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Abstract—So far, most separation approaches of vital signs
such as heartbeat and respiration, are implemented based on
linear mixtures. However, some literatures have reported that
non-linear mixtures actually occur in the associated applications,
e.g., heart rate (HR) estimation with Doppler radar, where
the simple linear demixing architecture may limit the effect
of source separation. In addition, the human motions during
HR measurement further complicate the mixing processes. The
issue motivates us to exploit a more suitable separation approach
to deal with contact-free HR estimation, considering non-linear
mixtures including motions.

A semi-supervised deep clustering (DC) is proposed to separate
the three mixed sources of heartbeat, respiration, and motions,
by segmenting the spectrogram of Doppler signal. First, through
training a deep recurrent neural network (RNN) with long
short-term memory (LSTM) via heartbeat/respiration-only data,
the embeddings to each frame-sample from spectrogram can
be acquired, which enables feature optimization in a lower
dimensional space. Then, in the test phase, K-means clusters the
embeddings associated with each source, to infer the masks used
for spectrogram segmentation.

The proposed deep clustering has three main strengths: It (i)
gets rid of the restriction of mixture class, relying on data mining;
(ii) can handle three-source mixtures by training two sorts of
source-independent samples; (iii) only requires the mixtures from
single-channel. The HR measurement experiments on subjects’
sitting still and typing, validate the improvements of accuracy and
robustness by our proposal, over some prevailing approaches in
signal decomposition or separation.

I. INTRODUCTION

Healthcare has been widely demanded for people’s physical
and mental well-being, particularly for seniors and patients
[1]. Among vital signs, heartbeat is a significant indicator
that strongly correlates to health conditions [2]–[5]. Over the
last decades, wearable sensors used for heart rate (HR) esti-
mation have gradually increased, such as electrocardiography
(ECG) and photoplethysmography (PPG) [2]. Whereas, the
required direct contact of the invasive devices may bring
about difficulties to some special users, e.g., burnt patients
or sleeping people [3]. Recent studies have claimed that the
contact-free manner can achieve remote heartbeat detection
over a long-period, of which continuous-wave (CW) Doppler
radar is regarded as an excellent candidate, owing to the good
penetrability to clothing and insensitivity to light or temper-
ature [6]. The method of HR estimation with Doppler radar,

has been extensively applied in medical care and emergency,
e.g., obstructive sleep apnoea monitoring, sudden infant death
syndrome (SIDS), HR tracking to car drivers, and post-quake
search and rescue of life [1], [5], [6]. However, in non-invasive
HR measurement, one huge challenge is that the desired
heartbeat source is easily contaminated by subjects’ breathing
activity and movements [2], [4], [5], which are regarded as
two interference sources in this study.

To reliably abstract the heartbeat of interest from the
mixtures in a reflected Doppler signal, the noise cancellation
processing plays a key role, where signal decomposition
and separation approaches have shown their prominent de-
noising ability [5], [7]. In [2], singular spectrum analysis
(SSA) decomposes PPG signal to select the time series
associated with heartbeat by spectrum subtraction, relying
on the motion artifacts (MA) information from an attached
acceleration sensor. Whereas, in the case of HR measurement
with Doppler radar, a cleansed heartbeat component is difficult
to acquire without the assistance of acceleration signal [5],
[7]. In [7], through separating Doppler signal by non-negative
matrix factorization (NMF), the mixed components are linearly
demixed to individual sources, which enables a preliminary
abstraction of heartbeat via single-channel input. However, the
demixing operation in [7] is on the premise of the simple
linear mixing of original sources, which can not fully suit the
sensing to remote target that exhibits the characteristic of non-
linear mixing [8], specifically for the existence of subjects’
movements. In view of the defects of conventional signal
decomposition and separation approaches in anti-noising to
the HR observation with Doppler radar, a novel approach
of heartbeat extraction that can tackle non-linear mixtures is
urgently needed.

Deep learning with multi-level representation facilitates
the extraction of useful information, which is a prevailing
candidate among plentiful machine learning methods that
depend heavily on data features [9], [10]. In particular, deep
learning breaks through the limitation of mixtures fashion of
sources, by the advanced transformation and understanding to
sample data [9]. To better abstract heartbeat by demixing non-
linear mixtures, based on deep learning architecture, this paper
proposes a deep clustering (DC) approach that clusters the em-



Fig. 1. A heartbeat measurement via Doppler radar sensor.

beddings of spectrogram of Doppler signal, to achieve sources
separation. The demixing process by the proposed DC consists
of two main phases: the first one is the embeddings generation
for time-frequency (T-F) regions of spectrogram by training
deep network; the second one is to assign the embeddings for
mask-inference of spectra of each source. More concretely,
first, we use the recurrent neural network (RNN) model that
is expert in handling sequential data, to construct training
network. Furthermore, the long short-term memory (LSTM)
block is introduced into the RNN, considering the obvious
time lags between the pulses of heartbeat signal [11]. Then,
the resultant embeddings from the applied deep LSTM RNN,
are clustered by the K-means algorithm [12] to accomplish
spectrogram segmentation, achieving the abstraction of heart-
beat component. In addition, a high-resolution sparse spectrum
reconstruction (SSR) is incorporated to obtain eventual HR, by
the de-noised heartbeat, as in [5], [7]. Over the conventional
SSA and NMF in heartbeat cleansing via Doppler signal, the
DC-based HR detection method improves mean accuracy of
0.50 beats per minute (BPM) at most, facing to a subject in
typing.

The outline of this paper is as follows. Section II presents
the applied heartbeat detection structure, which is composed
of a CW Doppler radar and an HR estimation framework.
Section III proposes the DC approach based on deep LSTM
RNN, acting on vital signs separation. Section IV gives the
experimental setup and results. Finally, a conclusion is drawn
in Section V.

II. HEARTBEAT DETECTION STUCTURE

The structure of heartbeat detection is established on the
acquisition of raw Doppler signal, and the HR estimation
framework, which are respectively described.

A. CW Doppler Radar

The basic principle of operation of heartbeat measurement
using Doppler signal, is to observe the phase variation of the
reflected signal by a targeted people, used for estimating HR.
Fig. 1 shows the illustration of heartbeat measurement via CW
Doppler radar. From the transmitter (Tx), a sinusoidal signal

Fig. 2. The block diagram of HR estimation based on the proposed vital
signs separation.

expressed by
T (t) = cos [2πft+Φ(t)] (1)

is transmitted towards the front of a human body, where
f , t, and Φ(t) respectively denote carrier frequency, elapsed
time, and phase noise. Caused by physiological movement of
heartbeat and respiration, the chest-wall displacement x(t) of
a subject located at a certain distance d0, modulates the phase
of T (t). Correspondingly, omitting the amplitude variation, the
reflected signal received at the receiver (Rx) becomes

R(t) ≈ cos

[
2πft− 4πd0

λ
− 4πx(t)

λ
+Φ

(
t− 2d0

c

)]
, (2)

where λ and c denote carrier wavelength and velocity of light,
respectively. In the Doppler radar, using the local oscillator
(LO) constituted by the transmitted signal, R(t) is down-
converted by a quadrature mixer, obtaining two baseband
signals with a phase difference of π/2:

I(t) = cos

[
θ +

4πx(t)

λ
+∆Φ(t)

]
,

Q(t) = sin

[
θ +

4πx(t)

λ
+∆Φ(t)

]
,

(3)

where θ = (4πd0) /λ is the phase shift due to reflections
from surfaces. In general, the in-phase signal I(t) and the
quadrature signal Q(t) are combined into a complex signal as

C(t) = I(t) + iQ(t). (4)

To deal with digitalized C(t), analog-to-digital conversion
(ADC) and digital signal processing (DSP) are implemented
subsequently.



Fig. 3. The procedure of DC consists of embedding learning and mask estimation.

B. Framework of HR Estimation
Based on our proposal of vital signs separation using the DC

approach, the block diagram functioning in HR measurement
via Doppler radar, is shown in Fig. 2. Through a time window
of 8 s with 75% overlap, the received Doppler signal is
successively input in the HR estimation framework.

1) Vital Signs Separation: As the critical part, the proposed
DC first separates the input data mixed by heartbeat,
respiration, and movements, of which details are given
in later section.

2) Pre-Processing: Then, three steps-based pre-processing
is conducted: Step i. To achieve a spectrum reconstruc-
tion of high-resolution, the sample rate of the three
demixed sources is converted to 125 Hz from 100 Hz;
Step ii. A bandpass filter with frequency band of 0.4–
5.0 Hz is used aiming to the considered heartbeat; Step
iii. Considering the estimated HR at the last time, the
filterd source corresponding to heartbeat is extracted,
by searching the dominant spectral peak occurs in the
potential frequency range.

3) Temporal Difference: Between the pre-processing and
the SSR, the extracted heartbeat component is tempo-
rally differentiated, to further promote the periodicity.

4) SSR: Followed by the above-mentioned temporal signal
processing, SSR is adopted to reconstruct the high-
resolution spectrum using the zero-attracting sign least-
mean-square (ZA-SLMS) algorithm [5], by exploiting
the sparsity of heartbeat in frequency domain.

5) Spectrum Peak Tracking: Finally, the tracking of spectral
peaks is complemented based on the systematic selection
and verification.

In the applied HR estimation framework, the operations
other than the proposed DC-based vital signs separation in
Part 1), are inherited from the ones in [7].

III. PROPOSED DC FOR VITAL SIGNS SEPARATION

In this section, first, a general model of non-linear mixing
termed linear-quadratic (LQ) that actually represents the mix-
tures of remote sensing, is reviewed. Then, as the illustration
in Fig. 3, our proposed DC that consists of embedding learning
and mask estimation is specified, acting on separating out the
objective heartbeat from the mixtures in radar data.

A. Non-linear Mixing Model

On the assumption of non-linear mixtures, the LQ mixing
model in discrete-time of t ∈ {1, . . . , T} is given by

xf [t] =
I∑

i=1

afisi[t] +
I∑

i=1

I∑
j=i

bfijsi[t]sj [t], (5)

where xf [t], f ∈ {1, . . . , F} stand for the F observed signals,
which are mixed by I unknown sources si[t], with the same
dimensionality of T in rows. The linear mixing coefficients
afi and the quadratic ones bfij (1 ⩽ i ⩽ j ⩽ I) determine
the transform of source-to-observation, existing in the essen-
tial linear term and the second-order term, respectively. For
simplification, a matrix-form model of Eq. (5) becomes

X̃ = AS̃+BP, (6)

where S̃ = [s1; s2; . . . ; sI ] ∈ RI×T is the source matrix, and
the row-vectors of P are formed by the products of elements
of sisj . Through the transforms by the mixing matrices A
and B ∈ RF×I , which are respectively comprised of afi and



Fig. 4. The structure of deep LSTM RNN network.

bfij , the observation matrix X̃ = [x1;x2; . . . ;xF ] ∈ RF×T is
yielded.

B. DC-based Spectrogram Partition

Using the Doppler signal C(t) from the single Rx, the
magnitude spectrogram X is calculated by the short-time
Fourier transform (STFT), as shown in Fig. 3. Therein, T and
F respectively represent the number of time frames and the
dimensionality of frequency, naturally marking off T-F bins
indicated by k = (f, t). Based on the fact that X is equivalent
to the sum of spectra of all the sources [12], formalized as

X =
I∑

i=1

Si, (7)

the demixing process for sources can be realized by partition-
ing the spectrogram of the received radar signal. Correspond-
ingly, through estimating the binary T-F masks M̂i ∈ RF×T

of the i-th source, its spectrogram is calculated by

Ŝi = X⊙ M̂i s. t.

I∑
i=1

M̂i = 1, (8)

where ⊙ is the sign of element-wise multiplication and
1 ∈ RF×T is an all-one matrix. Aiming to infer masks of
spectrogram, the proposed DC is elaborated as follows.

1) Embedding Learning: To gain more helpful features
for source representation by transforming X, the embeddings
of each T-F bin in spectrogram are learned, based on an

RNN network. More concretely, each column vector xT
t in

X is used to train the proposed network, to generate distinct
D-dimensional (D < F ) embedding vectors Vt between
different sources. In contract, same source typically generates
similar Vt. Finally, all the generated Vt are concatenated to
the embedding matrix V ∈ RTF×D. The cost function for
network training is defined as

LDC = ∥Â−A∥2F = ∥VVT −YYT∥2F , (9)

where ∥ · ∥F denotes the Frobenius norm. The affinity matrix
A is formed by the inner product of binary mask Y ∈ RTF×I

that is regarded as training objective, and the corresponding
estimated affinity matrix is calculated by Â = VVT. Since
the i-th source brings about Yk,i = 1 and Yk,i = 0 otherwise,
Ak,k = 1 if the (k, k) bin is dominated by the same source
and Ak,k = 0 if it comes from different sources. For the sake
of minimization of Eq. (9), a desired V is acquired relying on
the trained network.

Fig. 4 shows the structure of the applied deep LSTM RNN
network, which is mainly stacked by multiple recurrent LSTM
layers. For input data in each time frame, two hidden LSTM
layers invert xt by h

(1)
t and h

(2)
t with N -dimensionality,

and the top linear feedforward layer outputs a lower D-
dimensional representation Zt ∈ RF×D for arbitrary frequen-
cies. Subsequently, all the atoms in Zt are activated by non-
linear tanh and unit-norm functions, resulting in normalized
embeddings Vt.

2) Mask Estimation: Owing to the feature learning that
transforms input samples xT

t to low-dimensional space, the
source separation becomes relatively easy, using clustering al-
gorithms such as K-means. The mask estimation is intuitively
illustrated in Fig. 3. That is, K-means assigns each embedding
of row vector in V to clusters, obtaining an estimated binary
matrix Ŷ. Then, the eventual M̂i associated with sources are
constructed by reforming Ŷ, and the spectra of three original
sources (heartbeat, respiration, and movement) are divided
based on Eq. (8), as shown in Fig. 5. Note that even if the
subjects are required to keep a motionless status as possible,
e.g., sitting still, some slight movements can not be absolutely
avoided. Finally, using the inverse STFT to the partitioned Ŝi,
each source is recovered in time series, and the heartbeat of
interest is extracted in the following pre-processing part, for
the eventual HR estimation.

IV. EXPERIMENTS AND RESULTS

The experimental setup consisting of training dataset and
parameters setting, and an overall performance evaluation of
our proposal are described in this section. The codes of both
training and test phases are edited by Python program (Ver.
3.6), with NumPy package.

A. Experimental Setup

1) Training dataset and procedure: The data used for
training the deep LSTM RNN network is introduced from [13],
namely, ECG signal and impedance pneumograph respiratory
signal. The dataset was collected during hospital care at the



Fig. 5. Estimated spectra of each source after T-F masking.

TABLE I
EXPERIMENTAL PARAMETERS

Parameters Specification
Modulation type Unmodulated CW
Carrier frequency 24 GHz
Transmit power 1 mW
Sampling frequency 1 kHz
Height of radar 80 cm
No. of subjects Five
Observation duration 2 minutes
Subjects’ conditions 1) Sitting still;

2) Typing with a laptop
Measuring distance d0 1) 80 cm for sitting still;

2) 30 cm for typing

Beth Israel Deaconess Medical Centre (Boston, USA), which
contains 53 recordings on 21 males and 32 females aged 19–
90. The sample rate of both ECG and respiratory signals is 125
Hz, and each recording is measured during 8 minutes. Through
training the deep LSTM RNN network by ECG/respiratory-
only data, the satisfactory embeddings are generated for the
further mask-inference.

The STFT-based spectrogram X is calculated by 1.1 s-time
window and 10 ms-incremental step. To construct the applied
RNN network, N = 600 hidden units are contained in each
LSTM layer, and the output feedforward layer is designed
as D = 40 dimensionality, as in [12]. Using the error back-
propagation (BP) [11] for network training, the learning rate
is experimentally set as α = 1× 10−5.

2) Parameters for testing: In the experiments, the simulta-
neously calculated HR by an ECG sensor attaching subjects’
chest, is regarded as ground-truth. Table I lists the parameters

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 [4] 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 [7] 2.29 3.72 2.82 3.36 4.78 3.39
LSTM+ZA-SLMS 2.16 3.79 2.97 2.97 4.51 3.28

(b) Typing with a laptop

Sub 1 Sub 2 Sub 3 Sub 4 Sub 5 Avg
Spectrogram [4] 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 [7] 2.93 3.73 2.82 5.47 3.50 3.69
LSTM+ZA-SLMS 2.89 3.83 2.39 5.42 3.29 3.56

in remote heartbeat measurement. Five adults with HR of 70–
90 BPM, are chosen to conduct continuous observation of
2 minutes, facing to a Doppler radar with 1 kHz-sampling
frequency and 1 mW-transmit power. Setting on the height
of 80 cm that is approximately same with that of subjects’
chest, the radar transmits a CW of 24 GHz to the front of a
subject under various conditions, at the distances d0 of 80 cm
for sitting still and 30 cm for typing on a laptop.

B. Performance Evaluation

To evaluate the performance of our proposal named
LSTM+ZA-SLMS, comparing with recent conventional meth-
ods in HR detection, two typical metrics are employed. The
primary one is the average absolute error (AAE) that is defined
as

AAE =
1

W

W∑
i=1

|BPMest(i)− BPMtrue(i)|. (10)



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 [4] 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 [7] 3.05% 4.78% 3.99% 4.75% 5.44% 4.40%
LSTM+ZA-SLMS 2.92% 4.90% 4.15% 4.20% 5.17% 4.27%

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

Spectrogram [4] 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 [7] 3.78% 5.28% 3.71% 6.74% 4.02% 4.71%
LSTM+ZA-SLMS 3.74% 5.42% 3.16% 7.02% 3.84% 4.64%

Fig. 6. A comparison of HR estimation track on a subject under typewriting.

The secondary one is the average absolute error percentage
(AAEP) that is defined as

AAEP =
1

W

W∑
i=1

|BPMest(i)− BPMtrue(i)|
BPMtrue(i)

, (11)

where BPMtrue(i) and BPMest(i) represent the ground-truth
of HR and its estimated value in the i-th time window, and
the total number of time windows is denoted by W . It is easy
to understand that the smaller AAE and AAEP bring better
estimation accuracies.

Table II lists the summarized AAE on HR measurement,
from three conventional methods that are Spectrogram [4],
SSA+ZA-SLMS [5], and NMF+ZA-SLMS with simple pa-
rameter setting [7], and the proposed LSTM+ZA-SLMS. In
the activity of sitting still specified in Table II(a), the results
on most subjects by our proposal outperform the ones by
conventional methods, specifically, the smallest average AAE
of 3.28 BPM. Furthermore, due to the inferior robustness to
noises of Spectrogram method and SSA+ZA-SLMS, both of
their accuracies markedly degrade when subjects typewrite,
as manifested in Table II(b). In contrast to the assumption
of linear mixing of NMF, the proposed LSTM RNN is able
to handle more complex remote sensing based on non-linear
mixing, and improves the general AAE and obtains the best
average of 3.56 BPM. On the other hand, the basic consistent
results of AAEP are summarized in Table III. In particular,
in the two conditions of sitting still and typing, the proposed

LSTM+ZA-SLMS respectively acquires the lowest averages
of 4.27% and 4.64%. In addition, an intuitive comparison on
the HR estimation by all the mentioned methods is shown in
Fig. 6, at the status of a subject’s typing. Over the observation
time of two minutes, the more precise tracking of HR by the
proposed LSTM+ZA-SLMS is highlighted by circles.

V. CONCLUSION

This paper first adopts a deep learning-based clustering
to realize the separation of physiological signals, which can
demix the received Doppler signals that is non-linearly mixed
by three sources, namely heartbeat, respiration, and motions.
Meanwhile, the semi-supervised learning fashion and low
hardware requirement of single receiver (Rx), facilitate the
practicability of the proposed deep clustering (DC). Coping
with the different activities of relatively static sitting and
typewriting with motions, our proposal respectively furthest
reduces the average absolute error (AAE) of heartbeat mea-
surement to 3.28 beats per minute (BPM) and 3.56 BPM,
among all the involved methods. Besides heartbeat and res-
piration, the proposed separation approach will be attempted
in the processing to multiple vital signs, such as blood pressure
and blink. The multi-modality of physiological signals’ fusion
is expected in numerous promising applications, e.g., sleeping
scoring and monitoring to a driver.
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