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Motion-Artifact Reduction in Capacitive Heart-Rate
Measurements by Adaptive Filtering

Lin Xu , Member, IEEE, Chiara Rabotti, Member, IEEE, Yijing Zhang, Sotir Ouzounov,

Pieter J. A. Harpe , Senior Member, IEEE, and Massimo Mischi, Senior Member, IEEE

Abstract— Electrocardiography (ECG) measurements are esse-
ntial components in clinical diagnosis and monitoring. Conven-
tional ECG measurements produce discomfort to the patients due
to the use of gel and direct skin contact. Capacitive electrodes
can measure ECG signals through an isolation layer; they
are especially suitable for long-term ambulatory monitoring.
However, capacitive ECG measurements are severely affected
by motion artifacts (MAs) due to variable coupling distance.
Adaptive filtering has been widely used for MA reduction in
ECG measurements. Unfortunately, a reference signal recorded
by additional sensors is required for the existing adaptive-filtering
methods, limiting their applicability in ambulatory settings.
In this paper on capacitive ECG recordings, a novel adaptive-
filtering method is proposed for MA removal, where the reference
signal is extracted from the power-line interference (PLI). PLI
is particularly evident in a capacitive ECG due to unbalanced
coupling capacitance. Along with MAs, electrode movement
causes variations in the PLI amplitude. By demodulating the
PLI, a reference signal reflecting variations in the coupling
capacitance can be extracted for adaptive MA removal. The
proposed method was evaluated both by simulations and real
data and compared with the acceleration-based adaptive-filtering
method. Comparable or higher ECG signal-to-noise ratio was
achieved by the proposed method with a computational cost of
79 µs/iteration, indicating effective MA removal. The proposed
method may, therefore, lead to improved analysis of capacitive
ECG signals in ambulatory settings.

Index Terms— Adaptive filter, capacitive sensor, electrocardio-
graphy (ECG) measurement, motion artifacts (MAs), power-line
interference (PLI).

I. INTRODUCTION

ELECTROCARDIOGRAPHY (ECG) is an important
physiological signal reflecting the cardiac condition of

a person. The importance of the ECG led to an increased
interest in ECG measurements not only in clinical settings
but also in many other applications, e.g., sleep and driving
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monitoring [1]–[3]. For some applications, especially for long-
time ambulatory monitoring, conventional ECG measurements
using wet or dry electrodes are unsuitable or uncomfortable
due to the use of gel or the direct contact with the skin [4].

Considering the limitations of wet and dry electrodes,
capacitive sensors have been introduced a couple of decades
ago and further developed in recent years [5], [6]. Capacitive
sensors enable ECG measurements through insulating layers,
e.g., clothes. Studies suggested the quality of the ECG signal
measured by capacitive electrodes to be comparable to that
measured by contact wet electrodes [6]. In addition, studies
have demonstrated the possibility to integrate capacitive sen-
sors in daily objects, such as a bed, a chair, a car seat, and
even a neonatal incubator [2], [3], [7], [8].

Despite their promise, several studies have indicated a criti-
cal sensitivity of capacitive sensors to motion artifacts (MAs),
which has been identified as the main challenge hampering
the development of a robust capacitive ECG measurement
system [4], [6], [9], [10]. MAs may distort or mask the desired
ECG signals and even saturate the measurement circuit, caus-
ing information loss. Therefore, MAs need to be addressed
prior to adopting a capacitive ECG measurement system for
clinical diagnosis or monitoring.

The origin of MAs in a capacitive ECG system has been
associated with longitudinal and lateral movements of the elec-
trodes [4]. The longitudinal movement causes variations in the
coupling distance, changing in the coupling capacitance. The
lateral movement produces friction and thus triboelectricity at
the body–electrode interface [9], [10].

Several methods for MA reduction in capacitive ECG
measurements have been suggested in the literature.
Ottenbacher and Heuer [9] proposed a theoretical model to
investigate the artifacts caused by variation in the coupling
distance and reconstructed the ECG signal by solving the
inverse system function. However, their reconstruction needs
knowledge of all the model parameters, which are often not
available. To overcome this problem, Serteyn et al. [11] used
an injection signal to estimate the model parameters and the
MAs caused by variation in the coupling distance. However,
this method showed effective MA reduction only on simulation
and controlled lab data but not on real data [11].

Adaptive filtering has been widely used for MA reduc-
tion in the conventional biopotential measurements with wet
electrodes [12]–[15]. An adaptive filter estimates the transfer
function between a reference signal and the MAs; any signal
correlated with the reference signal is then removed from
the raw signal. A recent study also applied an adaptive
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filter to capacitive ECG signals for MA reduction by using
a 3-D acceleration signal as reference [16]. Other studies
suggested the use of an auxiliary capacitive sensor to track
the change in the coupling impedance as a reference signal
for the adaptive filter [17]. The main limitation of these
methods is the requirement of additional sensors in order to
measure a reference signal that correlates with motion. This
solution may increase the complexity and power consumption
of the recording system, and is, therefore, unsuitable for
ambulatory monitoring, which is the main goal of capacitive
ECG measurements.

In addition to MAs, power-line interference (PLI), with a
frequency equal to 50 Hz in Europe and 60 Hz in the United
States, is a major noise source in any ECG measurement sys-
tem and especially evident in capacitive ECG measurements.
In general, PLI is mainly caused by a displacement current
coupling either into the measurement system or into the subject
body and present in the final recordings due to unbalanced
electrode impedance [18], [19]. Active guarding is usually
implemented in a capacitive sensor, preventing the displace-
ment current from coupling into the measurement system [9].
In addition, dedicated hardware design such as a driven-
right-leg circuit and neutralization can further reduce the
PLI [20]–[22]. However, after implementing these reduction
techniques, considerable PLI may remain in the final record-
ings due to the large and unbalanced coupling impedance of
the capacitive electrodes.

Previous studies on wet electrodes showed a high correlation
between MAs and PLI variation [19]. An adaptive filter for
MA reduction in wet ECG measurements was then evaluated
using a reference signal extracted from the PLI, and significant
MA reduction was observed [19]. However, the mechanisms
generating MAs in capacitive electrodes are quite different
from those in wet electrodes. In addition, the transfer function
between MAs and body movement in capacitive electrodes
is nonlinear due to the inverse relation between coupling
capacitance and coupling distance. Finally, triboelectricity
may introduce additional high-amplitude MAs in capacitive
ECG measurements. As a result, MA reduction in capacitive
ECG measurements is much more challenging than in wet
electrodes. In this paper, we aim at investigating the feasibility
and performance of the adaptive-filtering method described
in [19] for MA removal in capacitive ECG measurements.

A feasibility study of the proposed method has been
reported in [23]; more extensive evaluation was carried out in
this paper. To this end, dedicated simulations with different
PLI amplitudes were implemented to assess the influence
of the PLI amplitude on the performance of the proposed
method. In addition, five in-vivo measurements were per-
formed, in which a 3-D accelerometer was employed to
measure electrode movement and two wet electrodes were
used to record a clean ECG signal, providing a reference to
evaluate the accuracy of the proposed method in real mea-
surements. The proposed method was then compared with the
traditional adaptive-filtering method using the 3-D acceleration
signal as reference. The signal-to-noise ratio (SNR) defined
in [24] was used to assess the performance of both methods.
Moreover, in order to evaluate the accuracy of the proposed

Fig. 1. Capacitive ECG measurement system. (a) Physical model.
(b) Equivalent model.

adaptive-filtering method, R-R intervals of the adaptively fil-
tered signals were detected and compared with those detected
from the clean ECG signal using Bland–Altman analysis [25].

II. METHOD

A. Capacitive Measurement System

1) System Model: In a typical capacitive sensor, a plate
electrode is coupled to the body and connected to a buffer
with very high input impedance, as shown in Fig. 1(a).
In order to reduce the influence of PLI, active guarding is
usually implemented to prevent environmental electric field
coupling into the measurement system. A voltage difference,
vdiff, is present between the body virtual ground and the
measurement-system reference.

The capacitive sensor shown in Fig. 1(a) can be represented
by an equivalent model as shown in Fig. 1(b). The electrode
together with the body surface can be modeled by a capacitor
Cc(t), whose capacitance is proportional to the area of the
electrode surface and inversely proportional to the distance
between the electrode and the body surface, as given by

Cc(t) = εr A

x(t)
(1)

where εr is the dielectric constant, A is the area of the elec-
trode surface, and x(t) is the distance between the electrode
and the body. The gap between the electrode and the body
surface can be pure air or some clothlike insulators, e.g.,
cotton.

The input impedance of the buffer is modeled as a resistor
Ri in parallel to a capacitor Ci , both assumed to be time-
invariant. The biopotential to be measured, e.g., the ECG,
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is represented by vecg(t). Three components are considered in
the voltage difference vdiff: the dc voltage that comes from the
electrodermal voltage (skin potential) vdc, the accumulation
of static charges due to triboelectric effects vtri(t), and the
PLI vpli(t). In general, a time-varying electric field may
cause displacement current coupling either into the subject
body or into the measurement system [18], [19]. However,
as shown in Fig. 1(a), an active guarding is usually imple-
mented in a capacitive sensor to prevent the displacement cur-
rent from coupling into the measurement system. Therefore,
vpli(t) is mainly caused by the displacement current coupling
into the subject body rather than into the cables.

2) System Behavior: Since Cc(t) and vs(t) are time-varying
due to relative movement at the body–electrode interface,
the behavior of the capacitive system is analyzed in dynamic
condition. The equivalent circuit of the capacitive sensor
shown in Fig. 1(b) can, therefore, be mathematically described
in the time domain by a differential equation describing the
balance of electrical currents as

d[(Ci + Cc(t)) · vo(t)]
dt

+ vo(t)

Ri

= d[Cc(t) · (vecg(t) + vpli(t) + vdc + vtri(t))]
dt

(2)

where vo(t), Cc(t), vecg(t), vpli(t), and vtri(t) are the time
varying. Being a linear system, the output signal vo(t) should
contain the superimposition of four components, which are the
output due to vecg(t), vpli(t), vdc, and vtri(t). By using stan-
dard techniques for differential equations with time-varying
coefficients [11], [26], we can solve (2) and obtain

vo(t) = vo,ecg(t) + vo,dc(t) + vo,tri(t) + vo,pli(t) (3)

where

vo,ecg(t) = A(t)
∫ t

0

d[Cc(u) · vecg(u)]
du

e− ∫ t
u f (s)dsdu (4)

vo,pli(t) = A(t)
∫ t

0

d[Cc(u) · vpli(u)]
du

e− ∫ t
u f (s)dsdu (5)

vo,dc(t) = vdc · A(t)
∫ t

0

dcc(u)

du
e− ∫ t

u f (s)dsdu (6)

vo,tri(t) = A(t)
∫ t

0

d[Cc(u) · vtri(u)]
du

e− ∫ t
u f (s)dsdu (7)

with

A(t) = 1

Ci + Cc(t)
, f (t) = 1

Ri [Ci + Cc(t)] . (8)

Equations (3)–(8) indicate that each component in vo(t)
is a function of the coupling capacitance Cc(t) and the
corresponding source, i.e., vecg(t), vpli(t), vdc, and vtri(t). It is
clear that variations in vo,pli(t) reflect the modulation effects
of Cc(t) on vpli(t); therefore, vo,pli(t) can be used to extract a
reference signal for an adaptive filter in order to estimate the
additive MAs vo,dc(t) and vo,tri(t).

B. Adaptive Filtering for MA Reduction

An adaptive filter is able to remove any additive noise
correlated with a given reference signal from the raw (noise-
contaminated) signal. The reference signal is, therefore, of key

Fig. 2. Scheme of the proposed adaptive filter.

importance for an adaptive filter. In this paper, the PLI is
exploited to extract the reference signal for adaptive MA
removal in an ECG signal recorded by capacitive electrodes.
Fig. 2 shows the scheme of the proposed adaptive filter,
in which all the signals are expressed in the discrete domain
as sampled ECG data are typically used.

In the upper branch in Fig. 2, a low-pass filter (<40 Hz)
is applied to the raw ECG signal in order to remove the
high-frequency noise and the PLI. For ambulatory heart-rate
monitoring, an ECG bandwidth up to 40 Hz is sufficient for
the detection of the R peaks in the ECG [11]. The filtered
signal, x[n], contains a distorted version of the desired ECG
signal and additive MAs, as given by

x[n] = vo,ecg[n] + vo,dc[n] + vo,tri[n]. (9)

In the lower branch in Fig. 2, a bandpass filter with a central
frequency equal to the frequency of the PLI ( f p) is applied
to the raw ECG signal in order to extract vo,pli[n]. Studies
have suggested that the movement-induced MAs are mainly
below 10 Hz [27], [28]; therefore, a passband of f p ± 10 Hz
is adopted. The bandpass filtered signal is then demodulated
(DM) to obtain a reference signal r [n], reflecting variation in
the coupling capacitance caused by sensor movement.

An adaptive finite-impulse-response filter W [n] is employed
to estimate the transfer function between the reference signal
and MAs. The desired signal v̂o,ecg[n] is then obtained by
subtracting the estimated MAs, v̂o,dc[n]+ v̂o,tri[n], from x[n].
A normalized least mean square (NLMS) algorithm is
employed to estimate and remove the movement-induced
MAs in x[n] [14]. The adaptive filter is designed such that
the squared error |v̂o,ecg[n]|2 is minimized [29]. The NLMS
algorithm is then given as

W NLMS,opt = arg min
W

|v̂o,ecg[n]|2

= arg min
W

|x[n] − r [n] · W [n]|2. (10)

The initial value of W is an empty matrix 0. The update of
the NLMS algorithm is described as

W [n + 1] = W [n] + α · r t [n] · v̂o,ecg[n]/σ 2 (11)

v̂o,ecg[n] = x[n] − r [n] · W [n] (12)

σ 2 = r [n] · r t [n]/M + ε (13)
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Fig. 3. Clean ECG representing the biosignal vecg[n].

where α is the adaptive factor, M is the length of the filter,
σ is the time-varying step size, and ε is a small constant to
avoid σ to be zero.

C. Validation
1) In Silico Experiment: To evaluate the performance of

the proposed adaptive-filtering method, a numerical data set
was simulated in Simulink (MATLAB 2016a, The Mathworks,
Natick, MA, USA) based on (2). A clean ECG signal recorded
by wet electrodes (Fig. 3) was employed to represent the
biosignal vecg[n]. In order to assess the influence of the
PLI amplitude on the performance of the proposed adaptive
filter, the PLI vpli[n] was simulated by a 50-Hz sinusoidal
signal with different amplitudes: 50, 10, 1, and 0.1 mV,
which are chosen based on the PLI amplitude observed in
our preliminary measurements, i.e., around 20 mV. The dc
voltage vdc was set to 10 mV, in line with previous studies [9].
A transversal chirp motion ranging from 0.2 to 10 Hz, which
covers the full frequency range of body movement [27], was
adopted to mimic the electrode movement. An air gap with a
distance of 1 mm and a variation of ±0.3 mm was assumed
between the capacitive electrode and the body surface. In line
with our real application, where the variation in the coupling
distance was limited, the variation adopted in our simulation
was slightly lower than that adopted by previous authors [9].
The static charges due to the triboelectric effect, vtri[n], were
assumed to be zero as the simulated motion was transversal.
The surface of the capacitive electrode was set to 1 cm2,
the same as that used in real measurements (Section II-C2).
The input impedance was 1000 G� and 2 pF for Ri and Ci ,
respectively [9].

2) In Vivo Experiment: Real ECG signals were also
recorded on the chest of five male subjects in order to evaluate
the feasibility of the proposed method. A capacitive ECG sig-
nal was recorded by two square capacitive electrodes (Plessey
Semiconductors Ltd., Plymouth, U.K.), whose scheme was
similar to the typical sensor shown in Fig. 1(a). The gain of
the capacitive sensor was 10 while the surface was 1 cm2.
The subject was sitting in a chair and wearing a cotton shirt
approximately 0.5 mm thick, as shown in Fig. 4. A 3-D
accelerometer was placed next to one electrode. The sensors
were maintained against the chest by an elastic belt. The
patient ground was connected to the index finger of the subject
through a conductive foam. In addition, two wet electrodes
were placed on both forearms of the subject to obtain a clean
ECG signal, providing a reference to evaluate the accuracy
of the proposed adaptive-filtering method. 60-s ECG signals
were recorded simultaneously with the wet and capacitive

Fig. 4. Real ECG measurement.

electrodes by a Porti amplifier (TMS International, Enschede,
The Netherlands) at a sampling frequency of 2048 Hz. The
experiment was performed in a lab with stable PLI.

In order to generate different levels of MAs, the subject
was instructed to perform two types of test. The first test
was performed while sitting on a chair with the subject’s
trunk straight (Fig. 4), in which sensor movement was mainly
induced by breathing. The second test was performed with a
random body movement during the 60-s recording. The subject
was instructed to sit on the chair and move his trunk forward
and backward by approximately ±15◦. The subject’s arms
were relaxed in the arms of the chair to avoid any movement
and thus obtain a clean ECG signal (Fig. 4).

3) Motion-Artifact Removal: The proposed adaptive NLMS
filter (Fig. 2) was evaluated on both simulated and real data.
The data in the time interval from 20 to 50 s was used for
the analysis. Two fourth-order Butterworth filters were imple-
mented for the low-pass and bandpass filters shown in Fig. 2.
The passbands were 0–40 and 40–60 Hz, respectively. In order
to obtain the reference signal for the adaptive filter, local
maxima of the bandpass (40–60 Hz) filtered signal, vo,pli[n],
were first detected and then resampled by spline interpolation
to obtain the same sampling frequency as the original signal.

For the simulation, the results v̂o,ecg[n] were compared to
the theoretical signal vo,ecg[n], which was obtained by setting
vdc and vpli[n] to zero during the simulation. In addition,
the results of the proposed method on real data were compared
to the classical adaptive-filtering method shown in Fig. 5,
in which the acceleration signal acc[n] was employed as a
reference.

For the aforementioned comparisons, SNR was employed
as a quantitative metric. In general, SNR is determined by

SNR = 10 · log
Ps

Pn
(14)
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Fig. 5. Scheme of the classical adaptive filter using acceleration as a
reference.

where Ps is the signal power and Pn is the noise power. How-
ever, for an ECG signal, the signal power will be proportional
to the heart rate and thus such a measure has no relation with
R-peak detection, which is the main focus in ambulatory mon-
itoring. A modified definition of SNR, as described in [24],
is therefore employed in this paper in order to assess the
R-peak detectability. To this end, the R peaks of the adaptively
filtered data were first detected using the algorithm described
in [24]. The SNR was then calculated as

SNR = 20 · log
vpp

vn
(15)

where vpp is the maximum value of each R peak and vn is
the maximum value in two surrounding intervals. For an R
peak located at time t (i), the surrounding two intervals are
defined as [t (i −1)+300 ms, t (i)−75 ms] and [t (i)+75 ms,
t (i) + 250 ms], where t (i − 1) is the time of the previous R
peak [24]. This is the maximum-length segment without QRS
complex, considering a maximum heart rate of 200 bpm [24];
by this choice, heart rate ranging from 30 to 200 beats per
min can be detected.

Furthermore, for the real data, the accuracy of the proposed
adaptive-filtering method was assessed by comparing all the
R-R intervals detected from the adaptively filtered capacitive
ECG signals, denoted as RRicap, with those detected from
the reference ECG signals recorded by the wet electrodes
placed on the forearms of the subjects, denoted as RRiwet.
The Bland–Altman analysis was employed to evaluate the
agreement between those two R-R intervals [25].

All the analysis was implemented in MATLAB 2016a
(MathWorks, Natick, MA, USA). The adopted computer was
an HP Compaq Elite CMT PC, with an Intel Core i5-2500
CPU @ 3.30-GHz processor. The execution time was also
tested to provide an indication of the computational complexity
of the proposed algorithm.

III. RESULTS

A. Results on In Silico Data

An example of the results obtained on the simulated data
(PLI = 50 mV) were shown in Fig. 6. Fig. 6(a) shows the
signals in the lower branch of the adaptive scheme, including
the raw signal vo[n], the estimated output due to the PLI,
vo,pli[n], and the DM signal r [n] after resampling. It is clear
that the reference signal r [n] varies over time similar to the

Fig. 6. Results on the simulation data. (a) Signals in the lower branch of
the adaptive scheme in Fig. 2. (b) Signals in the upper branch of the adaptive
scheme in Fig. 2.

simulated chirp motion ranging from 0.2 to 10 Hz. Fig. 6(b)
shows the results after applying the proposed adaptive-filtering
method to the data showed in Fig. 6(a). Before adaptive
filtering, the R peaks in the low-pass filtered signal, x[n], are
not visible, while they become clear after adaptive filtering
(v̂o,ecg[n]). The SNR of v̂o,ecg[n], as defined by (15), is 2.2 dB,
while it is 1.8 dB for the theoretical signal vo,ecg[n], obtained
by setting vdc[n] and vpli[n] to zero during the simulation.

All the simulation results with different PLI amplitudes are
shown in Fig. 7. With decreased PLI amplitudes, the R peaks
in v̂o,ecg[n] are less visible and for PLI amplitude equals to
0.1 mV, the R peaks are masked by the artifacts generated
by the chirp motion. The SNRs of v̂o,ecg[n] are 2.2, 1.6,
1.5, and −4.1 dB for PLI equals to 50, 10, 1, and 0.1 mV,
respectively.

B. Results on In Vivo Data

Fig. 8 shows an example of the results obtained on real data
recorded during normal breathing without body movement.
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Fig. 7. Simulation results with different PLI amplitudes.

Fig. 8. Real measurement data during normal breathing without additional
body movement. (a) Signals in the lower branch of the adaptive scheme
in Fig. 2. (b) Results of the proposed method together with the results using
the acceleration signal as reference.

The breath-induced MAs cause a baseline wander presenting
in the low-pass filtered signal x[n], resulting in difficult R-peak
detection. After the proposed adaptive-filtering algorithm using

Fig. 9. Real measurement data during normal breathing with additional body
movement. (a) Signals in the lower branch of the adaptive scheme in Fig. 2.
(b) Results of the proposed method together with the results using the
acceleration signal as reference.

the demodulation of the PLI as a reference, all the R peaks
are clearly visible in v̂o,ecg[n]. Similar results are obtained by
the acceleration-based adaptive-filtering method, as shown in
xacc in Fig. 8(c). For all the five subjects, the average SNRs,
defined by (15), are 8.9 ± 3.5 and 8.8 ± 3.7 dB for v̂o,ecg[n]
and xacc, respectively.

An example of the results obtained on real data recorded
with the subject’s trunk moving forward and backward is
shown in Fig. 9. Because of the body movement, the baseline
wander is much larger compared to the one caused by breath-
ing. In addition, high-amplitude MAs due to triboelectricity
can be observed in the recorded signal. As a result, the R peaks
are not visible in x(n). After the proposed algorithm, MAs are
significantly reduced and all the R peaks are clearly visible and
can be detected by the algorithm described in [24], as shown
in v̂o,ecg[n]. The results obtained by the acceleration-based
adaptive-filtering method are comparable with our results. The
average SNRs are 6.3±2.9 and 5.0±3.9 dB for the proposed
method and the acceleration-based method, respectively.

For all the 10 data sets (30 s for each), 337 RRicap
and RRiwet are detected by the algorithm described in [24].
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Fig. 10. Bland–Altman plot indicating the agreement between RRicap and
RRiwet.

Fig. 10 shows the Bland–Altman plot indicating the agreement
between RRicap and RRiwet. The average of the difference
between RRicap and RRiwet is 0.99 ms. The upper 95% limit
of agreement (LOA) is 136 ms while the lower 95% LOA
is 138 ms. For a 30-s signal with a sampling frequency
of 2048 Hz, the average execution time of the whole algorithm
shown in Fig. 2 over the 10 data sets is 4.86 ± 0.03 s.

IV. DISCUSSION

In this paper on capacitive ECG measurements, we hypoth-
esize that the PLI in the recorded data may reflect movement-
induced variation in the coupling capacitance and may,
therefore, be used to extract a reference signal for adaptive
MA removal. Our hypothesis is first evaluated by a dedicated
simulation, in which a chirp motion ranging from 0.2 to 10 Hz
is employed in order to cover the full frequency range of
body movement [27], [28]. Effective MA removal is obtained
on the simulation data by the proposed adaptive-filtering
method (Fig. 6).

Our hypothesis has also been tested with real data recorded
during breathing with and without body movement. For
the data recorded without movement, the proposed method
achieves excellent artifact removal. For the data recorded
with body movement, high-amplitude MAs may be present
due to the effect of triboelectricity, which is not considered
in our simulation. As shown in (7), vo,tri[n] results from
the combined effects of triboelectricity and variation in the
coupling capacitance. The reference signal extracted from
the PLI can track variation in the coupling capacitance but
not in the triboelectricity. As a result, some MAs remain in
the adaptively filtered data. However, all the R peaks in the
processed data are still clearly visible and can be detected by
the algorithm described in [24].

The adaptive filter is designed to remove additive noise, e.g.,
vo,dc[n]. However, as shown in Fig. 6, the ECG signal is also
distorted due to multiplicative noise in vo,ecg[n]. Our results
(Fig. 6) suggest the proposed adaptive filter to also suppress
the multiplicative noise component in vo,ecg. In principle,

an adaptive filter can remove any signal that correlates to the
reference signal. As indicated in (4), the multiplicative noise
in vo,ecg is also due to the variation in the coupling capacitance
and, therefore, can be removed by the proposed adaptive filter.

In order to evaluate the performance of the proposed
adaptive-filtering method, SNR is employed as a quantitative
metric. In general, SNR is defined as the ratio between the
signal power and the noise power. However, the main focus
of this paper is ambulatory monitoring and thus the R-peak
detection. The standard definition of SNR has no relation to
R-peak detection since the signal power of an ECG signal is
proportional to the heart rate. As a result, a modified SNR
definition, as described in [24], is employed to assess the
detectability of the R-peaks in the adaptively filtered signal.

As compared to the acceleration-based adaptive filtering
method, our method achieves comparable or even better results
as indicated by the SNRs. This can possibly be explained
by the following mechanism. As shown in (6), MAs are
mainly generated by variation in the coupling capacitance,
which is nonlinearly correlated with the variation in the
coupling distance x(t). Consequently, the transfer function
between the MAs and motion is nonlinear. Using acceleration
as a reference, the adaptive filter can only remove MA,
that is, linearly correlated with the acceleration (motion).
However, demodulation of the PLI reflects variation in the
coupling capacitance Cc(t) rather than the coupling distance
x(t) and thus can remove all MAs correlated with Cc(t).
This hypothesis is further confirmed by the different SNR
improvements between the two different recording conditions:
with and without body movement. For the measurement with
body movement, larger nonlinear effects may be expected,
and therefore, higher improvement in the SNR (6.3 dB vs.
5.0 dB) is achieved compared to no body movement
(8.9 dB vs. 8.8 dB).

It should be noted that since movement-induced MAs are
mainly below 10 Hz [27], [28], a 10-Hz analog high-pass
filter might be helpful in the removal of MA. However,
such high-pass filter also cancels some useful information in
the desired ECG signal. Furthermore, although the proposed
method is evaluated by ECG measurements in this paper,
it can also be applied to other biopotential measurements in
which the signal of interest may be in the frequency band
between 0 and 10 Hz; a relevant example is provided by
electrohysterography [30], [31]. In this case, a 10-Hz high-pass
filter is not suited. Finally, the implementation of an analog
filter increases the complexity and power consumption of the
hardware and thus is not suitable in ambulatory monitoring
model.

The presence of the PLI is essential for the proposed
adaptive filtering method. In general, active guarding is imple-
mented in a capacitive sensor in order to reduce the PLI [9].
Moreover, dedicated hardware design such as driven-right-
leg circuit and neutralization can further reduce the effects
of PLI [20]–[22]. However, even after implementing these
solutions, a considerable amount of PLI remains in the output
signal due to the large and unbalanced coupling impedance.
This permits the extraction of the reference signal from the
PLI for adaptive MA removal. Our dedicated simulations with



4092 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 68, NO. 10, OCTOBER 2019

different PLI amplitudes show that the proposed method works
with PLI amplitudes above a lower threshold than in the order
of few millivolts. The PLI amplitudes observed in all our
measurements are much larger than this low threshold, which
confirms the applicability of the proposed method.

On the other hand, in this paper, we focus mainly on adap-
tive MA removal. Although it is not the objective of this paper,
the PLI also needs to be removed after obtaining the reference
signal. A low-pass filter was therefore implemented in this
paper to remove the PLI from the signal of interest. A cutoff
frequency of 40 Hz was adopted given that an ECG bandwidth
up to 40 Hz is sufficient for ambulatory monitoring [11]. For
applications that need higher ECG bandwidth, the PLI can
be removed by a notch filter or dedicated algorithms such as
those described in [32].

It is also important to note that our measurements are
performed in a laboratory with stable PLI. The proposed
adaptive scheme is indeed based on the assumption of stable
PLI. In case of a fast-changing electrical environment, the PLI
may show variation in its amplitude. As a consequence,
besides the variation in the coupling impedance, the reference
signal extracted by demodulating the PLI may also contain
components reflecting variation in the PLI amplitude, produc-
ing an overestimation or underestimation of the MAs. In this
case, a more stable signal, such as an injected signal [11], may
be needed to achieve accurate MA canceling.

V. CONCLUSION

In conclusion, this paper proposes a novel adaptive-filtering
method for MA reduction in capacitive ECG recordings. The
mathematic analysis indicates that variation in the PLI can
reflect variation in the coupling capacitance and, therefore,
be used to extract a reference signal for adaptive MA removal.
Evaluation of both simulation and real data show effective MA
removal by the proposed method, as evidenced by high SNR in
the filtered signal and the low computational cost. This method
requires no additional sensors to measure a reference signal
for the adaptive filter, enabling reliable analysis of heart rate
in ambulatory settings.
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