
clustering for the generation of basis vectors and a complete
BS learning used for unmixing.

1) First Clustering: The objective of the first clustering is to
acquire potential BS wTW

k , through decomposing the mixture
in received radar signal. Fig. 5(a) shows the matrix factoriza-
tion model of the first clustering. The interested spectrogram
is generated from the radar signal of T0 = 8 s-time window,
which captures multiple periods of mixed sources, including
respiration and heartbeat. Since the sampling frequency of
Doppler radar is 1000 Hz, the frequency range of the STFT-
calculated spectrogram becomes -500–500 Hz, and the non-
negative part represented by X (0–500 Hz) is applied for
NMF. To achieve an effective BSS, the time window and
incremental step for STFT are respectively set 1.1 s and 10
ms, guaranteeing sufficient samples for clustering. By the
choice of K = 20 referring to [14], NMF decomposes X into
separation matrix WTW = [wTW

1 , · · · ,wTW
K ] and estimated

matrix HTW = [hTW
1 , · · · ,hTW

K ]. The resulting wTW
k are

used for the following BS update, and hTW
k are discarded.



Fig. 6. An example showing the benefit of NMF under subjects’ typing. (a) A segment of simultaneously recorded ECG signal regarded as the ground-truth
of HR. (b) A segment of converted samples of estimated signal containing heartbeat after NMF and BPF. (c) The spectrum of estimated heartbeat component
via FFT following (b). (d) SSR using ZA-SLMS on estimated heartbeat component obtained by SSA. (e) SSR using ZA-SLMS on (b) obtained by NMF.

2) Second Clustering: The second clustering focuses on the
reconstruction of RBS WREF, relying on a priori knowledge
that the number I = 3 and composition of sources. Unlike
subjects’ movements that typically randomly occur, respiration
and heartbeat have periodicity or similar periodicity, and
this fact is regarded as the basis for a good BSS. In the
specific application of heartbeat detection via Doppler radar,
the reference [6] has clarified that the frequency components
of heartbeat mainly spread over the frequency band of 0–100
Hz. Hence, the magnitudes in this region are retained and
the rest is replaced by zeros, forming a reference spectrogram
XREF, as shown in Fig. 5(b). On the assumption of mixed
components, the reference basis vectors wREF

i , i ∈ {c, r,m}
can be preliminarily obtained by NMF, where c, r, and
m respectively represent cardiac, respiratory, and movement
componential domains. Similar with the first clustering, wREF

i

are reserved as references of BS update, and the decomposed
estimated signals hREF

i are discarded as well.
3) Learning of Complete BS: To achieve a more faithful

BSS, the complete BS are gradually updated by the spectral
correlation. A general correlation formula has been defined in
[14]:

Cor(fk,gk) =

∑
fkgk√∑

f2k
√∑

g2
k

, (11)

where fk and gk are length-equal vectors, and Cor(fk,gk) indi-
cates the extent of correlation, subjecting to [0, 1]. Substituting
wTW

k and wREF
i into Eq. (11), the spectral correlation can be

calculated by
Cor(w

TW
k ,wREF

i ). (12)

Based on the maximum spectral correlation, each wTW
k is

added to the corresponding wREF
i , to form the complete BS

Ŵ = [ŵc, ŵr, ŵm]. By the fixed Ŵ, NMF decomposes

TABLE I
EXPERIMENTAL PARAMETERS

Parameter Value
Modulation type Unmodulated CW
Carrier frequency 24 GHz
Transmit power 1 mW
Sampling frequency 1 kHz
Height of radar 80 cm
No. of subjects 5 people

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

Measurement range 1) 80 cm for sitting still;
2) 30 cm for typing

Measurement period 2 minutes

the non-negative spectrogram X to obtain eventual estimated
matrix Ĥ = [ĥc, ĥr, ĥm].

Followed by the BSS part, the length of ĥi is modified to
1000 by converting sample rate to 125 Hz, which is consistent
with that in [5], guaranteeing a successful SSR. Through a
bandpass filter (BPF) of 0.4–5 Hz, ĥc is extracted by observing
the most dominant peak within a normal HR range (1–1.6
Hz) [6] in FFT-calculated spectra. Fig. 6(d) and (e) shows
a superiority of NMF over SSA incorporating the SSR by
the ZA-SLMS algorithm, namely, though noises-associated
magnitudes overwhelm heartbeat component with an obvious
estimation error of 4.24 BPM by the SSA+ZA-SLMS method
[5], the NMF+ZA-SLMS method precisely achieves HR esti-
mation with only 1.26 BPM using the proposed BSS approach.

V. PERFORMANCE EVALUATION

Experiments have been conducted to evaluate our method
of heartbeat detection using BSS, compared with conventional



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

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

Spectrogram [6] 4.34 9.38 10.38 6.99 12.61 8.74
SSA+ZA-SLMS [5] 3.21 3.63 3.09 2.98 4.94 3.57
NMF+ZA-SLMS 2.29 3.72 2.82 3.36 4.78 3.39

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

Spectrogram [6] 12.80 10.06 8.60 12.14 13.33 11.39
SSA+ZA-SLMS [5] 3.11 3.26 2.68 6.20 5.07 4.06
NMF+ZA-SLMS 2.93 3.73 2.82 5.47 3.50 3.69

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

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

Spectrogram [6] 5.79% 12.08% 14.50% 9.93% 14.53% 11.37%
SSA+ZA-SLMS [5] 4.29% 4.61% 4.35% 4.21% 5.62% 4.62%
NMF+ZA-SLMS 3.05% 4.78% 3.99% 4.75% 5.44% 4.40%

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

Spectrogram [6] 16.54% 14.11% 11.47% 15.52% 15.43% 14.61%
SSA+ZA-SLMS [5] 3.97% 4.61% 3.55% 8.08% 5.82% 5.21%
NMF+ZA-SLMS 3.78% 5.28% 3.71% 6.74% 4.02% 4.71%

methods including [5]. Table I lists the main experimental
parameters. An ECG sensor is attached to a subject’s chest
to record the ground-truth of HR, and HR is measured by
a continuous wave (CW) Doppler radar with 24 GHz-carrier
frequency and 1 mW-transmit power. Measurement ranges to
the front of a subject are set 80 cm and 30 cm, correspond-
ing to the status of sitting still and typing with a laptop,
respectively. Five subjects are observed one by one, during
measurement period of 2 minutes. For the NMF algorithm
used in the proposed unsupervised BSS, the maximum number
of iterations is set as Cmax = 130 referring to [14].

To evaluate the performances of the proposed method, the
errors of estimation can be calculated using the two met-
rics, i.e., average absolute error (AAE) and AAE percentage
(AAEP). They are respectively defined as

AAE =
1

N

N∑
i=1

|BPMest(i)− BPMtrue(i)|, (13)

AAEP =
1

N

N∑
i=1

|BPMest(i)− BPMtrue(i)|
BPMtrue(i)

, (14)

where BPMtrue(i) is the ground-truth of HR, BPMest(i) is
the estimated HR in the i-th time window, and N represents
the total number of time windows for a complete measurement
period.

Table II and Table III respectively list the results of AAE
and AAEP, obtained by the two typical convneitional methods
of Spectrogram [6] and SSA+ZA-SLMS [5], and the proposed
NMF+ZA-SLMS. As shown in Table II(a), though SSA+ZA-
SLMS acquires the smallest AAE to some subjects during

sitting still, NMF+ZA-SLMS further achieves the smallest
average AAE of 3.39 BPM against all the five subjects,
due to its better extraction of heartbeat component using
BSS. In the status of typewriting, MA brings about evident
accuracy degradations of Spectrogram method and SSA+ZA-
SLMS with bigger AAEs shown in Table II(b). Fortunately,
NMF+ZA-SLMS still guarantees the smallest average AAE
of 3.69 BPM, facing the interference of movements. The
presented AAEPs in Table III are consistent with the results in
Table II, and NMF+ZA-SLMS acquires the smallest average
AAEPs of 4.40% and 4.71% under sitting still and typewriting,
respectively.

VI. CONCLUSION

In view of the susceptibility to noises of singular spec-
trum analysis (SSA) functioning in signal decomposition,
we proposed the non-negative matrix factorization (NMF)
algorithm to separate the sources mixed in Doppler signal,
to achieve more cleansed heartbeat component for an accurate
heart rate (HR) estimation. In comparison to the conventional
method presented in [5], our proposal improved substantially
the estimation accuracies by respectively reducing average
absolute errors (AAEs) of 0.18 beats per minute (BPM) and
0.37 BPM, in the activities of sitting still and typewriting.

REFERENCES

[1] T. Ohtsuki, “(invited paper) A smart city based on ambient intelligence,”
IEICE Trans. Commun., vol. E100.B, no. 9, pp. 1547–1553, Sep. 2017.

[2] M. Sekine and K. Maeno, “Non-contact heart rate detection using
periodic variation in Doppler frequency,” in IEEE Sensors Appl. Symp.,
Feb. 2011, pp. 318–322.

[3] W. Hu, Z. Zhao, Y. Wang, H. Zhang, and F. Lin, “Noncontact accurate
measurement of cardiopulmonary activity using a compact quadrature
Doppler radar sensor,” IEEE Trans. Biomed. Eng., vol. 61, no.3, pp.
725–735, Mar. 2014.

[4] J. Tu and J. Lin, “Fast acquisition of heart rate in noncontact vital
sign radar measurement using time-window-variation technique,” IEEE
Trans. Instrum. Meas., vol. 65, no. 1, pp. 112–122, Jan. 2016.

[5] C. Ye, K. Toyoda, and T. Ohtsuki, “Robust heartbeat detection with
Doppler radar based on stochastic gradient approach,” in IEEE Int. Conf.
Commun., May 2018, pp. 1–6.

[6] E. Mogi and T. Ohtsuki, “Heartbeat detection with Doppler radar based
on spectrogram,” in IEEE Int. Conf. Commun., May 2017, pp. 1–6.

[7] C. Ye, G. Gui, S. Matsushita, and L. Xu, “Robust stochastic gradient-
based adaptive filtering algorithms to realize compressive sensing against
impulsive interferences,” in 28th Chinese Control Decision Conf., May
2016, pp. 1946–1951.

[8] N. Golyandina and A. Zhigljavsky, Singular spectrum analysis for time
series. Berlin, Germany: Springer-Verlag, 2013.

[9] Z. Zhang, Z. Pi, and B. Liu, “TROIKA: a general framework for heart
rate monitoring using wrist-type Photoplethysmographic signals during
intensive physical exercise,” IEEE Trans. Biomed. Eng., vol. 62, no.2,
pp. 522–531, Feb. 2015.

[10] D. D. Lee and H. S. Seung, “Learning the parts of objects by non-
negative matrix factorization,” Nature, vol. 401, pp. 788–791, Oct. 1999.

[11] D. D. Lee and H. S. Seung, “Algorithms for non-negative matrix
factorization,” in 13th Int. Conf. Neural Inform. Process. Syst., 2000,
pp. 535–541.

[12] I. T. Jolliffe, Principal component analysis. New York, USA: Springer-
Verlag, 1986.

[13] A. Gersho and R. M. Gray, Vector quantization and signal compression.
Kluwer Acad. Press, 1992.

[14] G. Shah, P. Koch, and C. B. Papadias, “On the blind recovery of cardiac
and respiratory sounds,” IEEE J. Biomed. Health Inform., vol. 19, no.
1, pp. 151–157, Jan. 2015.


