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Abstract— Wireless electrocardiograms can be useful for a
wide range of applications including early detection of seizures
onset, West Syndrome, sleep apnoea, Temporal Lobe Epilepsy
(TLE), supra-ventricular tachycardia, atrial flutter, and atrial
fibrillation. One of the advantages of using wireless sensing
platforms in telemedicine is that patients can freely move and
carry out everyday activities unhindered whilst vital cardiac ac-
tion potentials are being measured. However, the measurements
are highly sensitive of motion as motion changes the electrical
interface between the electrodes and the skin and, thereby,
distorts the useful signal. In this paper we propose a strategy
for establishing the statistics of motion artefacts. Our approach
employs 3D accelerometers to reason about the movement
affecting the electrodes of a wireless electrocardiogram and
takes advantage of the structure and sequence of cardiac action
potentials.

Index Terms— Accelerometer, wireless electrocardiogram,
cardiac action potential, telemedicine, mean square error es-
timation, inertial sensor, noise, estimation

I. INTRODUCTION

Bio-potential signals which can be sensed from different
parts of the human body reveal vital underlying physiolog-
ical and psychological conditions and are routinely used to
diagnose and monitor a large number of diseases [1], [2].
These signals can be sensed by strategically placing pairs of
electrodes on the surface of the skin or implanting them. For
examples, an electrocardiogram is used to sense cardiac bio-
potentials; an electroencephalograph, to sense the electrical
activities of the brain, and an electromyogram, to sense the
bio-potentials generated by the contraction and relaxation
of the muscles. Traditionally, these devices have been used
in clinical settings for short-term diagnosis and monitoring
because they are bulky and power consuming and require
controlled environments to function properly.

More recently, wireless bio-potential sensors have been
developed both by the research community and the industry,
initial results suggesting the affordable, unobtrusive, and
ubiquitous usage in rehabilitation as well as residential
settings [3], [4], [5], [6], [7], [8]. The prevailing design
goals have been achieving small form-factors, small weight,
high energy-efficiency, bidirectional wireless communica-
tion, remote and dynamic reprogramming and reconfigura-
tion, adaptive sampling, and local signal processing. These
features will be useful to deploy the sensors on the bodies
of patients who can freely move and carry out everyday
activities whilst vital bio-potential signals are being sensed.
This way, the possibility of predicting the onset of diseases

1Waltenegus Dargie is with the Chair of Computer Networks, Faculty
of Computer Science, Technical University of Dresden, 01062, Germany
waltenegus.dargie@tu-dresden.de

or observing symptoms which may otherwise remain hidden
during clinical diagnosis increases considerably. Further-
more, the monitoring task (durations, intervals, and rates)
can be remotely controlled and adapted to the need of
individual patients and communication bandwidth and local
computational resources can be used efficiently. However,
the use of wireless sensing platforms presently poses some
formidable challenges, one of these being the inclusion of
motion artefacts during mobility [9], [10], [11]. Partly due
to the undesirable vibration of electrodes and partly due to
the change in the electrical characteristics of the skin, these
movement artefacts significantly distort the useful signal.

Fig. 1: The cardiac action potentials of a healthy subject
climbing up a staircase at a normal pace. The measurement
was obtained from a wireless electrocardiogram.

Fig. 1 displays a snapshot of the measurement we took
with a 5-lead wireless electrocardiogram (the Shimmer plat-
form [6]) whilst a healthy adult person was climbing up a
staircase at a normal pace. In a healthy person, the electro-
cardiogram measures a sequence of three essential waves –
the P, the QRS, and the T waves – revealing vital underlying
cardiac states (ref. to Fig. 2 for a detailed description of the
electrocardiogram measurement of a healthy person). The
frequency of these waves, their chronological appearance,
and the interval between them are critical to interpret the
electrocardiogram.

In this paper we demonstrate how we modelled the
statistics of motion artefacts using inertial sensors. We de-
ployed a 3D accelerometer near the electrodes of a wireless
electrocardiogram to measure the movements affecting its
electrodes and attempted to establish correlation between the
measurements we obtained with the accelerometer and the
movement artefacts included in the ECG measurements. We
regarded different types of everyday movements – walking,
running, cycling, and climbing up and down a stair case –
and initial results suggest that indeed correlations can be
established and the noise statistics can be estimated. We
assert that the insights we obtained can be useful to identify
the optimal estimator for removing motion artefacts.
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x a change in the characteristics of the medium interfacing the electrodes of the wireless ECG with the 
skin,  

x a change in the skin impedance due to the contractions of the skin or the presence of sweat,  

x the inclusion of motion artefacts, or  

x a combination of all these.  

Moreover, measurements taken in controlled environments (for example, in a clinical setting, where a patient 
is resting) cannot be taken as reference because the heart may not exert in the same way when the subject is 
exposed to different activities. Therefore, a novel approach is required to establish the noise statistics. 

 

 
 
Figure 1: The clinical ECG interpretation (Courtesy to Dr. Araz Rawshani, MD, PhD, 2017). 

 

 
Figure 2: The ECG readings of a healthy adult climbing up a staircase at a normal pace. The measurement was taken by 
the Shimmer platform. 

 

Motion artefacts are produced by the motion of the subject. Therefore, in the literature, attempts are being 
made to establish a correlation between the two. The idea is that once the movement affecting the sensors is 
captured, its statistics can be established, so that the statistics can be used to estimate the statistics of the 
motion artefacts in the noisy measurements. In order to measure the movement affecting the electrodes, some 
authors have integrated accelerometers, tilt, piezoelectric, or contact sensors with the electrodes of an ECG 
or EEG or with the sensing platform as a whole [20, 21, 22]; some have employed infrared sensors to 
indirectly establish the movement of electrodes from the way the skin changes its texture when it contracts 

Fig. 2: Cardiac action potentials revealing underlying cardiac activities. In a normal human being, the intervals between a P-
wave and a QRS-wave complex, a QRS-wave complex and a T-wave and a T-wave and a P-wave have zero or approximately
zero potentials (Courtesy to Dr. Araz Rawshani, MD, PhD, 2017).

The remaining part of this paper is organised as follows:
In Section II, we review related work. In Section III, we set
the prerequisite for estimating the motion artefacts included
in the measurements of a wireless electrocardiogram using
inertial sensors. In Section IV we propose an approach for
estimating the statistics of motion artefacts. In Section V, we
estimate motion artefacts using the measurements of a 3D ac-
celerometer and a linear least mean square error estimation.
Finally, in Section VI, we give concluding remarks.

II. RELATED WORK

Different researchers have in the past attempted to model
motion artefacts. Tong et al. [12] embedded a 3D accelerom-
eter and a two-axis Anisotropic Magnetoresistive (AMR)
sensor into one of the electrodes of an ECG. In order
to reason about motion artefacts, they deliberately induced
motion artefacts by:

1) pushing on the electrode,
2) pushing on the skin around the electrode, and
3) pulling on the electrode lead wire.

This way, the authors acquire five datasets for each exper-
iment they undertook: (1) a dataset without any induced
motion, (2) a dataset containing noise induced by each of
the above three methods, and (3) a dataset containing both
the noise-free segments and the noise induced by all the three
methods. The measurements of the ECG, the 3D accelerom-
eter, and the AMR were synchronised. The authors evaluated
the contribution of the motion sensors in cleaning the noisy
signal by evaluating the L2 norm, the MaxMin statistic, and

a percent improvement statistic. The noise-free dataset was
used as the “ideal” reference signal. The authors claimed
that there were indeed strong correlations between the mo-
tion artefacts and the outputs of the motion sensors in all
the test cases. Moreover, compared with the measurements
obtained by the AMR sensor, the measurements of the 3D
accelerometers exhibited stronger correlations. The authors
emphasised that the accelerometer was able to capture the
3-dimensional movements of the electrode whilst the AMR
could only measure the 2-dimensional movements. Secondly,
the relationship between the accelerometer measurements
and the motion artefacts was better modelled by a linear
time-varying system. However, the movement types Tong
et al. considered were elementary and were carried out in
a controlled environment. By contrast, we investigated the
effect of motion artefacts during free movements.

Romero et al. [13] attempted to estimate the effect of
motion artefacts by measuring the change in the impedance
of the interface between the skin and the electrodes of
a wireless ECG. This impedance is modelled as a series
resistive load and a voltage source connected to a parallel RC
circuit. In order to measure the change in the impedance, the
authors integrated both AC and DC current sources into the
wireless ECG they developed. The current sources inject a
small amount of current into the body and, then, the voltage
across the electrode-skin impedance is measured.

In order to examine the existence of correlations between
the impedance voltage (representing motion) and the motion
artefacts included in the ECG measurements, the authors



deployed four electrodes at the back of a subject, at the height
of the lumbar curve, where ECG signals were expected to
be negligible – two of the electrodes measured the action
potentials arising from motion and the other two measured
the change in the impedance voltage arising from the change
in the skin-electrode interface. Ten subjects were involved
in the experiment and 25 datasets were obtained. The test
results indicate that there were correlations between the
motion of the users and the motion artefacts but the strength
of these correlation was dependent on the signal-to-noise
ratio of the noisy ECG signal. The disadvantage of this
approach is the injection of an extra current into the human
body, however small its magnitude.

De Luca et al. [14] use uniaxial accelerometers to model
and remove movement artefacts from the measurements
of a surface-electromyogram. Thus, they deployed the ac-
celerometers at different locations in the body, including
the Tibialis Anterior (TA) and First Dorsal Interosseous
(FDI) muscles, to capture normal and shear accelerations
and the long-term drift in the EMG measurements. The
measurements from the EMG and the accelerometers were
obtained while the subjects were seated with their hands
and lower limbs secured into an apparatus constraining
the muscles to isometric contractions. The authors induced
two types of controlled movements (perturbations externally
applied directly to the sensors and perturbations produced as
a result of body movement), thereby eliciting more than 300
controlled isometric contractions with and without movement
artefacts. Seven healthy male subjects and five healthy female
subjects have participated in the experiment. The idea was
to produce forceful perturbations, which are typically en-
countered by subjects in work and sport environments. The
researchers investigated the existence of correlations between
the attenuation rates of the data from the accelerometer
sensors and the EMG measurements, and based on their
observation, determined the appropriate corner frequencies
of a Butterworth band-pass filer which is then used to remove
baseline drifts from the useful measurements.

In summary, whilst proposed approaches suggest the pos-
sibility of removing motion artefatcs by employing inertial
sensors, the statistics of the motion artefacts are not closely
studied. As a result, the justifications for employing the
proposed noise removal techniques are not adequate. In
this paper we closely investigate the noise statistics and
demonstrate how we establish the correlation between the
motions affecting the electrodes of a wireless ECG and the
motion artefacts included in the useful measurements.

III. NOISE ESTIMATION

Suppose we regard the i-th sample of a wireless electro-
cardiogram, the movement-induced artefacts it contains, and
the corresponding sample obtained from an inertia sensor as
random variables, r, n, and a, respectively. We remove the
index i for the sake of convenience. In case the inertial sensor
measures the three dimensional movement or acceleration
affecting the electrocardiogram electrodes, a is a vector
containing three random variables:

a = (ax,ay,az)
ᵀ (1)

Our aim is to estimate n in terms of a:

n̂ = g (a) (2)

Different optimisation strategies can be sought in order to
determine the function which best estimates the noise in
Equation 2. The ideal estimator is the one in which n̂
coincides with the unknown n. This, of course, is almost
always an impossible endeavour and any estimate will result
in an error:

e (a) = n− g (a) (3)

One strategy would be to select g so as to minimise some
aspect of this error, such as minimising the mean square
error:

σ2 (a) = E
[
e2 (a)

]
(4)

To simplify the evaluation of Equation 4, we can employ
conditional probability, recalling:

E [x] = Ey [Ex [x|y]] (5)

where the conditional x in the above equation represents the
expected value of x given an instance, y, of the random
variable y. For our case, this amounts to actual measurements
(observations) made by the three dimensional inertial sensor.
Hence, the mean square error can be expressed as:

σ2 (a) = Ea

[
En

[
(n− g (a))2 |a

]]
(6)

where the inner expectation is with respect to n fixing a = a
and the outer expectation is with respect to a. As a result,
we have:

σ2 (a) =

∫ ∞
−∞

E
[
(n− g (a))2 |a

]
f(a)da (7)

where f(a) is the probability density function of a. In
order to minimise the error, the above expression should
be differentiated with respect to g(a). As can be seen, all
the terms within the integral are positive values. Moreover,
as g(a) appears only in the integrand term, minimising the
estimation error is equivalent to minimising the conditional
expected error with respect to g(a):

∂

∂g (a)
E
[
(n− g (a))2 |a

]
= 0 (8)

The evaluation of the last term yields:

E [n|a] = E [g (a) |a] (9)

E [g (a) |a] = g (a) for all a, because a is already given.
Therefore, it can be concluded that the optimal estimator of
n is given as:

n̂ = g (a) = E [n|a] (10)



From Equation 12, it is clear that n and a should be correlated
for the best estimator to yield a meaningful result. In the next
section, we shall demonstrate how we attempted to evaluate
the existence of correlation between n and a for different
types of movements.

IV. ESTABLISHING MOTION ARTEFACTS STATISTICS

As we already stated in Section I, we employed a 3D
accelerometer to reason about the movements affecting the
electrodes of a wireless ECG. In one of our experiments, we
took measurements from four young and healthy subjects
(between 22 and 35 years), two men and two women.
These subjects were asked to make five different types of
movements: walking and running on a flat surface, climbing
up and climbing down a staircase, and outdoor cycling. For
each movement type, the measurement lasted 3 minutes. The
ECG was sampled at 300Hz and 512Hz. We employed
the Shimmer platform [6] consisting of a 5-lead wireless
ECG, a 3D accelerometer, a 3D gyroscope, and a 3D
magnetometer. The advantage of using this platform was that
all the sensors could be synchronised and sampled at the
same frequency. Its disadvantage was that the location from
where the inertial measurements were taken and the location
where the electrodes were actually placed were different —
however, this distance was less than 5 cm.

In order to establish the correlation between n and a, we
took into account knowledge of cardiac action potentials
(ref. to Fig. 2). The longest interval where there should
be zero potentials in a normal ECG measurement is the
interval between the P-wave and the T-wave of two con-
secutive heartbeats. If, however, this interval contains non-
zero potentials, this must be due to the effect of motion
artefacts — included, of course, is also the noise arising
from other sources but, during movement, the movement
artefacts are dominant. Consequently, the samples of this
region of the ECG measurement can be correlated with
the samples of the 3D accelerometer of the same duration
and interval to establish a relationship between the motion
artefacts and the motion of the user. Furthermore, if we
assume that for a short duration (equalling approximately
the duration of a single heartbeat) the motion artefacts are,
statistically speaking, stationary in a wide sense, then, it
is possible to take the samples between the T and the P
waves as representatives of the motion artefacts contained
in the interval between the peaks of two heartbeats (i.e., the
RR interval). This is a plausible assumption considering the
relatively high sampling rate. By comparison, human beings’
normal movement is below 3m/s. The region of the ECG
measurement from where we extracted samples to establish
the statistics of n is shown in Fig. 3.

We observed that the strength of correlation between
the motion artefacts inside the noisy ECG and the motion
vibrating the electrodes as well as the motion affecting
the electrical characteristics of the skin (i.e., the motion
measured by the inertial sensors) depended on many factors,
including:
• the type of movement,
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Fig. 3: The interval between the T-wave and the P-wave
of two consecutive heartbeats can be used to establish a
correlation between n and a.

TABLE I: The correlation between the noise statistics and the
samples of the 3D accelerometer for ten arbitrarily selected
heartbeats. The subject was running.

Til Jasper Ullrich (4514861), Weijie Wu (4665178) 4

3 Correlations

cor(ax, ax), cor(ay, ay) and cor(az, az) are always 1 and therefore omitted from the tables.

bike

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 -0.76675 0.81227 0.00706 -0.50231 -0.00949 -0.02622
2 -0.37038 0.48820 -0.00878 -0.96535 -0.75564 0.67304
3 0.10053 -0.24157 -0.07299 0.62418 0.07965 0.71116
4 -0.81498 0.69464 0.71517 -0.77342 -0.70575 0.62643
5 -0.00894 0.63618 -0.62584 -0.54647 0.16896 -0.20959
6 -0.80260 0.76180 0.90998 -0.76977 -0.78039 0.84346
7 0.61210 0.39157 -0.24771 0.87257 -0.35673 -0.54229
8 -0.18066 -0.86390 0.45936 0.00495 -0.70125 -0.25488
9 -0.09962 -0.47031 -0.37307 0.39526 0.62520 0.79373

10 -0.49564 -0.69793 0.61691 0.56415 -0.58318 -0.28431

down

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 0.62865 0.60970 -0.05609 0.47369 0.07333 -0.26272
2 -0.70519 -0.15077 0.09825 -0.05369 -0.32781 0.84039
3 0.80880 -0.60403 -0.91552 -0.63818 -0.80708 0.67456
4 -0.00202 -0.72297 0.70027 0.65894 -0.20421 -0.63026
5 0.05400 -0.31185 -0.57604 -0.18354 -0.22869 0.57886
6 -0.41010 -0.51737 -0.25168 0.34219 0.24290 0.40867
7 -0.86583 0.69560 -0.19689 -0.63312 0.28682 -0.05991
8 0.03727 -0.32002 0.30859 -0.72125 0.44999 -0.67733
9 0.26127 -0.48030 -0.40525 -0.05285 -0.64888 0.67246

10 -0.29800 0.85199 -0.61287 -0.51879 0.87137 -0.80886

run

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 0.28151 0.19357 0.03879 0.51320 -0.49442 -0.93110
2 -0.96326 -0.88885 -0.55308 0.83758 0.64575 0.23781
3 0.77703 0.75001 0.13232 0.88615 0.20844 0.53813
4 0.08275 0.16051 -0.23802 -0.00130 -0.56141 -0.49459
5 -0.55031 -0.57711 0.55772 0.96389 -0.70878 -0.82598
6 -0.46170 0.55012 -0.44659 -0.76931 0.59393 -0.80759
7 0.09984 0.11609 0.21568 0.82242 -0.90326 -0.86043
8 0.05557 -0.52623 0.03587 0.37923 -0.75668 -0.49001
9 -0.43598 0.42745 -0.15834 0.53287 -0.32561 -0.48014

10 -0.01502 -0.85005 0.75000 0.43090 -0.05384 -0.60290

• the number of samples extracted from a single heartbeat
to model the noise, and

• the irregularity of the relative location and duration of
the RR-intervals.

Table I - V provide an overview of the correlations we
computed for ten arbitrarily selected RR-intervals for the five
different movement types we have investigated. A careful
review of the tables reveals that, in most cases, there is
indeed a correlation between n and a. For some movements
(walking and running), the correlation is both consistent and
strong whilst for other movements (climbing up and down a
staircase) the correlation is sometimes strong and sometimes
weak. The weakness in correlation can be due to two factors:
• the relative position of the 3D accelerometer.
• the selection of samples to model the noise.

Since the place where we deployed the electrodes of the
wireless ECG and the place where the 3D accelerometer was
placed were different, the motion which was measured by
the accelerometer may not accurately represent the motion
affecting the interface between the electrodes and the skin.
This might have resulted in an error in the relationship
between n and a. This error can be corrected by directly
embedding accelerometers into the electrodes rather than
placing a single accelerometer inside the ECG platform.
Secondly, since determining the precise zero-potential inter-
val between the T-wave and the P-wave was difficult, the
selection of samples in order to construct the noise statistics
was inaccurate. Therefore, this step introduced an additional
source of error.

V. LINEAR ESTIMATION OF MOTION ARTEFACTS

An interesting aspect which can be observed in the cor-
relation tables is that where there is a strong correlation



TABLE II: The correlation between the noise statistics and
the samples of the 3D accelerometer for ten arbitrarily
selected heartbeats. The subject was cycling.

Til Jasper Ullrich (4514861), Weijie Wu (4665178) 4

3 Correlations

cor(ax, ax), cor(ay, ay) and cor(az, az) are always 1 and therefore omitted from the tables.

bike

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 -0.76675 0.81227 0.00706 -0.50231 -0.00949 -0.02622
2 -0.37038 0.48820 -0.00878 -0.96535 -0.75564 0.67304
3 0.10053 -0.24157 -0.07299 0.62418 0.07965 0.71116
4 -0.81498 0.69464 0.71517 -0.77342 -0.70575 0.62643
5 -0.00894 0.63618 -0.62584 -0.54647 0.16896 -0.20959
6 -0.80260 0.76180 0.90998 -0.76977 -0.78039 0.84346
7 0.61210 0.39157 -0.24771 0.87257 -0.35673 -0.54229
8 -0.18066 -0.86390 0.45936 0.00495 -0.70125 -0.25488
9 -0.09962 -0.47031 -0.37307 0.39526 0.62520 0.79373

10 -0.49564 -0.69793 0.61691 0.56415 -0.58318 -0.28431

down

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 0.62865 0.60970 -0.05609 0.47369 0.07333 -0.26272
2 -0.70519 -0.15077 0.09825 -0.05369 -0.32781 0.84039
3 0.80880 -0.60403 -0.91552 -0.63818 -0.80708 0.67456
4 -0.00202 -0.72297 0.70027 0.65894 -0.20421 -0.63026
5 0.05400 -0.31185 -0.57604 -0.18354 -0.22869 0.57886
6 -0.41010 -0.51737 -0.25168 0.34219 0.24290 0.40867
7 -0.86583 0.69560 -0.19689 -0.63312 0.28682 -0.05991
8 0.03727 -0.32002 0.30859 -0.72125 0.44999 -0.67733
9 0.26127 -0.48030 -0.40525 -0.05285 -0.64888 0.67246

10 -0.29800 0.85199 -0.61287 -0.51879 0.87137 -0.80886

run

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 0.28151 0.19357 0.03879 0.51320 -0.49442 -0.93110
2 -0.96326 -0.88885 -0.55308 0.83758 0.64575 0.23781
3 0.77703 0.75001 0.13232 0.88615 0.20844 0.53813
4 0.08275 0.16051 -0.23802 -0.00130 -0.56141 -0.49459
5 -0.55031 -0.57711 0.55772 0.96389 -0.70878 -0.82598
6 -0.46170 0.55012 -0.44659 -0.76931 0.59393 -0.80759
7 0.09984 0.11609 0.21568 0.82242 -0.90326 -0.86043
8 0.05557 -0.52623 0.03587 0.37923 -0.75668 -0.49001
9 -0.43598 0.42745 -0.15834 0.53287 -0.32561 -0.48014

10 -0.01502 -0.85005 0.75000 0.43090 -0.05384 -0.60290

TABLE III: The correlation between the noise statistics
and the samples of the 3D accelerometer for ten arbitrarily
selected heartbeats. The subject was climbing up a staircase
with a normal pace.

Til Jasper Ullrich (4514861), Weijie Wu (4665178) 5

up

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 -0.86747 -0.87528 -0.83687 0.82103 0.88619 0.93908
2 -0.29359 0.49807 0.46887 0.51717 -0.66475 0.06919
3 0.28992 0.33520 -0.69191 -0.51939 -0.17473 -0.61713
4 -0.13454 0.11926 0.07344 -0.39677 -0.75729 0.70862
5 0.40654 0.98276 0.48867 0.35570 0.23745 0.52711
6 0.15440 0.26972 0.34084 -0.31490 0.30057 0.30988
7 0.45577 -0.26626 0.60263 0.62404 0.41516 -0.11907
8 0.48928 -0.83430 -0.33350 -0.34778 -0.32674 0.55719
9 0.76912 0.86772 0.63495 0.58755 0.39165 0.80984

10 -0.61558 -0.34990 0.83249 0.87445 -0.55597 -0.16838

walk

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 0.22073 -0.03518 0.88518 0.08072 0.19229 0.00312
2 -0.81243 0.02660 -0.91760 0.25399 0.95237 0.18346
3 0.97261 -0.21160 -0.95296 -0.26227 -0.92907 0.04188
4 -0.02154 0.10071 -0.07446 0.92210 -0.09339 -0.04772
5 0.80465 0.56259 0.34071 0.46069 0.64155 -0.34217
6 0.57602 0.39250 -0.71638 -0.26870 -0.79659 0.07442
7 0.56530 0.06831 0.48544 -0.36285 0.15962 0.65284
8 -0.03586 0.42871 0.45617 -0.01965 -0.01589 0.94859
9 0.43325 -0.04453 -0.47496 -0.00741 -0.33814 0.12651

10 -0.72422 -0.96302 -0.95124 0.69666 0.77569 0.95945

TABLE IV: The correlation between the noise statistics and
the samples of the 3D accelerometer for ten arbitrarily se-
lected heartbeats. The subject was climbing down a staircase
with a normal pace.

Til Jasper Ullrich (4514861), Weijie Wu (4665178) 4

3 Correlations

cor(ax, ax), cor(ay, ay) and cor(az, az) are always 1 and therefore omitted from the tables.

bike

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 -0.76675 0.81227 0.00706 -0.50231 -0.00949 -0.02622
2 -0.37038 0.48820 -0.00878 -0.96535 -0.75564 0.67304
3 0.10053 -0.24157 -0.07299 0.62418 0.07965 0.71116
4 -0.81498 0.69464 0.71517 -0.77342 -0.70575 0.62643
5 -0.00894 0.63618 -0.62584 -0.54647 0.16896 -0.20959
6 -0.80260 0.76180 0.90998 -0.76977 -0.78039 0.84346
7 0.61210 0.39157 -0.24771 0.87257 -0.35673 -0.54229
8 -0.18066 -0.86390 0.45936 0.00495 -0.70125 -0.25488
9 -0.09962 -0.47031 -0.37307 0.39526 0.62520 0.79373

10 -0.49564 -0.69793 0.61691 0.56415 -0.58318 -0.28431

down

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 0.62865 0.60970 -0.05609 0.47369 0.07333 -0.26272
2 -0.70519 -0.15077 0.09825 -0.05369 -0.32781 0.84039
3 0.80880 -0.60403 -0.91552 -0.63818 -0.80708 0.67456
4 -0.00202 -0.72297 0.70027 0.65894 -0.20421 -0.63026
5 0.05400 -0.31185 -0.57604 -0.18354 -0.22869 0.57886
6 -0.41010 -0.51737 -0.25168 0.34219 0.24290 0.40867
7 -0.86583 0.69560 -0.19689 -0.63312 0.28682 -0.05991
8 0.03727 -0.32002 0.30859 -0.72125 0.44999 -0.67733
9 0.26127 -0.48030 -0.40525 -0.05285 -0.64888 0.67246

10 -0.29800 0.85199 -0.61287 -0.51879 0.87137 -0.80886

run

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 0.28151 0.19357 0.03879 0.51320 -0.49442 -0.93110
2 -0.96326 -0.88885 -0.55308 0.83758 0.64575 0.23781
3 0.77703 0.75001 0.13232 0.88615 0.20844 0.53813
4 0.08275 0.16051 -0.23802 -0.00130 -0.56141 -0.49459
5 -0.55031 -0.57711 0.55772 0.96389 -0.70878 -0.82598
6 -0.46170 0.55012 -0.44659 -0.76931 0.59393 -0.80759
7 0.09984 0.11609 0.21568 0.82242 -0.90326 -0.86043
8 0.05557 -0.52623 0.03587 0.37923 -0.75668 -0.49001
9 -0.43598 0.42745 -0.15834 0.53287 -0.32561 -0.48014

10 -0.01502 -0.85005 0.75000 0.43090 -0.05384 -0.60290

TABLE V: The correlation between the noise statistics and
the samples of the 3D accelerometer for ten arbitrarily
selected heartbeats. The subject was walking at a normal
pace.

Til Jasper Ullrich (4514861), Weijie Wu (4665178) 5

up

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 -0.86747 -0.87528 -0.83687 0.82103 0.88619 0.93908
2 -0.29359 0.49807 0.46887 0.51717 -0.66475 0.06919
3 0.28992 0.33520 -0.69191 -0.51939 -0.17473 -0.61713
4 -0.13454 0.11926 0.07344 -0.39677 -0.75729 0.70862
5 0.40654 0.98276 0.48867 0.35570 0.23745 0.52711
6 0.15440 0.26972 0.34084 -0.31490 0.30057 0.30988
7 0.45577 -0.26626 0.60263 0.62404 0.41516 -0.11907
8 0.48928 -0.83430 -0.33350 -0.34778 -0.32674 0.55719
9 0.76912 0.86772 0.63495 0.58755 0.39165 0.80984

10 -0.61558 -0.34990 0.83249 0.87445 -0.55597 -0.16838

walk

cor(n, ax) cor(n, ay) cor(n, az) cor(ax, ay) cor(ax, az) cor(ay, az)
1 0.22073 -0.03518 0.88518 0.08072 0.19229 0.00312
2 -0.81243 0.02660 -0.91760 0.25399 0.95237 0.18346
3 0.97261 -0.21160 -0.95296 -0.26227 -0.92907 0.04188
4 -0.02154 0.10071 -0.07446 0.92210 -0.09339 -0.04772
5 0.80465 0.56259 0.34071 0.46069 0.64155 -0.34217
6 0.57602 0.39250 -0.71638 -0.26870 -0.79659 0.07442
7 0.56530 0.06831 0.48544 -0.36285 0.15962 0.65284
8 -0.03586 0.42871 0.45617 -0.01965 -0.01589 0.94859
9 0.43325 -0.04453 -0.47496 -0.00741 -0.33814 0.12651

10 -0.72422 -0.96302 -0.95124 0.69666 0.77569 0.95945

TABLE VI: The different expected values computed for
determining the weights of the linear equation to estimate
the motion artefacts for ten arbitrarily selected heartbeats.
The subject was running.

Til Jasper Ullrich (4514861), Weijie Wu (4665178) 2

2 Expected values

bike

E[n · ax] E[n · ay] E[n · az] E[ax · ax] E[ay · ay] E[az · az] E[ax · ay] E[ax · az] E[ay · az]
1 0.09906 0.74000 0.50080 2.22656 56.38971 28.92126 10.29720 7.37642 39.69156
2 0.42963 1.48266 0.82629 7.09602 75.74977 23.80155 22.18038 12.46618 42.42183
3 1.08129 2.41918 1.57620 14.17105 71.80519 30.54537 31.79173 20.59918 46.64162
4 -0.12420 -0.36367 -0.23000 2.96222 69.51368 27.67658 12.93964 8.20719 43.58861
5 0.24728 1.13989 0.59679 3.41608 67.53193 24.77424 14.90965 8.94846 39.97692
6 0.90127 2.24419 1.81942 13.27218 59.07227 38.27980 24.41323 19.67387 47.29401
7 0.37698 0.86284 0.55277 10.66628 56.66966 25.24852 24.40732 15.58487 36.60853
8 0.49205 1.43993 0.98024 6.33067 55.65616 24.38203 18.63441 12.25808 36.51511
9 -0.42889 -1.22687 -0.86784 7.31239 58.59987 29.42123 20.63038 14.62565 41.45234

10 0.49620 1.29237 0.85615 9.51916 63.41855 26.98343 24.51229 15.90531 41.26320

down

E[n · ax] E[n · ay] E[n · az] E[ax · ax] E[ay · ay] E[az · az] E[ax · ay] E[ax · az] E[ay · az]
1 0.46605 2.31574 0.82287 3.28638 83.71034 11.46374 16.14927 5.80238 29.95671
2 0.20774 0.57079 0.17943 10.58650 77.11292 7.72737 28.51433 8.84111 24.07538
3 0.15276 0.19507 0.03038 18.02929 76.30009 5.07883 35.80321 9.06509 19.26272
4 0.49359 1.38396 0.16507 12.64457 104.88519 1.31567 36.26554 3.86065 10.98611
5 0.05647 0.89530 0.27922 0.42760 94.08297 10.58316 5.78988 1.86990 31.02311
6 -0.16169 -0.57381 -0.14488 6.17348 79.28323 5.16093 21.76971 5.43180 19.61223
7 0.32913 0.97845 0.31106 9.61616 79.26751 8.06155 27.36460 8.74051 25.26966
8 0.24206 0.81482 0.30533 6.85447 77.50948 9.68465 22.43319 7.87188 26.12575
9 0.23936 0.82256 0.59284 5.48205 64.87217 33.71607 18.84832 13.58304 46.76458

10 0.30922 0.85694 0.30756 10.05205 76.22156 10.06034 27.63896 10.05156 27.62058

run

E[n · ax] E[n · ay] E[n · az] E[ax · ax] E[ay · ay] E[az · az] E[ax · ay] E[ax · az] E[ay · az]
1 0.44884 1.60280 0.17021 4.40331 56.73510 0.93270 15.62343 1.55410 5.27486
2 -0.11362 -0.08664 0.00193 2.93598 133.51362 3.97658 17.24425 2.89793 22.15249
3 0.16011 0.40036 0.03811 8.66106 49.03542 1.41439 20.35959 3.20658 7.86898
4 -0.16468 -0.43337 -0.21509 69.37458 300.08602 24.53827 129.73049 -5.21431 5.42421
5 -0.48939 -1.33299 -0.06728 2.79355 22.20229 0.52538 7.74997 0.02507 -0.36802
6 1.93387 14.48193 -1.23666 10.60998 316.34888 33.20575 45.22699 4.52543 -20.23937
7 -0.43544 -1.49193 0.04972 2.94134 31.34125 0.31859 9.21887 -0.61119 -1.74033
8 -0.53114 -1.77837 -0.07309 73.91226 247.97767 63.37908 115.92153 -15.07785 -2.40582
9 0.69969 2.40465 0.06282 6.28027 68.36240 0.26493 20.36013 0.51463 1.54203

10 0.70362 2.17661 0.88808 4.98978 93.38573 22.33072 18.03825 3.00098 -3.32090

between n and a, there is also a strong correlation between
the different axes of the accelerometer. If we assume that
n can be estimated as a linear combination of the three
dimensional acceleration:

n̂ = αxax + αyay + αzaz (11)

then, it is possible to determine the proper weights (αi) by
making use of the correlation tables. This is because, the
mean square error in Equation 4 can be expressed as:

E
[
e (a)

2
]
= E

{
[n− (αxax + αyay + αzaz)]

2
}

(12)

In order to determine the optimal αi, we have to differentiate
Equation 12 with respect to αi and set the result to zero. This
leads to the following Equation1:

E {nax} = αxE
{
a2
x

}
+ αyE {ayax}+ αzE {azax}

E {nay} = αxE {axay}+ αyE
{
a2
y

}
+ αzE {azay}

E {naz} = αxE {axaz}+ αyE {ayaz}+ αzE
{
a2
z

} (13)

Letting E {nai} = Rni and E {aiaj} = Rij , we can express
the above equation in a matrix form as follows:[

Rnx

Rny

Rnz

]
=

[
Rxx Rxy Rxz

Ryx Ryy Ryz

Rzx Rzy Rzz

][
αx

αy

αz

]
(14)

From Equation 14, we can determine the α coefficients by
taking the inverse of the square matrix of the right term:[

αx

αy

αz

]
=

[
Rxx Rxy Rxz

Ryx Ryy Ryz

Rzx Rzy Rzz

]−1 [
Rnx

Rny

Rnz

]
(15)

Table VI displays the different expected values we computed
in order to establish Equation 15 to reason about the motion
artefacts when a subject was running. The α values we
computed to estimate the motion artefacts are given in
Table VII. Figure 4 displays n̂ we estimated using the αs.
The figure at the top is the raw estimate whereas the one at
the bottom is the smoothed estimate.

1The first raw is a result of differentiating Equation 12 with respect to
αx, the second, with respect to αy , and the third, with respect to αz .



TABLE VII: The alpha values determined to estimate the
noise artefacts for ten arbitrarily selected heartbeats. The
subject was running.
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1 Alpha values

bike

↵x ↵y ↵z

1 -0.10152 0.03670 -0.00716
2 -0.00079 0.07050 -0.09052
3 0.13213 -0.05506 0.04657
4 -0.10597 0.00004 0.02304
5 0.03809 0.05259 -0.07452
6 -0.01056 -0.00396 0.05785
7 0.03622 -0.00117 0.00124
8 0.08123 -0.05211 0.07740
9 0.07772 -0.03056 -0.02507

10 0.05137 -0.08349 0.12912

down

↵x ↵y ↵z

1 0.11452 0.00966 -0.01144
2 -0.11978 0.06076 -0.02905
3 0.05182 0.00190 -0.09372
4 0.09154 -0.02762 0.08748
5 -0.00600 0.02503 -0.04593
6 -0.01954 -0.00025 -0.00655
7 -0.05121 0.02951 0.00161
8 -0.01830 0.00186 0.04139
9 0.12579 -0.08500 0.08480

10 0.12128 0.01898 -0.14273

run

↵x ↵y ↵z

1 0.03354 0.01527 0.04023
2 -0.14828 0.00651 0.07227
3 -0.09030 0.07912 -0.20850
4 -0.00378 0.00037 -0.00965
5 0.05428 -0.08210 -0.18817
6 -0.02664 0.04936 -0.00353
7 -0.06159 -0.03930 -0.17680
8 0.01684 -0.01502 0.00228
9 -0.09124 0.06101 0.05923

10 0.13748 -0.00250 0.02092

up

↵x ↵y ↵z

1 -0.07498 0.00807 -0.01997
2 -0.02478 0.02003 -0.01125
3 0.00789 0.00484 -0.01299
4 -0.02334 0.03089 -0.01573
5 -0.32621 0.13102 0.03764
6 -0.08553 -0.01485 0.18798
7 0.07073 -0.01983 0.01664
8 0.09473 -0.02151 -0.00671
9 -0.07755 0.03122 0.09248

10 -0.06695 0.03102 0.04440

walk

↵x ↵y ↵z

1 0.01146 0.00571 0.12710
2 0.04671 0.00036 -0.19961
3 0.14131 -0.01483 -0.12683
4 -0.01932 0.02806 -0.00611
5 0.16687 -0.04503 -0.08368
6 -0.00737 0.02316 -0.10021
7 0.03544 -0.01414 0.02884
8 0.00029 0.00948 0.01311
9 0.05903 -0.00539 -0.05895

10 0.01943 0.01950 -0.14086
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4 Plots
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Fig. 4: The interval between the T-wave and the P-wave
of two consecutive heartbeats can be used to establish a
correlation between n and a.

VI. CONCLUSION AND FUTURE WORK

In this paper we attempted to establish the statistics of
motion artefacts included in the measurements of a wireless
ECG during mobility. We employed a 3D accelerometer
and knowledge of cardiac action potentials for our task
and our analysis and modelling relied on measurements
taken from four healthy adults undertaking five different
types of everyday movements: walking, running, cycling, and
climbing up and down a staircase.

Hence, in the measurement of a normal electrocardiogram
of an adult, a single heartbeat consists of a sequence of P-
wave, a QRS wave complex, and a T-wave. The intervals
between these waves comprise of zero potentials. Of these,
the longest interval is the interval between a T-wave and a
P-wave of two consecutive heartbeats. If, during motion, this
interval contains considerable non-zero potentials, we argued
that this must be a result of motion artefacts. We manually
located these intervals in our datasets and extracted samples
to construct the statistics of motion artefacts and correlated
them with the samples of the measurements from the 3D
accelerometers corresponding to these same intervals. Our
initial results suggest that there is a correlation between the
samples of the motion artefacts and the samples of the 3D
accelerometer, but the strength of the correlation differs from
sample to sample. For our case, the movement type where
we observed a strong, consistent correlation was running and
the movement types where we observed weak, unpredictable

correlation were climbing up and down a staircase.
After we proved the existence of correlation, we estimated

the motion artefacts included in the noisy ECG measure-
ments as a linear combination of the three dimensional
accelerations affecting the electrodes of the wireless ECG.
We used linear mean square estimation to determine the
optimal weights of our linear equation. What remains is
to closely investigate the probability density function of the
noise artefacts and determine the optimal estimator in order
to remove them from the noisy ECG measurements. This
will be our future work.
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