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Abstract— Electrodermal activity (EDA) recording is a pow-
erful, widely used tool for monitoring psychological or phys-
iological arousal. However, analysis of EDA is hampered by
its sensitivity to motion artifacts. We propose a method for
removing motion artifacts from EDA, measured as skin con-
ductance (SC), using a stationary wavelet transform (SWT).
We modeled the wavelet coefficients as a Gaussian mixture
distribution corresponding to the underlying skin conductance
level (SCL) and skin conductance responses (SCRs). The
goodness-of-fit of the model was validated on ambulatory SC
data. We evaluated the proposed method in comparison with
three previous approaches. Our method achieved a greater
reduction of artifacts while retaining motion-artifact-free data.

I. INTRODUCTION

Electrodermal activity (EDA) refers to the changes of the
electrical properties of the skin in response to sudomotor
innervation [4], which can be recorded as skin conduc-
tance (SC) [10]. Since sudomotor innervation is controlled
by the sympathetic nervous system (SNS), SC provides a
fine measure of SNS activity, and is hence widely used
in psychophysiology as an indication of psychological or
physiological arousal. Traditional lab-based applications of
EDA include the clinical assessment of pain [18], [30],
schizophrenia [27], [33] and peripheral neuropathy [26], [31].
Meanwhile, ambulatory measurement of EDA, especially SC,
has also found an increasingly wide utilization in studies
related to affective phenomena [13], [12], sleep [29], epilepsy
[25] and stress [11], [14].

There are several possible sources of artifacts in EDA
recordings. While artifacts may result from the recording
procedure (e.g. power line noise), these are usually avoidable
through exact control of the measurement technique. Motion
artifacts, however, are nearly impossible to eliminate entirely,
even when subjects are asked to avoid gross body move-
ments. As more and more research adopts ambulatory EDA
sensors like Q sensor (Affectiva, Inc.), DTI-2 Wristband
(Philips, Inc.) and E4 Wristband (Empatica, Inc.), removing
motion artifacts before further statistical treatment becomes
even more essential.

Motion artifacts can be caused not only by skin move-
ments beneath the electrodes, but also by muscular activity
not directly exerted underneath recording sites [4]. According
to [7], unusual steep rises, which are one of the most
common artifacts in EDA (see Fig. 1), stem from pressure
exerted on the electrodes.
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Dealing with motion artifacts, an experimenter might
choose between correcting or discarding them. Correcting
solutions will be more reasonable, if data are short in length
or continuity of data is indispensable. There are a few
methods previously taken to correct motion artifacts, such
as exponential smoothing [14] and other low-pass filters
[24], [25], [15]. However, these non-adaptive methods are
unable to compensate for artifacts abruptly appearing with
much larger intensity than EDA, and the whole time series
are filtered indiscriminately, which may distort SC signals
without artifacts.

Wavelet transforms offer a more sophisticated denoising
method; they have been widely used for removal of artifacts
in physiological signals like electroencephalogram (EEG)
[17], [35], electrocardiogram (ECG) [8], [1], and photo-
plethysmogram (PPG) [20]. We expect that most motion
artifacts will have different amplitude and duration char-
acteristics than SC responses: these kinds of differences
may be better highlighted in the wavelet domain due to a
good localization property of the wavelet transform [22].
Furthermore, many adaptive methods have been proposed
for wavelet denoising [34], [5], making it easier to reach a
balance between artifact attenuation and good signal reten-
tion.

Based on all the points above, we present a wavelet-based
method with adaptive thresholding for removing motion arti-
facts from EDA, and evaluate its performance in comparison
with previous methods.

II. METHODS

The adaptive denoising procedure used in this paper is
briefly given below:
• Utilize stationary wavelet transform (SWT) to expand

the contaminated EDA signal into multiple levels of
scaling and wavelet coefficients.

• Adaptively select the threshold limit within each time
window at each level based on the statistic estimation
of the wavelet coefficients’ distribution, and employ that
on the wavelet coefficients of all levels.

• Apply inverse wavelet transform to the thresholded
wavelet coefficients to obtain the denoised EDA signal.

A. Stationary Wavelet Transform

The discrete wavelet transform (DWT) is not time-
invariant. Due to this drawback, denoising via the DWT often
suffers from additional artifacts like ringing effects in the
vicinity of a discontinuity [6]. To address the problem, we
used the stationary wavelet transform (SWT) [23], which



is time-invariant and performs no downsampling. Conse-
quently, the length of the sequences at each level is the
same as that of the original sequence, which provides better
sampling rates in the low frequency bands compared with
standard DWT.

SWT decomposition of a signal y(t) results in the scaling
(approximation) and wavelet (detail) coefficients:
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where φ(t) and ψ(t) are the scaling and wavelet functions,
j and k amount to the scaling and translation of the wavelet
basis, and p ∈ 0, · · · ,2 j−1 allows for all the possible shifts
in a discrete setting. Here we chose j∈ 1, · · · ,8, which means
EDA data were decomposed into 8 levels. An illustrative SC
signal was drawn with its 4th level wavelet coefficients and
corresponding actigraph in Fig. 1.

Fig. 1. SC signal with motion artifacts labeled by two expert EDA
researchers; Wavelet coefficients with adaptive thresholds; Actigraph in three
axes.

B. Wavelet Coefficient Model

Distribution of wavelet coefficients can be modeled as a
mixture of two Gaussians [2], [5]. One Gaussian component
describes coefficients centered around zero, and the other
describes those spread out at larger values. This model fits
the characteristics of SC signals well. Time series of SC can
be characterized by a slowly varying tonic activity (i.e., skin
conductance level; SCL) and a fast varying phasic activity
(i.e., skin conductance responses; SCRs) [3]. After high-pass
filtering inside the SWT, the wavelet coefficients of SCL and
SCRs will both have mean values around zero. A typical
histogram of the wavelet coefficients of an SC signal is
shown in Fig. 2, with a fitted model of two mixed Gaussians
superimposed. As is illustrated in the histogram, the Gaussian
with smaller variance corresponds to the wavelet coefficients

of SCL, while the Gaussian with larger variance corresponds
to the wavelet coefficients of SCRs. Apart from the two
distributions, there are a few very large coefficients in the
histogram, which are motion artifacts we wanted to remove.
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Fig. 2. A typical histogram of the wavelet coefficients of an SC signal with
a fitted model of two mixed Gaussians superimposed. The two blue vertical
lines represent the minimum and maximum values of the histogram.

In summary, the wavelet coefficients of an observed SC
signal y(t) can be written as

d2 jk+p
2 j = d̃2 jk+p

2 j + ε
2 jk+p
2 j (3)

d̃2 jk+p
2 j ∼ γ jN(0,σ2

j )+(1− γ j)N(0,c2
jσ

2
j ) (4)

where ε is the wavelet coefficients of motion artifacts, d̃
is the wavelet coefficients of valid SC, γ j is the mixture
parameter, and σ2

j and c2
jσ

2
j are the variances of the two

Gaussians. Assuming ε takes up a very small proportion,
from the wavelet coefficients of the original signal d, γ j, σ j
and c j can be estimated for each level j using an Expectation
Maximization (EM) algorithm [21].

Once the Gaussian mixture model is established for d̃,
two threshold limits can be computed to remove ε . Assume
the proportion of ε in d is δ (the artifact proportion). For
any given coefficient d2 jk+p

2 j , if the probability of observing

values smaller or larger than d2 jk+p
2 j is less than δ/2, we can

conclude that the coefficient does not belong to the valid SC
and should be a result of motion artifacts. Therefore,

Φ(Tlow) = 1−Φ(Thigh) = δ/2 (5)

where Φ is the cumulative distribution function (CDF) of
the Gaussian mixture distribution, and Tlow and Thigh are the
thresholds. Finally, motion artifacts can be removed from the
wavelet coefficients using the following scheme:

d̂2 jk+p
2 j =
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2 j i f Tlow < d2 jk+p
2 j < Thigh

0 otherwise
(6)

In order to test the goodness-of-fit of the model introduced
above, a Q-Q plot was drawn for the thresholded wavelet
coefficients of an ambulatory SC time series in Fig. 3. This
plot shows empirical quantiles against theoretical quantiles.
When the distribution of the data has the same shape as
the reference distribution, the points in the QQ plot will



approximately lie on the line y = x. Fig. 3 indicates that
the wavelet coefficients after thresholding are described very
well by a Gaussian mixture model.

Fig. 3. Q-Q plot of sample wavelet coefficients after thresholding versus
a fitted Gaussian mixture distribution.

C. Adaptive Thresholding

As the presence and amplitude of SCRs in SC data
fluctuate with the variation of arousal over time, it is not
accurate to model a whole level of wavelet coefficients as
a single Gaussian mixture distribution. Therefore, (4) was
modified to
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2 j ∼ γ j,kN(0,σ2

j,k)+(1− γ j,k)N(0,c2
j,kσ

2
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where γ j,k, σ j,k and c j,k all change over time. To adaptively
estimate these parameters, every level of wavelet coefficients
was divided into multiple time windows with a length of
L, and thresholds in (5) were calculated independently for
each time window. As is shown in Fig. 1, this adaptive
thresholding method enabled the denoising thresholds to be
better estimated when statistical parameters with respect to
SCL and SCRs varied with time. In time windows where
SCRs have small amplitudes, the absolute values of the
thresholds will also be small.

III. RESULTS

A. Data Collection

EDA data containing motion artifacts was obtained from a
previous study [9], in which 32 subjects completed physical,
cognitive and emotional tasks while wearing Q sensors on
both wrists. During each trial, the Q sensors recorded SC,
actigraphs (acceleration) and body temperature at a sampling
frequency of 8 Hz for approximately 80 minutes. After
discarding 3 incomplete records due to disconnected memory
cards, there were in total 61 records of data. Two expert EDA
researchers reviewed these data to manually label portions of
the SC signals as containing motion artifacts (see Fig. 1).

B. Implementation of Denoising Methods

We applied our wavelet-based motion artifact removal to
each SC time series in the dataset. The Haar wavelet was
used as the mother wavelet, because of its advantage for

detecting edges and sharp changes [32], commonly seen in
motion artifacts. The two tuning parameters of the algorithm,
artifact proportion δ and time window length L, were set to
be 0.01 and 400 seconds respectively.

Three previous methods removing motion artifacts from
EDA were also implemented for comparison. They are 1024-
point low-pass Hamming filtering (cutoff frequency = 3 Hz)
[24], [25], Hanning filtering with a 1 second window [15]
and exponential smoothing (α = 0.8) [14].

C. Evaluation

In Fig. 4, a 3000-second excerpt of EDA was visualized
with output signals denoised by different methods. The spike
artifacts caused by motion in the original signal were only
fully removed by our wavelet thresholding algorithm.

Fig. 4. Original EDA (blue lines) and denoised signals (red lines) processed
by (a) wavelet thresholding, (b) Hamming filtering, (c) Hanning filtering and
(d) exponential smoothing.

To quantitatively evaluate and compare the performance of
all the methods, we used artifact power attenuation (APA)
and normalized mean-squared error (NMSE) [22] as criteria.
APA is defined as

APAm = 10log10
∑n∈Am Var[y(n)]
∑n∈Am Var[ỹ(n)]

(8)

where Am is the artifact time interval labeled by experts for
the m-th artifact, Var(·) is the variance of a signal, y(n) is
the original signal, and ỹ(n) is the processed signal. This
measure is basically the ratio of artifact energy before and
after removal in dB, which quantifies the intensity of artifact
attenuation.

NMSE is defined as

NMSE = 10log10
∑n/∈Am [y(n)− ỹ(n)]2

∑n/∈Am [y(n)− ȳ(n)]2
(9)

where ȳ(n) is the mean value of y(n). The NMSE is
calculated only for motion-artifact-free segments, which are
extracted by looking at the corresponding actigraphs. When



acceleration derivatives in three axes were all continuously
lower than 0.02g (0.017g is the quantification unit of the
accelerometers in Q sensors) for more than 1 minute, the
simultaneous SC data would be regarded as motion-artifact-
free. The measure NMSE shows how much distortion has
been introduced to these portions of the signals.

The median of APA and NMSE across all records of data
for each evaluated method are presented in Table I. It is
clear that the artifact attenuation ability of our wavelet-based
method is much better than those of all the other methods,
while their distortion of artifact-free data are basically at the
same level. In terms of APA, the Hanning filtering method
is the closest to our method, but its NMSE is also the worst.

TABLE I
MEDIAN OF NMSE AND APA (IN DB) FOR THE EVALUATED METHODS.

Methods Wavelet
Thresholding

Hamming
Filtering

Hanning
Filtering

Exponential
Smoothing

APA 6.3233 0.0233 1.2539 0.2559
NMSE -54.4229 -54.4175 -48.1641 -57.5739

IV. DISCUSSION AND CONCLUSION
Compared with previous approaches, our wavelet thresh-

olding technique achieved much larger intensity of artifact
attenuation while retaining clean signals as well as the other
methods. It can be easily applied to any future research
involving EDA data analysis.

Our method was based on an additive model for interfer-
ence caused by motion. This assumption of the additive noise
model is commonly made and justified in previous studies
dealing with motion artifacts [19], [28], [16].

In the future, we hope to quantitatively discuss the two
tuning parameters of our algorithm, the artifact proportion
δ and the time window length L in relation to performance
and give suggestions on their selection. In addition, we would
like to examine the potential utility of the Coiflet 3 wavelet
[17], [35], since it resembles the shape of a typical motion
artifact.
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