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Abstract

The human facial activity consists of voluntary and spontaneous behaviour
that can be measured to provide valuable information for several application
domains. The objective of this thesis is to introduce a new, capacitive meas-
urement method for the task. The motivation to develop a new method was
to avoid some of the drawbacks that existing methods have. The existing
ones that have been used to measure activity from the entire face are elec-
tromyography (EMG) that measures the electric activity of the facial muscles
and image-based methods that use machine vision. EMG has drawbacks due to
its requirement to attach electrodes to the face, whereas vision-based methods
rely on using cameras and heavy computational processing to collect inform-
ation about the facial behaviour. The presented capacitive method does not
require physical contact to the face, the computational requirements of the
needed signal processing are low, and it can be used in mobile applications
because the measurement can be integrated to head-mounted devices.

The thesis includes several studies where prototypes were constructed, ex-
periments carried out, signal and data processing methods applied, and results
analysed. The method was first applied as a way to detect facial movements
for human–computer interaction. It was integrated with a gaze tracker to point
targets on a computer screen with the gaze and click with facial movements.
Later, the method was extended from the detection of single facial movements
to be feasible in the detection and classification of movements and expressions
of the entire face. It was also applied to the measurement of the activation
intensities of certain facial muscles.

The results of the thesis show that the new measurement method detects
facial movements with a good performance. Pointing and clicking also per-
forms well when the detection method is combined with gaze tracking. The
classification of facial movements performs very well with the ones included in
the experiments of the thesis, and the classification can be expected to work
also with more complex facial expressions. Further, the measurement method’s
performance in determining the intensities of facial muscle activations was good
for ones that have a wide movement range. Finally, the thesis also states the
limitations of the new measurement method and includes suggestions to over-
come them and to develop the method further.
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Chapter 1

Introduction

The human facial activity consists of voluntary and spontaneous behaviour.
It includes movements, gestures, expressions formed by the movements, and
intensities of facial muscle activations. The voluntary activity can be meas-
ured, for example, for the use of human–computer and human–technology in-
teraction. Human–computer interaction (HCI) can use the activity to provide
control signals for using the computer, for example, by pointing and selecting
objects on a computer screen (Barreto et al., 2000; Chin et al., 2008, 2009;
Navallas et al., 2011; Partala et al., 2001; San Agustin et al., 2009a,b; Surakka
et al., 2004, 2005). The hands-free implementation of the interaction modal-
ities of the mouse can be used by everyone, but one goal of these studies is
to provide individuals with motor disabilities the means to interact with com-
puters and other technology. The measurement of spontaneous activity, on the
other hand, can provide invaluable information for the use of behavioural sci-
ence and medicine (Cohn and Ekman, 2005; Cohn et al., 2005; Dimberg, 1990;
Hamm et al., 2011; Pantic and Rothkrantz, 2000; Rosenberg, 2005). Some
of the applications may benefit from the simple detection of facial activity,
but in others the determination of the intensity levels of facial activations is a
requirement.

The existing methods to measure facial activity from the entire face are
electromyography (EMG) (Dimberg, 1990; Fridlund and Cacioppo, 1986) that
measures the electric activity of the facial muscles and vision-based methods
such as Facial Action Coding System (FACS) (Ekman and Friesen, 1978). The
EMG has drawbacks due to its requirement to attach electrodes to the face
(Fridlund and Cacioppo, 1986), whereas the vision-based methods rely on us-
ing cameras and heavy computational processing to collect information about
the facial behaviour (Cohn and Ekman, 2005; Hamm et al., 2011; Pantic and
Rothkrantz, 2000). Other methods have also been used in the measurement of
facial activity but in a more limited way. For example, Doppler ultrasound has
been used to target the lips and the face for detecting and even synthesising
speech (Kalgaonkar et al., 2007; Toth et al., 2010).
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2 Chapter 1. Introduction

1.1 Objective

The objective of this thesis is to introduce a new, capacitive measurement
method for the measurement of facial activity. The method helps to avoid
some of the drawbacks that its alternatives have. The contactless measure-
ment is carried out with head-mounted devices. The thesis includes developing
hardware, signal processing, and data processing methods. The method was
evaluated by carrying out experiments, processing the collected data, and ana-
lysing the results. The experiments included only voluntary facial activity, but
the thesis provides a basis to apply the measurement method also in the meas-
urement of spontaneous one. The following research questions regarding the
measurement method are studied in the thesis.

1. Can the measurement method be applied as a simple detector of facial
movements?

2. Can a prototype system with a gaze tracker and the measurement method
be a viable alternative as a HCI, and even a human–technology interac-
tion (HTI), input device?

3. Is the measurement method feasible in distinguishing between different
types of facial activity?

4. How well can the measurement method estimate the activation intensities
of selected facial muscles?

1.2 Contribution

The following points summarise the main scientific contributions of this thesis.

• The new measurement method to measure human facial activity is real-
ised. Measurement devices as well as signal and data processing methods
to extract information about the facial activity are implemented.

• The properties of the method, including the limitations, are discussed
and compared to the ones of the alternative methods.

1.3 Organisation

The thesis includes a total of 6 peer-reviewed scientific publications, and it is
divided into the following chapters.

Theoretical Background This chapter discusses the relevant background
information. Capacitance, capacitive measurement principles, and the altern-
atives for facial activity measurement are presented. Signal and data processing
methods that have been applied in the thesis are discussed, and the background
on gaze pointing and clicking with facial movements is summarised.
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Capacitive Facial Movement Detection This chapter introduces the ca-
pacitive measurement method as an alternative to facial EMG for detecting
voluntary facial movements for indicating selections in HCI. A prototype was
constructed and signal processing was applied to detect two different facial
movements that were included in controlled experiments. This part of the
thesis studies the first research question.

Human–Computer Interaction with Gaze Pointing and Capacitive
Facial Movement Detection to Indicate Selections This chapter dis-
cusses the development of wireless prototype systems that use head-mounted
gaze tracking for pointing with the gaze and the capacitive detection method
for indicating selections. Prototypes were constructed and point-and-click ex-
periments were carried out to evaluate the prototype systems and the capacitive
method in this use case. This part of the thesis studies the second research
question.

Capacitive Facial Activity Measurement This chapter extends the use
of the capacitive measurement method by applying it to the measurement of the
entire face. A new prototype was constructed. Experiments where voluntary
participants carried out repetitions of facial movements were conducted. This
part of the thesis studies the third and fourth research questions.

Discussion and Conclusions This chapter reviews the results of the thesis
and presents the conclusions.





Chapter 2

Theoretical Background

2.1 Capacitance and Capacitive Measurement

2.1.1 Capacitance

Capacitance is an electrostatic quantity that describes the capability to store
electrical energy (Hayt and Buck, 2012; Reitz et al., 1993). It is associated
either with charges or a stored electric field (Hayt and Buck, 2012; Reitz et al.,
1993). A more precise definition for capacitance has been formulated by Reitz
et al. (1993):

“Two conductors that can store equal and opposite charges (±Q),
with a potential difference between them that is independent of
whether other conductors in the system are charged, form what is
called a capacitor.”

This suggests that one of the conductors is shielded by the other. Also,
because the net charge of the capacitor is zero, the charge Q of one of its con-
ductors is called the charge of the capacitor (Reitz et al., 1993). The conductors
are also often called electrodes.

The simplest form of a capacitor is one with plate conductors that are paral-
lel to each other as presented in Figure 2.1a. The ideal version of such capacitor
is often called the parallel-plate capacitor that is illustrated in Figure 2.1b. The
capacitance C of the parallel-plate capacitor is expressed as

C = ε
A

d
, (2.1)

where ε is the permittivity of the dielectric between the plates, A area of a plate,
and d the distance between the plates. The fringing part of the electric field E
near the plate edges and between the backplanes of the plates has a negligible
contribution to the capacitance when the distance is very small compared to
the area. The Equation 2.1 is valid when this requirement is fulfilled.
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6 Chapter 2. Theoretical Background

The equation for the parallel-plate capacitor can be extended to consider
two dielectric layers between the plates as seen in Figure 2.1c. The equation is
then

C =
A

d1
ε1A

+
d2
ε2

. (2.2)

Capacitors can of course have an arbitrary geometry between the plates.
An additional special case is a planar capacitor where the plates are in the same
plane. A simplified presentation of a planar capacitor with two electrodes is
presented in Figure 2.1d. A repetitive version of a planar capacitor is presented
in Figure 2.1e. The repetitive layout increases the penetration depth of the
electric field from the electrode plane and also the capacitance. The repetitive
pattern can be achieved with either a coaxial layout or with parallel electrode
strips on the same plane. The penetration depth of the electric field of a
repetitive planar capacitor is proportional to the spacing between its electrodes
(Mamishev et al., 2004).

2.1.2 Capacitive Measurement

The capacitance is a property that is related to electrical properties and geo-
metry of materials, and, thus, a capacitance measurement can be used to meas-
ure these. Three different uses of capacitive sensors are to detect material prop-
erties, to sense motion or position, and to detect the proximity of conductive
or dielectric objects (Baxter, 1997).

Capacitive position or distance measurement includes the measurement of
distances between a pair of electrodes or a single electrode and a conducting
target that forms another electrode. The capacitance can be measured directly
from between the electrodes, or one electrode can be a transmitter and the
capacitance can be determined from the current flow to the transmitter when
the other electrode is grounded (Smith, 1996). These two operating modes can
be called as the two-electrode and the single-electrode mode, respectively. A
capacitive distance measurement can also be based on a planar electrode layout
where a conducting object near the electrode plane shunts the electric field
between the electrodes partly to the ground affecting the measured capacitance
(Smith, 1996).

There are a few methods that can be used to measure capacitances. Simplest
of them is a direct DC measurement that measures the capacitance of a charged
capacitor directly by connecting it to the input of an amplifier (Baxter, 1997).
Another alternative is to couple the capacitance as a part of an oscillator circuit
and determining its reactive impedance by measuring the resonance frequency
(Baxter, 1997). Another method is to use a high-frequency signal that is ap-
plied through a known impedance to the measured capacitor, then amplified,
and applied to a synchronous demodulator (Baxter, 1997). Modern integrated
circuits that are targeted for touch sensors rely on sigma-delta modulation
(Σ-∆ modulation) to measure capacitances (O’Dowd et al., 2005). These can
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Figure 2.1: Capacitor principles

provide excellent noise characteristics due to the integration of the measure-
ment circuitry and analogue-to-digital converter (ADC) (O’Dowd et al., 2005).

2.2 Measurement of Facial Activity

2.2.1 Electromyography

Surface EMG is a measurement method that can be used to measure the elec-
trical activity of muscles. As such, it can be applied to the measurement of
facial activity. While EMG allows the detection of facial activity, it can also
provide information about the intensity of the activity. The high temporal
resolution of EMG makes it good for the measurement of spontaneous activity
that often has a rapid onset and a short duration (Cohn and Ekman, 2005). A
clear advantage of using EMG for the measurement of facial activity is that the
processing of the signals to estimate the activation intensities of the muscles
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is simple and computationally efficient (Fridlund and Cacioppo, 1986; Sörnmo
and Laguna, 2005). Another valuable property of EMG is the possibility to
detect facial activity that is not even visible (Cohn and Ekman, 2005).

The most significant disadvantages of EMG are caused by the requirement
to physically attach electrodes to the face. The electrode sites need to be well
prepared to obtain good quality signals. The preparation includes cleaning
and abrasion of the skin, and the application of electrode paste to achieve good
electrical contact (Fridlund and Cacioppo, 1986). The electrodes are considered
mildly intrusive and they may inhibit movements (Cohn and Ekman, 2005;
Ekman et al., 2002a). Additionally, the spontaneous behaviour that is being
measured may be altered when the person becomes self-conscious about the
attached electrodes (Cohn and Ekman, 2005; Fridlund and Cacioppo, 1986).
The facial movements may also cause loosening of the electrodes which affects
the measurement (Cohn and Ekman, 2005; Ekman et al., 2002a). Another
disadvantage of using EMG is that the space requirement of the electrodes and
the electrode leads limits the number of channels that can be measured (Cohn
and Ekman, 2005). Even if EMG is commonly used to measure the activation
intensities of individual muscles, its specificity is still considered to be low
(Cohn and Ekman, 2005; Ekman et al., 2002a). The low specificity is caused
by crosstalk which means that the activity of neighbouring muscles and muscles
whose fibres interweave with those of the target muscle are also registered by
the measurement (Cohn and Ekman, 2005; Ekman et al., 2002a; Fridlund and
Cacioppo, 1986). Some variation in the placement of the electrodes between
experiments is also always present despite the guidelines for the measurement
locations for different muscles (Cohn et al., 2005; Ekman et al., 2002a).

2.2.2 Vision-based Methods and Facial Action Coding
System

Vision-based methods can also be used to measure facial activity. FACS (Ek-
man and Friesen, 1978) is probably the most comprehensive effort to describe
and measure facial activity. It is based on all the movements that the human
anatomy allows and that are visually distinguishable (Cohn and Ekman, 2005;
Ekman and Friesen, 1978; Ekman et al., 2002a,b). Each possible movement of
the face is described as an action unit that results from the contraction of an
individual muscle or several muscles (Ekman and Friesen, 1978; Ekman et al.,
2002b). The intensity of an action unit is defined with a 6-point scale from not
visible to extreme in the latest version of FACS (Ekman et al., 2002b). Origin-
ally the active action units and their intensities were determined with manual
coding by an expert that viewed slow-motion video recordings of the face (Ek-
man and Friesen, 1978; Ekman et al., 2002b). FACS aims to be objective by
describing only the activity and not making assumptions about its meaning
(Cohn and Ekman, 2005; Cohn et al., 2005). However, it has been claimed
to be difficult to standardise the coding across laboratories and the coding
criteria can drift with time (Cohn et al., 2005). The manual coding is also
laborious and training the experts is time-consuming (Cohn and Ekman, 2005;
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Cohn et al., 2005). The advancements in machine vision methods have allowed
the development of automated methods that carry out the coding (Cohn and
Ekman, 2005; Cohn et al., 2005; Hamm et al., 2011; Pantic and Rothkrantz,
2000). The most common use is to recognise the facial activity, but there are
studies where the intensity information has been extracted for sets of action
units such as the ones responsible for smiling (Cohn and Ekman, 2005; Mahoor
et al., 2009; Zaker et al., 2012). In a recent study, the intensity information
was reported for 15 action units but its accuracy was not estimated (Hamm
et al., 2011). Systems similar to FACS exist, such as Maximally discriminative
facial movement coding system (MAX), but they code only emotionally relev-
ant movements which limits their use (Cohn and Ekman, 2005; Cohn et al.,
2005; Fasel and Luettin, 2003; Rosenberg, 2005). Thermal infrared imaging of
the face has also been used to obtain information about affective states (Khan
et al., 2009). It is obvious that there are numerous ways to implement auto-
mated, vision-based measurement of facial activity, but the discussion here is
focused on FACS because it is the most extensive one.

An advantage of automated, vision-based methods in the measurement of
facial activity is that optimally only a single measurement device, i.e. a single
camera, is required to measure the entire face.

The disadvantages of vision-based methods are mainly related to the com-
putational complexity and requirements. The image processing of the captured
video frames generally includes steps for preprocessing, face detection, and fea-
ture extraction to find tracked features, image alignment to compensate for the
head pose and the camera locations, and the recognition of the active action
units (Cohn and Ekman, 2005; Hamm et al., 2011; Pantic and Rothkrantz,
2000). Other disadvantages of vision-based methods are introduced by the
cameras. The imaging is susceptible to changes in the environmental lighting
conditions, and the user needs to stay relatively still to allow the imaging with
remotely placed cameras.

2.2.3 Facial Action Coding System vs. Electromyography

The relationship between the intensity measures provided by FACS and EMG
has also been studied. The intensity scoring of FACS is characterised to be
reliably related to the changes in electrical activity (Ekman et al., 2002a).
The correlation between FACS scoring and EMG intensity measures has been
reported to be high (r = 0.85) when using manual coding (Cohn and Ekman,
2005; Ekman et al., 2002a). Figure 2.2 shows an example of the relationship
between the two for a specific muscle.

2.3 Signal and Data Processing Methods

2.3.1 Constant False Alarm Rate (CFAR) Processor

Constant false alarm rate (CFAR) processor is an algorithm to detect events
from noisy and dynamic signals. It is commonly used in radar technology
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Figure 2.2: The relationship between FACS and EMG intensity measures for FACS
action unit that comprises from the centre part of the frontalis muscle. The illustra-
tion is based on Cohn and Ekman (2005).

(Skolnik, 2001). It has also proven to be beneficial for detecting saccades from
electro-oculography (EOG) signals (Niemenlehto, 2009).

The velocity waveform of a signal can be used to indicate if events that cause
the signal to deviate from its baseline are present. Setting a fixed threshold and
comparing the absolute value of the velocity waveform to it would be sufficient
for situations when noise characteristic of the signal are known and relatively
stable. However, achieving a constant frequency of false alarms would be dif-
ficult when the exact noise characteristics are unknown or experience changes
with time. The CFAR processor is used in such cases to compute an adaptive
threshold that keeps the false alarm frequency constant. (Niemenlehto, 2009;
Skolnik, 2001)

One sample at a time is taken as a test sample for the calculation of the
threshold with the CFAR processor. N samples from both sides of the test
sample are taken as reference samples. However, M samples adjacent to the
test sample are left out as guard samples to reduce information overlap between
the test sample and reference samples. Figure 2.3 presents the different samples
with respect to time. The values of the reference samples are used to calculate
a reference value that can further be multiplied with a sensitivity parameter to
obtain the threshold for the test sample. The reference value can be calculated,
for example, as the mean or an order statistic value, and the value of the
sensitivity parameter can be chosen freely.
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Figure 2.3: Reference value calculation in a constant false alarm rate (CFAR)
processor. T is the test sample, Ri are the reference samples, and Gj the guard
samples.

2.3.2 Principal Component Analysis (PCA)

Principal component analysis (PCA) is a linear method which transforms a data
matrix with multiple variables to a set of uncorrelated components (Jackson,
1991). These principal components are orthogonal, linear combinations of the
original variables. In PCA, the original data matrix X that has m observations
and n variables is decomposed into components that are the sum of the outer
product of vectors ti and pi and residual matrix E:

X = t1p
T
1 + t2p

T
2 + · · · + tkp

T
k + E (2.3)

where k is the number of principal components used. The residual is zero
when all possible components are used. Vectors ti are called scores, and pi

are eigenvectors of the covariance matrix of X and are called loadings. The
principal components are ordered according to the corresponding eigenvalues,
and they are in the order of the largest to smallest amount of variance explained
by that component (Abdi and Williams, 2010; Jackson, 1991).

2.3.3 Hierarchical Clustering

Hierarchical clustering is a method of cluster analysis that builds a hierarchy
of clusters with either a bottom up (agglomerative) or a top down (divisive)
approach. Ward’s linkage is a method to form the clusters from the bottom up
by minimising the increase of total within-cluster variance about the cluster
centre. Ward (1963) originally expressed this with the error sum of squares
(ESS) that for a single cluster in a one-dimensional case can be written as

ESS =

n∑
i=1

x2i −
1

n

(
n∑

i=1

xi

)2

, (2.4)

where n is the number of samples in the cluster and xi the value for the
individual sample. The total ESS is then:

ESStot =

m∑
j=1

ESSj , (2.5)

where m indicates the number of clusters and ESSj is the value for each cluster.
The Ward’s linkage has a tendency to form homogeneous clusters and a sym-
metric hierarchy. It also has a useful definition for the centre of gravity of a
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cluster. However, it is known to not to be good at handling elongated clusters
and outliers. (Rasmussen, 1992; Ward, 1963).

2.4 Gaze Pointing and Indicating Selections in
Human–Computer Interaction

2.4.1 Video-Based Gaze Tracking and Gaze Pointing

The dynamic behaviour of the human eye and gaze can be measured for differ-
ent purposes. The measurement of the point of view can be called gaze tracking
when the point is continuously measured. Video-based tracking methods are
considered the most practical (Duchowski, 2007).

Video-based gaze tracking detects features of the eye to provide informa-
tion about the gaze location (Duchowski, 2007). A common, accurate tracking
method is based on one or multiple external light sources that produce reflec-
tions of light from the cornea (Duchowski, 2007; Li et al., 2006). The reflection
of a light source that reflects from the outer surface of the cornea is called the
first Purkinje image (Duchowski, 2007). Other three Purkinje images reflect
from the other optical interfaces in the eye and are considerably weaker (Duch-
owski, 2007). The external light sources used to produce the reflections are
commonly infrared light sources, often light-emitting diodes (LEDs). Infrared
light does not disturb the user, and the iris also appears lighter than the pupil
in the infrared light range despite the colour of the eye in the visible range.
Thus, the pupil is easily distinguishable from the camera images. The pupil
and the corneal reflection together form two distinct ocular features that can
be used in the gaze tracking to distinguish between the movements of the eye
and movements of the camera relative to the imaged eye (Duchowski, 2007).
The gaze direction can be solved as the vector from the pupil centre to centre
of the corneal reflection (Duchowski, 2007; Li et al., 2006).

Video-based gaze trackers uses either remote or head-mounted cameras.
Head-mounted cameras are fixed on the head, and the tracked eyes stay ap-
proximately at the same location relative to the cameras. Head-mounted gaze
trackers often include an eye camera that tracks an eye and a scene camera
that images the user’s scene. The trackers that are used in research are often
research prototypes (Babcock and Pelz, 2004; Franchak et al., 2010, 2011; Li
et al., 2006; Ryan et al., 2008, 2010; San Agustin et al., 2009a) but commercial
devices are available from manufacturers such as SensoMotoric Instruments
and Tobii (SensoMotoric Instruments, 2014; Tobii, 2014). The research proto-
types are low-cost alternatives to the commercial ones but they also allow the
customisation to the specific needs of the application. The tracking errors for
head-mounted research prototypes have been less than 2◦ (Li, 2006; Li et al.,
2006; Ryan et al., 2008, 2010) while the best gaze tracking accuracies that
have been reported are achieved with commercial devices with multiple remote
cameras that commonly have errors of less than 0.5◦ (Mirametrix, 2014; Senso-
Motoric Instruments, 2014; Tobii, 2014). However, it should be noted that
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there are no standard methods to determine the performance of eye trackers
and the quality of their data, and, thus, the reported accuracies may be defined
in different ways (Holmqvist et al., 2012).

Gaze tracking with head-mounted trackers usually include more steps than
just determining the gaze direction relative to the camera that images the
eye. The tracking typically has to compensate for the camera parameters and
distortions, to extract features from the images for the tracking, and to map co-
ordinates between different image planes and physical coordinates. Calibration
procedures are required to produce information for the mentioned steps. The
camera parameters and distortions need to be calibrated (Bradski and Kaehler,
2008). The mapping algorithms to map coordinates between different image
planes and physical coordinates have parameters that need to be determined
in a calibration procedure that involves the user viewing calibration points at
known locations (Duchowski, 2007; Li, 2006; Stampe, 1993). After the calib-
rations, the gaze direction can be mapped to a location on the scene camera
image, and further to coordinates on a computer screen if the goal is to point
on-screen targets with the gaze (Duchowski, 2007; Li, 2006; Stampe, 1993).

2.4.2 Indicating the Selections

HCI methods that use gaze tracking for pointing require a way to indicate
selections, i.e. implement clicking, to provide a replacement for the computer
mouse. A very common method for clicking is dwell time that means that the
click is made when the user’s gaze has stayed at the same location for a fixed
period of time (Ware and Mikaelian, 1987). A dwell time of 400 ms is commonly
used as a compromise between the selection speed and the number of accidental
clicks. Another clicking method that was originally considered as an alternative
to dwell time, and also purely based on the information obtained with a gaze
tracker, is screen buttons (Ware and Mikaelian, 1987). With screen buttons,
the target is selected when the user has looked at it and subsequently looked
at the screen button. More complex use of eye movements for the selection
task include the use of gaze gestures and antisaccades (Huckauf and Urbina,
2008). Eye lid movements, more precisely blinking and winking eyes, can also
be used for clicking by detecting them with EOG measurements (Gips, 1998)
or by imaging the eyes (Park and Lee, 1996).

All the mentioned methods to indicate selections are related to the beha-
viour of the eyes. It has been shown that adding another modality separate
from the eye behaviour can provide fast and efficient clicking (Huckauf and
Urbina, 2008; Surakka et al., 2004). Brain–computer interfaces (BCIs) (Vidal,
1973) mostly have more complex uses but they could be applied in the selection
task (Wolpaw et al., 2002). Voluntary facial muscle activations and detecting
them by measuring the associated EMG signals have provided a more common
means for clicking (Barreto et al., 2000; Chin et al., 2008, 2009; Navallas et al.,
2011; Partala et al., 2001; San Agustin et al., 2009a,b; Surakka et al., 2004,
2005). Most alternatives and their advantages and disadvantages have been
discussed by Huckauf and Urbina (2008).





Chapter 3

Capacitive Facial Movement
Detection

3.1 Introduction

Publication I describes the first study on the capacitive measurement method
and suggests it as an alternative for EMG measurements in detecting facial
activations for the use of HCI. Earlier use of capacitive measurements in HCI
has mostly been capacitive touch sensing that includes the use of push buttons,
switches, touchpads, and touch screens. Capacitive proximity detection is also
commonly used in smart phones to turn off the screen when the phone is
held against the ear during calls. These capacitive measurements require a
very small distance between the sensor and the target that is being detected.
Another use for capacitive sensing includes gesture recognition that detects the
orientation and placement of hands or other parts of the body (Smith et al.,
1998; Zimmerman et al., 1995). These are measured from a larger distance. The
measurement principle applied in Publication I is the same as capacitive touch
sensors use. It is the type of capacitive distance measurement where an electric
field is introduced between a pair of electrodes and a moving, conducting object
near the electrodes shunts the field partly to the ground. In touch sensors, the
conducting object is a finger but in this case the electrodes are placed so that
it is facial tissue. The goal in Publication I was to determine how well frowning
and raising eyebrows could be detected and distinguished from one another by
applying the developed facial movement detection method.

3.2 Methods

3.2.1 Prototype Device

The prototype that was constructed and used in the study is shown in Fig-
ure 3.1. The electronics are placed on frames taken from safety glasses. The
capacitance measurement is carried out with a programmable microcontroller
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AD7142 for capacitance touch sensors by Analog Devices that is placed on a
printed circuit board (PCB) between the eyes. An electrode PCB for a single
channel measurement is directly behind the one of the AD7142. Additional
sensors and electronics for wired communication with a computer are included
on the frames on top of the right ear.

Figure 3.1: Prototype device for the capacitive detection of frowning and raising
eyebrows.

3.2.2 Capacitive Measurement Method Development

The capacitive measurement in Publication I was carried out with electrodes
that were constructed as a coaxial, planar electrode configuration on the PCB
that faces the nose bridge. The electric field introduced by the electrodes
is then shunted by the facial tissue between the eyebrows. This allows the
measurement of both the targeted facial movements with the same electrodes
and only a single measurement channel. The plastic of the frames that is
between the electrodes and the facial tissue does not disturb the measurement
since its permittivity is close to that of air. The place of the electrode PCB was
chosen to be as stabile as possible while still being able to measure the targeted
movements. The nose supports the frames and right above the support point
was considered optimal.

The AD7142 that was used for the capacitance measurement operates in
the two-electrode mode (Analog Devices, 2007). The measurement is based
on using Σ-∆ modulation for the analogue-to-digital conversion that converts
the capacitance to a digital number. The conversion is done with 16 bits at a
250 kHz sampling frequency. The capacitance measurement range is 4 pF. The
sampling frequency of the measurement was determined by the limitations of
the AD7142 and was approximately 19 Hz because all channels, even uncon-
nected ones, were measured at the lowest possible noise level. The AD7142
also includes an active shield signal that can be used to shield the electrodes
and possible wires to the electrodes from stray capacitances. The shield signal
has the same waveform as the excitation signal of the measurement, and, thus,
the effect of the capacitances from the electrodes and their connections to the
shield is also cancelled out. However, shielding was not used in this case since
the PCB of the electrodes was placed directly next to the PCB of the AD7142.

A circuit diagram that presents the coupling of the capacitances in the
measurement is illustrated in Figure 3.2. The capacitance is measured between
the transmitter and the virtually grounded receiver. The capacitances Cx and
Csi are changing due to the facial movements. The device ground is connected
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to the target via the capacitance Cg that is formed when the head-mounted
prototype device is worn. Changes in this capacitance contribute to offsets in
the measurement output (Smith, 1996).

target (GND)

TX RX

device
GND

Vs Cp

Cx

Cs1 Cs2

Cg

Figure 3.2: A circuit diagram of the coupling of the measurement in the two-
electrode mode. Cx is the capacitance that is formed between a transmitter (TX)
and a receiver (RX) electrode. Csi are shunt capacitances between the electrodes
and the target. Cp is the parasitic capacitance between the transmitter and the
device ground (GND). Cg is the capacitance between the grounded target and the
device ground. The virtual ground connection between the receiver and the device
ground is shown as a short circuit. Vs represents the excitation voltage source of the
measurement.

The measurement signals were observed to suffer from occasional baseline
drift despite following the design guidelines for the electrode layouts of the
AD7142 (Pratt, 2006–2007). The drift may have resulted from the facial tissue
being always in the proximity of the electrodes whereas the AD7142 is meant
for touch sensors where the finger is absent most of the time. Changes in the
capacitance Cg between the device ground and the targeted facial tissue may
also contribute to the drift.

3.2.3 Experiments

Experiments were carried out to collect data from 10 participants. Repetitions
of voluntary frowning and raising eyebrows were performed by the participants
when instructed in the controlled experiments. Participants were also instruc-
ted to avoid other movements than the targeted ones.

3.2.4 Signal Processing

The capacitive signals require relatively robust processing to detect movements
based on them. The baseline levels can vary between and within measurements
depending on how far from the facial tissue the electrodes are. The movement
of the device on the head during use can alter the baselines. The distance of
the electrodes from the face and individual differences in facial anatomy also
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determine the magnitude of the changes that facial movements introduce to the
measured signals. The facial movements were detected by first preprocessing
the capacitive signals and then processing them with a CFAR processor to
compute an adaptive threshold for the detection. Preprocessing included com-
puting the velocity waveform of the signal by feeding it to a differentiator,
a single-pole low-pass filter, and a full-wave rectifier. The parameters of the
CFAR processor were determined by experimenting which ones gave good res-
ults with all the signals. The adaptive threshold of the processor was computed
based on the mean of the reference samples. The distinction between frowning
and raising eyebrows was done by assuming that they introduce signal changes
in the opposite directions, i.e. one moves facial tissue further away from the
electrodes and the other closer to them.

3.3 Results and Discussion

An example of a signal registered during an experiment with indicated and
detected facial movements is shown in Figure 3.3.
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Figure 3.3: A signal from the experiments. The points in time when the facial
movements were instructed and when they were detected are shown.

The results of the study were that (87.7 ± 17.7)% of the frowns and
(97.0 ± 5.0)% of the eyebrow raises were detected. However, some of the
frowns were incorrectly detected as eyebrow raises. Only (66.1 ± 41.9)% of
the frowns were correctly detected whereas a correct detection of (91.7 ± 11.0)%
of the eyebrow raises was achieved. The values are means and standard devi-
ations taken over all the repetitions of the experimental procedure. A single
participant performed the procedure multiple times.
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Distinguishing between the movements was observed to be problematic even
if their detection performed well. The assumption that the two movements
would cause signals to change in the opposite directions wasn’t valid because
individual facial behaviour during the facial actions varies and the locations
of the measurement electrodes with respect to the targeted facial tissue also
varies between individuals. The signals might also reflect the movement of the
measurement device on the head rather than actual facial movement. Another
limitation of the method was the delay of the signal processing that was used
for the detection.

An additional factor that may have affected the results of the detection
method is the performance of the participants in carrying out the instructed
movements. The participants were assumed to have carried out the move-
ments correctly. Incorrectly performed or missed movements are then seen as
a degraded performance in the results.





Chapter 4

Human–Computer Interaction
with Gaze Pointing and
Capacitive Facial Movement
Detection to Indicate Selections

4.1 Introduction

Publications II and III describe studies that include the construction of head-
mounted prototype devices that integrate the capacitive method as a part
of head-mounted gaze trackers. The prototypes can be used to implement
pointing and clicking targets on a computer screen by using the gaze and facial
movements. An additional measurement for clicking has been integrated in
a head-mounted gaze tracker also by San Agustin et al. (2009a) who used a
commercial EMG measurement equipment to indicate the clicks. However, the
EMG measurement has more often been combined with remote gaze trackers
when used in HCI (Chin et al., 2008, 2009; Navallas et al., 2011; Partala et al.,
2001; San Agustin et al., 2009a,b; Surakka et al., 2004, 2005).

The goal of Publications II and III was to introduce the first head-mounted
HCI prototype systems that apply gaze tracking and the capacitive measure-
ment method and to evaluate their performance in point-and-click tasks. Ad-
ditional goal was to make the prototypes wireless for possible use in more
mobile applications, and to measure multiple capacitance channels to target
more facial movements.

21
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4.2 Methods

4.2.1 Prototype Device

4.2.1.1 First Version

The prototype device that was constructed and used in Publication II is shown
in Figure 4.1. It includes a replication of the capacitive measurement proto-
type that was used in Publication I. The only change to the hardware of the
capacitive measurement is the inclusion of wireless connectivity with a com-
puter via a ZigBee-ready transceiver. The safety glass frames of the prototype
also include the gaze tracking hardware. The gaze tracking uses inexpensive,
commercial cameras for tracking the eye and the user’s scene. The eye camera
was modified to image in the infrared (IR) wavelengths, and an IR LED was
added to provide constant illumination to the eye and to introduce a corneal
reflection for the gaze tracking. Wireless transmission for the videos of the
cameras to a computer is achieved with analogue video transmitters. They are
stored with the ZigBee transceiver, a power source, and batteries in a small
shoulder bag to keep the head-mounted parts light-weight.

(a) The entire prototype. (b) Head-mounted parts.

Figure 4.1: Gaze tracker with capacitive facial measurements, first wireless version.

4.2.1.2 Revised Version

A revised prototype was constructed and used in Publication III. It is shown in
Figure 4.2. The capacitance measurement is carried out with an AD7147 that
is an updated version of the AD7142 (Analog Devices, 2011). The number of
measurement channels for the capacitive measurement were increased to five:
one in front of each cheek, one in front of each eyebrow, and one facing the
forehead behind the scene camera. The radio technology for the capacitive
measurement was replaced with serial communication via a Bluetooth link,
and a small Class 2 Bluetooth radio was placed on the frames.
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(a) Head-mounted unit. (b) Wireless unit.

Figure 4.2: Gaze tracker with capacitive facial measurements, revised wireless ver-
sion.

4.2.2 Capacitance Measurement Method Development

The first version prototype had the software of its AD7142 updated to only
measure the one channel that had an electrode connected to it. This in-
creased the sampling frequency of the capacitance measurement to approx-
imately 90 Hz.

The replacement of the AD7142 with an AD7147 in the revised version
prototype made it possible to further develop the capacitive facial activity
measurement method. The AD7147 operates in the single-electrode mode and
has a capacitance measurement range of 16 pF. The single-electrode mode
simplifies multi-channel measurements because wiring is easier when a single
channel requires only a single electrode. Fewer electrodes and wires also help
to avoid stray capacitances. The five measurement channels that were included
make it possible to carry out the clicking by frowning, raising eyebrows, and
smiling movements. The electrodes were made elliptical and the radii of the
axes were chosen to be 10 mm and 20 mm to fit the frames that the prototype
was constructed on. The resulting electrode area was 1.57 cm2. The electrode
on the forehead was made larger with radii of 16 mm and 40 mm, and an area
of 5.03 cm2. The initial distances of the electrodes from the facial tissue is
approximately 1 cm for most users. The electrodes were also shielded from
direct galvanic contact by using heat shrink as an insulator. Based on Equa-
tion 2.2, the effect of the heat shrink to the capacitances can be considered
negligible since its thickness was approximately 0.5 mm and as a plastic mater-
ial its permittivity is close to that of air. Additional protection from external
error sources were achieved by connecting the electrodes with coaxial cables
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and connecting the sheaths of the cables and the backplanes of the electrodes
to the active shield signal that the AD7147 produces. The sampling frequency
of the capacitance measurement was configured to 60 Hz that is close to the
maximum possible with the connected channels and the configured low-noise
operation.

A circuit diagram that presents the coupling of the capacitances is shown
in Figure 4.3. The capacitance Cx is again changing due to the moving target.
The measured capacitance is formed between the transmitter and the device
ground:

C =
CxCg

Cx + Cg
+ Cp. (4.1)

The sensitivity of this capacitance to the changes in the capacitance Cx is
maximised when Cg � Cx. The Equation 4.1 then reduces to

C = Cx + Cp. (4.2)

target (GND)

TX

device
GND

Vs

Cx

CgCp

Figure 4.3: A circuit diagram of the coupling of the measurement in the single
electrode mode. Cx is the capacitance that is formed between a transmitter (TX)
and a grounded target. Cp is the parasitic capacitance between the measurement
electrode and the device ground. Cg is the capacitance between the grounded target
and the device ground. Vs is the excitation voltage source.

4.2.3 Experiments

4.2.3.1 First Experiments

The experiments in Publication II were carried out by 10 participants. The ex-
periments included on-screen point-and-click tasks that are similar to ones de-
scribed in the ISO 9241-9 standard and to ones often used in research (Douglas
and Mithal, 1994; European Committee for Standardization, 2000; Surakka
et al., 2004). An example of a point-and-click task is seen in Figure 4.4. Tar-
gets whose sizes and locations were varied were shown to a user a pair at a
time, and the user first selected one and then the other. The experiments were
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performed by the participants both in laboratory and office conditions. The
two conditions had different levels of external interference and noise sources
to evaluate the effect these have on the operation of the prototype system.
The participants were allowed to use either frowning or raising eyebrows for
clicking.

Figure 4.4: An example illustration of the point-and-click task and the two types
of targets.

4.2.3.2 Second Experiments

Experiments that included 5 participants were carried out for Publication III.
The participants used the smiling movement, i.e. raising the mouth corners,
to click the targets in the point-and-click experiments. This was done to study
if using facial movements for clicking when pointing with head-mounted gaze
tracking has an effect on the accuracy of the tracking. An effect may occur due
to the combination of the eye movement behaviour during the clicking and the
operation of the prototype system.

4.2.4 Signal Processing

An improved version of the CFAR processor was used in the detection of
the movements from the measured signals. The delay introduced by the pro-
cessor was minimised by using only past samples when calculating the adaptive
threshold while the earlier implementation used samples from both sides of the
current sample.

4.2.5 Gaze Tracking Algorithms

The gaze tracking for the pointing was done by determining the eye orientation
based on detected locations of the pupil and the corneal reflection of the IR
LED from the eye camera image, and detecting the computer screen from the
scene camera image. After calibration, the on-screen gaze location could be
solved with the steps described in the Section 2.4.1 and Publications II and III.
The on-screen gaze location was further smoothed with a simple, unweighted
moving average filter. The full prototype systems used in Publications II and
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III then consisted of the prototype device, the signal processing algorithms,
and the software that translated the processed data to on-screen coordinates
and the mouse clicks.

4.3 Results and Discussion

4.3.1 First Experiments

The results of Publication II show good accuracies for pointing and clicking with
the prototype system. The accuracy was indicated with an error angle from the
centre of the target to the location where the gaze was solved to be at the time
of the selection. The error angles were (0.665 ± 0.348)◦ and (0.789 ± 0.484)◦

in the laboratory and office conditions, respectively. The performance of the
prototype system was evaluated also in terms of the operation of the wireless
transmission of capacitive signals and untracked sequences of video frames. The
capacitive signals were always transmitted perfectly. The video transmission
introduced some distortions to the video frames and sometimes the eye and
the corneal reflection could not be found and tracked based on the eye camera
image for other reasons. Finding these features was successful in (98.1±2.22)%
and (92.2 ± 13.0)% of frames in the laboratory and the office, respectively.
The average lengths of the untracked sequences were (60.4 ± 22.8) ms and
(71.8 ± 34.6) ms in the laboratory and the office, respectively. The results are
given as means and standard deviations.

Previous research on head-mounted gaze trackers have also included reports
of the accuracies of the trackers. However, the accuracy computed in Publica-
tion II represents the accuracy of the selections rather than just the accuracy
of the gaze tracking. This combined accuracy includes the cumulative errors
introduced in the computations when solving the on-screen gaze location based
on the tracked gaze and the head, and possible errors that using facial move-
ments for the selections may cause in the tracking. Nevertheless, the average
accuracy of a tracker constructed by Ryan et al. (2008, 2010) is reported to be
better than 2◦. Franchak et al. (2010, 2011) have made a tracker for infants,
and the accuracy is reported to be in the range of 2◦−3◦. The tracker by Li has
a reported accuracy that varies between (0.596 ± 0.288)◦ and (1.05 ± 0.459)◦

(Li, 2006; Li et al., 2006). The accuracies that were achieved in Publication
II are comparable with the latter. Additionally, the untracked sequences that
were sometimes encountered in the tracking were considered acceptable.

4.3.2 Second Experiments

The results of Publication III stated that using the facial movement for the
clicking did not appear to have an effect on the accuracy of the gaze tracking
with any of the participants. The result was obtained by statistically comparing
the sample-to-sample distances of consecutive gaze coordinates during all the
gaze fixations of a participant and the fixations just before each selection. The
latter intervals were chosen to represent the time frames during which the facial
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movements may have had an effect. Gaze fixations were extracted from the
data by setting an outlier criterion for removing the other common type of eye
movements, saccadic ones, from the data. It should also be noted that sample-
to-sample distances are actually a metric for indicating precision whereas in this
case the samples are computed from multiple gaze coordinates and represent
the accuracy. The sample-to-sample distances include information about the
dynamic behaviour of the accuracy.

The results have some limitations. They can be considered to apply to
head-mounted prototype systems similar to the used one. The accuracy of the
gaze tracking may also be a limiting factor when studying the effect of facial
movements on the accuracy. Also, the comparison of the gaze data under
the two circumstances was purely statistical. The sample-to-sample distances
during a single facial movement may deviate from the statistical results.

The Bluetooth link for the capacitive signals worked perfectly without a
loss of samples during the experiments.
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Capacitive Facial Activity
Measurement

5.1 Introduction

Publications IV, V, and VI describe extending the use of the capacitive meas-
urement method to measure facial activity from the entire face. The goal was to
introduce an alternative to vision-based methods and EMG for detecting facial
movements, facial expressions, and even the intensity of specific facial muscle
activations. More specific goals were to introduce a new prototype device, to
improve the capacitive measurement method, to develop the offline and real-
time processing of the capacitive signals, to classify facial movements based on
multichannel capacitance data, and to evaluate how contraction intensities of
certain facial muscles could be measured. The included muscles were frontalis
that raises the eyebrows, corrugator supercilii that draws the eyebrow down-
ward, zygomaticus major that raises the corner of the mouth, and triangularis
(a.k.a. depressor anguli oris) that depresses the corner of the mouth.

5.2 Methods

5.2.1 Prototype Device

The prototype that was constructed and used in Publications IV – VI is seen in
Figure 5.1. The device was constructed as a headset that should fit most adults.
The electronics are hidden in the earmuffs, and the extensions in front of the
face support the measurement electrodes for the capacitance measurements.
The extensions are made from pieces that are connected with ball-and-socket
joints that are adjustable with 3 degrees of freedom. The device has a Bluetooth
radio for connectivity and a battery for wireless operation. The device has
additional measurements such as biopotential and inertial ones. EMG can be
measured with two channels that use three-amplifier instrumentation amplifiers
with antialiasing filters that have cut-off frequencies of 150 Hz.

29
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(a) The earmuffs house the electron-
ics, and the electrodes are on the ex-
tensions.

Top

Middle

Bottom

43
2

1

321

4
3

2
1
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trode locations on the extensions. The
colour coding of the channels (red,
green, blue, and grey) is for later il-
lustrations.

Figure 5.1: The prototype device for measuring facial activity from the entire face.

5.2.2 Capacitance Measurement Method Development

The capacitance measurement in the prototype is carried out with two AD7147s,
one in each earmuff. The device has 22 electrodes in total, 11 for each side of
the face. The electrodes are rectangular PCB pieces with dimensions of 12
x 20 mm, and an area of 2.4 cm2. The electrodes and their connections were
again shielded with the active shield signal of the AD7147, and heat shrink was
used to shield the electrodes from galvanic contact. The sampling frequency of
the AD7147s was again chosen to be the maximum possible, and it was 29 Hz.
Preliminary measurements were used to verify that the sampling frequency was
sufficient for facial movements. The verification was done by comparing signals
that were measured from facial movements at 80 Hz with the same signals after
decimating them to 10 Hz by taking every eighth sample. Differences in the
two waveforms were observed to be minimal.

In Publications IV – VI, the capacitance signals are converted to distance
signals to make relative changes in them independent of the initial distance
between the measurement electrodes and the facial tissue. The conversion
is carried out by using the Equation 2.1 for a parallel-plate capacitor. The
actual measurement setup differs from the parallel-plate case in three ways.
Firstly, one of the plates, i.e. the facial tissue, is larger than the other in this
case. This has the effect that the electric field from the electrode couples not
only to the facial tissue right in front of it but also to the surrounding tissue.
Second difference is that the distance between the electrode and the face is not
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negligible compared to the plate area. This means that the fringing field from
the edges of the electrode to the face also contribute to the capacitance. The
third difference is that the face in not always a plate but curved in different
ways and deforming due to facial movements. However, the possible shapes
of the facial tissue can always be represented by an equivalent parallel-plate
geometry.

The capacitive measurement principle causes the sensitivity of the capa-
citance measurement to the distance to decrease when the distance between
the electrode and the facial tissue increases. The computational, theoretical
sensitivity of the measurement with the prototype used in Publications IV – VI
as a function of distance is shown in Figure 5.2. The sensitivity is calculated
based on the parallel-plate equation and the resolution of the AD7147. The
graph shows that, for example, a 1 mm change in the distance at a distance of
1 cm causes the capacitance to change 80 least significant bits (LSBs) of the
AD7147, and the same change at a distance of 2 cm causes the capacitance
to change 20 LSBs. In practise, lower sensitivity means that the noise level
of the signal is larger after it has been converted to a distance signal. Higher
sensitivity is desirable, but the sensitivity can be increased only by adjusting
the distance of the electrode from the face or making the electrodes larger. The
chosen electrode area was a compromise between the sensitivity and specificity
because larger electrode would be less specific and produce the signal from a
larger facial area.
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Figure 5.2: The sensitivity of the capacitance measurement to the distance as a
function of distance with the electrode size used in Publications IV – VI. LSB refers
to the units of the analogue-to-digital conversion carried out by the AD7147.

5.2.3 Experiments

5.2.3.1 First Experiments

The experiments for Publications IV and V included 10 participants that per-
formed repetitions of the following voluntary facial movements: lowering the
eyebrows, raising the eyebrows, closing the eyes, opening the mouth, raising
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the mouth corners, and lowering the mouth corners. The prototype was worn
by the participants as shown in Figure 5.1. The initial distances of the elec-
trodes from the face were adjusted to be as close as possible without touching
the face during facial movements. This helps to register strong signals and also
to make the measurement geometry correspond with the parallel-plate one as
well as possible. The resulting distances were approximately 1 cm.

5.2.3.2 Second Experiments

The experiments for Publication VI were carried out by 14 participants. The
experiments included 10 trials of activations of the upper face muscles frontalis
and corrugator supercilii , and 10 trials of the lower face muscles zygomaticus
major and triangularis. Each muscle was activated multiple times at three
different intensity levels. The activations were measured with the prototype
simultaneously with EMG and the capacitive measurement method. Figure 5.3
shows the prototype on the participants during the two types of trials. It was
adjusted the same way as in the first experiments.

(a) Upper face muscles: frontalis
and corrugator supercilii .

(b) Lower face muscles: zygo-
maticus major and triangularis.

Figure 5.3: Intensity measurement of the facial muscles with the capacitive method
and EMG.

5.2.4 Signal and Data Processing

5.2.4.1 Capacitive Signal Processing Methods

Conversion of capacitance signals to distance signals The first signal
processing step for the capacitance signals in Publications IV – VI was the
conversion to distance signals or, more precisely, to signals that are proportional
to the distance between the measurement electrode and the face. The quantity
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d∝ that is proportional to distance is:

d∝ =
1

Ci − Cb
, (5.1)

where Ci is the value of the capacitance sample and Cb is an individual capa-
citance offset of the measurement channel.

Baseline removal for the capacitive distance signals A method to re-
move the baselines from the distance signals was developed for Publications
V and VI. The baseline removal is based on what can be called selective me-
dian filtering. A median filter can follow the baseline of the capacitive signals
well including possible stepwise changes and drift. It is unaffected by short
peaks that facial activity often produces. However, the signals should contain
more baseline data points than those that result from the facial activity for the
median to correspond with the baseline. A selection logic based on a CFAR
processor was implemented to include only a part of the data points in the
calculation of the median to make the median filter more accurate and to allow
using shorter windows lengths for it. The same preprocessing steps as earlier
were applied before using the CFAR processor. The adaptive threshold was
computed as the mean of the reference samples. When the threshold was not
exceeded by the preprocessed signal samples, the corresponding sample of the
distance signal was included in the calculation of the median. The transitions
in the computed baseline level were smoothed by processing the baseline with a
simple, unweighted moving average filter. The smoothing was done to account
for situations where transitions in the computed baseline are shifted compared
to the true baseline. The smoothed baseline was then subtracted from the
distance signal. Offline and real-time versions of the baseline removal were im-
plemented. Offline version used samples from both sides of each sample in the
baseline calculation whereas the real-time one used only the samples that pre-
ceded the current sample to avoid delays that waiting for later samples would
cause. The reference samples for the CFAR processor, the samples for the cal-
culation of the selective median, and the samples for smoothing the baseline
were taken either from both sides of each test sample or just from one side.
Thus, the real-time baseline removal accounts for the changes in the baseline
with a delay that is dependent on the window length of the computed median.
This may result in temporary errors to the capacitive distance signal levels but
was considered acceptable to achieve as real-time operation as possible.

5.2.4.2 Locating Facial Activity

The facial movements of the first experiments were located by using PCA to
determine which measurement channels have the most significant contribution
to the data variations. The capacitive distance signals were first smoothed to
remove noise. The signal sequences during each repetition of the movements
were normalised by subtracting their means from them. PCA was computed
to the resulting signal sequences. The loading values of the first principal
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component were taken as indicators of the most significant facial activity. The
vertical location of each repetition of the facial movements were mapped to
the part of the face whose measurement channels introduced 2 out of 3 largest
loading values. The horizontal locations of the repetitions were not determined
because they vary between individuals and finding out the correct location for
reference is not a trivial task.

5.2.4.3 Evaluating the Performance of the Capacitive Intensity
Measurement Relative to the EMG One

Publication VI compared the measurement of the intensity of facial muscle
activations with the capacitive method to that of the EMG one. The signals
from both measurements first needed to be converted to ones that represent
the intensity.

Computing EMG intensity signals EMG signals were converted to cor-
responding intensity signals by removing the baselines, applying full-wave rec-
tification, smoothing with a root mean square (RMS) filter, and making addi-
tional baseline correction to the resulting intensity signals. Baseline removal
was required because the EMG was measured with a DC amplifier. The RMS
filter after full-wave rectification is a good option for the intensity estimation
with EMG (Sörnmo and Laguna, 2005). Additional baseline correction was
implemented to account for a few cases where there were changes in the noise
level of an EMG signal during a measurement.

Computing capacitive intensity signals The baseline removal when com-
puting the capacitive intensity signals was the offline version. After the re-
moval, the intensity signals were computed by smoothing the capacitive dis-
tance signals with a simple, unweighted moving average filter that had the
same length as the smoothing filter used for the EMG signals.

Activation intensity calculation and comparison The noise levels of
the EMG and capacitive intensity signals were different, and even after similar
processing they did not have the same level of smoothness. The waveforms of
the two signal types during facial muscle activations are also a bit different.
Thus, the signal levels were not compared directly to compare the capacitive
intensity values to the EMG ones but each activation intensity was chosen to
be represented by the mean of the signal during the time period that the parti-
cipant held the activation at the target level. These intensity values were then
compared by computing least-squares linear regression for them. To present the
results, the EMG intensities were normalised to the range [0, 1] and the regres-
sion equations were used to normalise the corresponding capacitive intensities
to the range [C0, C0 + 1], or, in the case of a negative correlation coefficient, to
the range [C0, C0 − 1]. The capacitive intensity offset C0 was preserved in the
normalisation. A single capacitive channel per muscle was chosen to repres-
ent the activation intensity in the comparison. The channel was chosen to be
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the one whose intensity values had the best average correlation with the EMG
ones.

Outlier criteria Some participants were excluded as outliers when calculat-
ing the results for single muscles. The exclusion was done when the participant
could not carry out the activation tasks correctly. Another outlier criterion was
poor fit of the device on the participant.

5.2.4.4 Classifying Facial Activity

A single capacitive distance signal responds differently to the facial activity
of different people due to individual differences in the facial movements and
anatomy. The fit of the device and the way the device is adjusted also cause
differences. Hierarchical clustering with the Ward’s linkage was used to distin-
guish between different facial movements in Publication V and the activations
of different muscles in Publication VI. A fixed number of clusters were chosen
to cluster data points in both cases based on how many movements and in-
tensities were included in the experiments. The clustering was done on a per
participant basis. It was based on an assumption that each movement spans
a certain region in the multidimensional space that the measurement channels
form. The classification of facial activity was then based on identifying what
activity each cluster represents.

Facial movements The clusters in Publication V were computed from the
capacitive distance signals after the baseline removal. The baseline removal in
this case was the real-time version. The formed clusters were then identified
with the movements that were included in the experiments. First, clusters that
corresponded with the baseline were identified. Then, each remaining cluster
was identified with the movement that had the most data points within that
cluster. The identification process was completely automated. Further, a real-
time version of the classification was also implemented. It included only a
single repetition of each movement as a training data to identify the clusters.
The classification was then based on computing the cluster centre points, and
classifying each new data point based on which cluster centre it was closest to.

Facial muscle activations The clustering in Publication VI was done to
the capacitive activation intensity values that were computed for each muscle
activation. Only the channels relevant to the muscle activations in question
were included in the clustering. Only the intensities from the top extension
channels were included when doing the clustering for trials with the upper face
muscle activations (frontalis and corrugator supercilii), and only the ones from
the middle and bottom extension channels were included when doing them
for the trials with the lower face muscle activations (zygomaticus major and
triangularis). The clusters were then identified to represent the activations of
the muscle that had the most intensity data points within the cluster.
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5.3 Results and Discussion

5.3.1 Locating Facial Activity

The results of locating the vertical location of the facial movements in the ex-
periments of Publications IV and V performed well most of the time. Opening
mouth and raising mouth corners were located at a 100% success rate. Lower-
ing eyebrows and raising eyebrows were located successfully in (99±3)% of the
cases. Lowering mouth corners achieved a rate of (96 ± 13)%, and the one for
closing eyes was more limited with a percentage of (73± 26)%. The values are
the means and standard deviations over the participants.

PCA was chosen for locating the facial movements because it could also be
used for dimension reduction of the 22 channel capacitive measurement data.
However, the reduction seemed unnecessary as methods to extract information
straight from the multichannel data were implemented.

5.3.2 Evaluating the Performance of the Capacitive
Intensity Measurement Relative to the EMG One

The performance of the capacitive intensity measurement compared to the
EMG measurement in Publication VI was mostly good. A summary of the
results is presented in Table 5.1. Figure 5.4 shows an example of the capacitive
and EMG intensity signals and an example of the linear regression computed
for the two types of intensity values.

Table 5.1: The performance of the capacitive intensity measurement compared to
the EMG one. The comparison is presented with regression coefficient r, capacitive
intensity offset that has been normalised with the sign of the regression coefficient
C0 · sgn(r), mean absolute error (MAE), and 95th percentile of the absolute error P95.
The normalised offset is independent of the sign of the correlation coefficient, and lar-
ger value means that low-intensity muscle activations are more easily visible. All the
figures are the means and standard deviations. The ones for the regression coefficient
are calculated from the absolute values. Outliers are left out when computing the
performance figures.

Muscle r C0 · sgn(r) MAE P95

frontalis 0.94 ± 0.04 -0.12 ± 0.22 0.07 ± 0.01 0.17 ± 0.04
corrugator. . . 0.92 ± 0.06 -0.12 ± 0.17 0.07 ± 0.02 0.19 ± 0.10
zygomaticus. . . 0.92 ± 0.04 0.16 ± 0.32 0.09 ± 0.03 0.20 ± 0.07
triangularis 0.82 ± 0.10 0.22 ± 0.40 0.12 ± 0.05 0.29 ± 0.13

There were no outlier participants in the frontalis activations, but there
were two in corrugator supercilii , three in zygomaticus major , and four in
triangularis activations. Most of these were due to the participants performing
the movements incorrectly, but in two cases the fit of the device was the reason.

The intensity estimation of facial muscle activations has some issues. The
errors relative to the EMG intensity values are often acceptable but for the
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Figure 5.4: The comparison of the capacitive intensity to the EMG one.

triangularis the errors are significantly larger than for the other muscles. This
is explained by the small changes it causes to the distances between the elec-
trodes and the facial tissue. Another problem of the capacitive method are
the observed offsets. The offsets may result from the crosstalk that the EMG
that was used as a reference has, but without verification of the issue the off-
sets would need to be determined in advance. The capacitive method also
requires calibration of the maximum voluntary contraction similarly as EMG
measurement does when used to determine muscle activation intensities.

5.3.3 Classifying Facial Activity

The results of the classification of facial movements in Publication V are shown
in Table 5.2. The performance was virtually the same both with the offline ver-
sion and with the real-time one. Examples of the capacitive distance signals
after the baseline removal and with classified data points are shown in Fig-
ure 5.5.

Table 5.2: The percentages of correctly classified data points in the classification.
Closing eyes is omitted because data points during it were almost always classified as
the baseline. The figures are means and standard deviations over the participants.

Lowering
eyebrows

Raising
eyebrows

Opening
mouth

Raising
mouth
corners

Lowering
mouth
corners

Offline 94 ± 9 98 ± 8 91 ± 11 91 ± 20 98 ± 3
Real-time 96 ± 4 98 ± 5 90 ± 13 94 ± 8 99 ± 4
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Figure 5.5: Examples of classified data points from single movements. Different
sides of the face are represented on the left and on the right. Top, middle, and
bottom graphs represent the measurements from the corresponding extensions of the
prototype. Data points classified as the baseline are shown in black. Other colours
represent the different channels as shown in Figure 5.1b: red, green, blue, and grey
starting from the centre of the face.

The results of the classification of the capacitive intensity values of facial
muscle activations in Publication VI were that (97.7 ± 5.5)% of the frontalis
activations, (99.3± 2.2)% of the corrugator supercilii activations, and all zygo-
maticus major and triangularis activations that were not considered outliers
were correctly classified. Distinguishing the lowest intensity activations from
the baseline was not done because the experiments did not include sequences
during which the participants would have been instructed to stay still. How-
ever, the classification can be expected to perform well in the task since even
the lowest intensities produced visible changes to the capacitive signals.

The experiments in Publications V and VI only included simple, voluntary
facial movements but the results of the classification can be expected to ap-
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ply to more complex facial expressions and even spontaneous activity. Facial
expressions are merely combinations of the movements, and each combination
should also have their own unique span in the multidimensional space of the
measured data. Spontaneous activity should pose a challenge only when it has
very limited movement ranges.

The promising results of the classification also indicate that the validity
of the equation for the parallel-plate capacitor in describing the measurement
geometry of each measurement channel is not an issue in this case. In practise,
multiple different facial geometries and distances from a measurement electrode
may produce the same capacitance values. Multichannel measurements clearly
help to overcome the effect of this on the classification if there is any.





Chapter 6

Discussion and Conclusions

A new, capacitive method to measure facial activity was introduced. The
first research question was to evaluate the method as a simple detector of
facial movements. A simple prototype with one measurement channel to meas-
ure frowning and raising eyebrows was constructed. The results showed that
the detection had a high performance. There were problems in distinguishing
between the detected movements in Publication I but later work in Publica-
tions V and VI introduced a classification method that solves the issue when
there are additional measurement channels that help in the distinction.

The second research question was to study the usability of prototype sys-
tems that integrate gaze tracking for pointing and the capacitive method for
indicating selections in HCI. Two generations of prototype devices were con-
structed. Publication II included the evaluation of the performance of the pro-
totype systems in terms of the accuracy of making the selections. The accuracy
was observed to be comparable to the gaze tracking accuracies of head-mounted
gaze trackers that do not include some of the processing steps that are required
to map the gaze direction to on-screen coordinates. Publication III described
a short study about the effect that using voluntary smiling movement for the
selection task can have on the accuracy of the head-mounted gaze tracking.
Accuracy was not seen to be compromised. The goal was to further justify the
use of the capacitive measurement method and facial movements as a selection
command source in point-and-click interfaces. The constructed interaction pro-
totypes have also been used in later HCI studies (Tuisku et al., 2012, 2013, in
press), and the point-and-click operation allows other HTI uses as well.

The final two research questions of the thesis were studied in Publications IV
– VI. A new prototype device for the measurement of the entire face was con-
structed, and the use of the measurement method was extended beyond using
the method only as a simple detector. The processing that is required to ex-
tract more complex information about the facial activity from the measured
multichannel data was described. The feasibility of the capacitive measure-
ment method in distinguishing between different types of facial activity and in
estimating the activation intensities of selected facial muscles was evaluated.

41
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First, the vertical locations of a set of facial movements were correctly mapped
to the correct areas of the face. The classification that was used to distinguish
between the movements performed well, and an equally good performance was
achieved for its real-time implementation. The same classification worked also
with facial muscle activation intensities and can be expected to work with more
complex facial expressions and spontaneous facial activity. Finally, the intens-
ity measurement with the capacitive method had only small errors compared to
an EMG reference in most cases. However, the intensity measurement suffered
from offsets compared to the EMG one.

The experiments of the thesis were performed in laboratory and office con-
ditions that differ from the ones in more practical use cases of the presented
measurement method. Movements of the measurement device on the head were
fairly limited because the participants sat next to a computer. Additionally,
outside a controlled test environment, elevated humidity and changes in envir-
onmental temperature may cause moisture build-up and condensation of water
on top of the electrodes. Sweating may cause moisture build-up on the facial
skin and the skin conductivity may change. The rain obviously introduces
moisture to both: the electrodes and the facial skin. All the described issues
can cause drift and stepwise changes to the measured capacitive signals. The
baseline removal presented in Publications V and VI is targeted to compensate
for such signal changes. However, the measurement can become temporarily
unreliable especially when the stepwise changes occur repeatedly.

The thesis revealed challenges in collecting good quality experimental data.
The quality was dependent on the performance of human participants because
a standard reference method to measure facial activity is not available. In this
thesis, the reference was sometimes obtained by assuming that the participants
carried out the instructed facial activation tasks correctly. In other cases, visual
inspection of video recordings of the participants during the experiments were
used to find out how they performed. Another challenge to collect statistically
significant amount of data was to do it without exhausting the participants.
The amount of repetitions of the tasks that participants performed was often
limited because of this. The fit of the prototype devices was also seen to pose
some challenges. The one constructed for Publications IV – VI was made as
adjustable as possible to allow free positioning of the electrodes for the meas-
urement channels. However, despite the efforts the device did not fit everyone
the same way, and the desired positioning could not always be achieved.

The observations made in the thesis allow a comparison between capacitive
facial activity measurement and its alternatives: EMG and vision-based ones.
Compared to EMG, the number of channels that can be measured simultan-
eously is larger as there are no physically attached electrodes and wires that
would limit the number of channels. However, EMG has the benefit of be-
ing able to detect activity before its even visible. The contactless, capacitive
method is more comfortable than EMG, and it does not inhibit the targeted
movements. The lack of physical contact to the face may also introduce less
self-conscious behaviour that could pose a problem when the goal is to measure
spontaneous activity without affecting it (Fridlund and Cacioppo, 1986). Com-
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pared to automatic vision-based methods, the computational requirements of
the capacitive method are less intensive, the measurement is not susceptible to
changes in environmental lighting conditions, and it is usable in mobile applic-
ations. Furthermore, the correlations between the intensities measured with
the capacitive method and with EMG measurements were mostly strong. The
signals of these two methods also have a very similar temporal content. Thus,
the capacitive method could be used to determine the onset and duration of
spontaneous facial activity. On the other hand, also the drawbacks of the ca-
pacitive method and EMG are similar. Both suffer from crosstalk. In EMG,
it is caused by the electrical activity of surrounding muscles and also by the
electrode placement. In the capacitive method, the crosstalk is caused by the
facial movements that interfering muscles cause when activated, and also by
the possible small movements of the measurement device on the head. Due
to the low specificity, both measurements require more than a single measure-
ment channel to be able to determine with certainty if a muscle is activated or
not. This property is common also to the vision-based, automated FACS. It
requires a classifier to solve the active action units (Bartlett et al., 2006; Fasel
and Luettin, 2003; Hamm et al., 2011; Pantic and Rothkrantz, 2000). In prac-
tise, calibration is required by all the facial activity measurement methods to
determine which activity is taking place and to measure the intensity of facial
activations. Only simple detection and solving the approximate locations of
the activity is possible without calibration or training classifiers. Sometimes
calibrating on a per participant basis may be sufficient while at others it may
be required prior to each use. Facial behaviour can also vary with time which
poses more challenges to the facial activity measurement methods.

The suggestions for further work based on the thesis are as follows. The
verification that also complex expressions can be correctly classified should
be done. The measurement method should be evaluated also in more uncon-
trolled experiments that resemble its practical use cases. The offsets that were
observed in the intensity measurement compared to the EMG one should be
studied to find out if they are caused by the capacitive measurement method or
the EMG reference. Comparison of the multichannel capacitive distance data
between individuals could be carried out to find out if the facial movements
and expressions could be classified based on common features in the data.
The presented classification relies solely on the individually collected data and
identifying the facial activity in advance to achieve real-time operation.

The capacitive facial activity measurement that was presented in this thesis
forms a strong basis for further research. The measurement can be implemented
with inexpensive commercial electronics components, and the signal processing
is simple enough to be applied even with limited computational power. The
head-mounted measurement devices are suitable for mobile use, and possible
application areas are numerous. However, the drawbacks of the measurement
method should not be overlooked, but the raised issues should be studied fur-
ther. The method should be made easily adoptable for the targeted application
domains that include HCI and HTI as well as behavioural science and medicine.
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Abstract A capacitive facial movement detection

method designed for human–computer interaction is pre-

sented. Some point-and-click interfaces use facial electro-

myography for clicking. The presented method provides a

contactless alternative. Electrodes with no galvanic cou-

pling to the face are used to form electric fields. Changes in

the electric fields due to facial movements are detected by

measuring capacitances between the electrodes. A proto-

type device for measuring a capacitance signal affected by

frowning and lifting eyebrows was constructed. A com-

mercial integrated circuit for capacitive touch sensors is

used in the measurement. The applied movement detection

algorithm uses an adaptive approach to provide operation

capability in noisy and dynamic environments. Experi-

mentation with 10 test subjects proved that, under con-

trolled circumstances, the movements are detected with

good efficiency, but characterizing the movements into

frowns and eyebrow lifts is more problematic. Integration

with a two-dimensional (2D) pointing solution and further

experiments are still required.

Keywords Assistive device � Capacitive detection �
Electric field sensing � Facial movement �
Human–computer interaction

1 Introduction

Different human–computer interaction techniques and

technologies with different design criteria have been

developed for several decades. In addition to providing

alternative methods for human–computer interaction to the

average computer user, new interaction methods for people

with limiting physical disabilities have been developed.

First developments on human–computer interfaces for

the physically disabled were done in the early 1980s [1].

These first studies include the idea of providing disabled

users access to computers without excessive demands on

the soft- and hardware of the computer. One way to meet

these demands is that of using the same modalities as

nowadays conventional human–computer interaction

device, mouse, uses. These modalities are: two-dimen-

sional pointing and indicating selections, or clicking.

Electroencephalographic signals and brain–computer

interfaces (BCIs) can offer a way to implement the two

modalities in a manner usable by many physically disabled

people. BCIs were first introduced by Vidal in 1973 [16],

and after that they have been intensively studied. Most

recent studies on BCIs have focused on real-time, asyn-

chronous operation, in which the user input can happen

whenever the user chooses as opposed to synchronous

operation in the original BCI applications [15].

More conventional method for the pointing task can be

provided by gaze tracking. For hand-free applications that

use gaze tracking for pointing, there are several possibili-

ties to implement clicking. So-called dwell time and screen

buttons have been used in the task [17]. In the former, a

target is selected when the user’s gaze has dwelled on the

target for a predetermined interval. In the latter, a target is

selected when the user has looked at it and subsequently

looked at a target area, i.e. a button, on- or off-screen. More
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advanced use of eye movements include the use of gaze

gestures and antisaccades [6]. Blinking and winking eyes

have also been used in implementing clicking by detecting

them with electro-oculographic (EOG) measurements [4] or

by imaging the eyes [8]. Using voluntary facial muscle

activation and measuring associated electromyographic

(EMG) signals can also offer means for clicking [2, 3, 9, 13,

14]. Many of the alternatives, and their advantages and dis-

advantages, have been discussed by Huckauf and Urbina [5].

This study introduces a method as an alternative for

facial EMG measurements in human–computer interaction

with two-dimensional pointing and indicating selections as

the modalities and EMG as the source to indicate selec-

tions. EMG measurements are carried out to detect vol-

untary bioelectric activity, but the proposed method detects

the resulting movement. Traditional EMG measurements

involve the use of electrodes made of conducting material

in contact with the skin via a conducting substance. Such a

setup requires preparation of the skin and the addition of

the conducting substance to the electrode sites. The pro-

posed detection method is based on capacitive movement

detection and does not require any preparation. It is easily

adoptable and allows the measurement devices to be truly

wearable so that they can simply be put on. The main target

group for the new method is people that suffer from tet-

raplegia but still have full control over their facial muscles.

Anyone with motor disabilities that limit the use of mouse

and keyboard in human–computer interaction can use the

method if they have sufficient facial muscle control.

Processing of the measured capacitance signal is carried

out with a computer. The movement detection algorithm

uses constant false alarm rate (CFAR) technique, which is

commonly used in radar receivers [10], to provide opera-

tion capability in noisy and dynamic environments. Besides

the use of CFAR approach in radar, it has also been

adopted for saccade detection in electro-oculography [7].

The presented method uses and detects the movement

caused by facial muscles Corrugator supercilii and Fron-

talis, which are activated when frowning and lifting the

eyebrows, respectively. An experimental procedure has

been carried out to provide preliminary information on the

performance of the method in detecting the movements.

2 Methods

2.1 Capacitive facial movement detection method

A family of contactless measurements that utilize slowly

varying, approximately from ten to some hundreds of

kilohertz, electric fields are called capacitive or electric

field sensing. Three different sensing modes are involved

depending on the current distribution of the measurement

setup: transmitter loading mode, transmit mode and shunt

mode [12]. Transmitter loading mode is the original sens-

ing mode. The capacitance between a transmitting elec-

trode, or transmitter, and the measurement target is coupled

as a part of a LC-tank circuit. The capacitance can be

measured by measuring the current lost through the trans-

mitter. This setup does not include a receiving electrode, or

receiver. Transmit mode has the transmitter coupled to the

measurement target making this the transmitter. The

capacitance between the target and the receiver can be

solved by measuring the displacement current at the

receiver. The final mode, the shunt mode, is shown in

Fig. 1. In shunt mode, the measurement target shunts part

of the electric field between the transmitter and receiver to

the ground. The equivalent capacitance between the

transmitter and receiver can again be measured by mea-

suring current at the receiver.

In human–computer interaction, capacitive sensing

devices have been used to carry out two tasks: touch and

gesture detection. Former includes touchpads, touch

screens, feather-touch buttons and switches usually oper-

ating in shunt mode. These require a very small distance

between the sensor and the hand. Latter includes devices

that detect orientation and placement of a hand or some

other part of the body [11, 18]. These operate in either

transmit or shunt mode, and are designed to allow longer

distances between the user and the device.

We adopted our measurement method from common

capacitive feather-touch buttons. In these, a single push-

button is implemented with a planar electrode structure that

forms an electric field that passes through the space adja-

cent to the plane of the electrodes. Normally, the capaci-

tance between the two electrodes of the structure stays at a

certain level. Once a finger is introduced to the electric

field, it shunts part of the field and decreases the measured

capacitance. In our facial movement detection method, the

generated electric field is shunted by a target area on the

face that is moved by facial muscles. When the muscles are

relaxed, the measured capacitance stays at a certain level

resulting from the amount of occurring shunting. Activa-

tion of muscles causes movement that affects shunting, and

thus increases or decreases the measured capacitance.

While the presented method should work in detecting

the movement caused by a number of different facial

muscles, we chose Corrugator supercilii and Frontalis as

our target muscles. These muscles are responsible for

Transmitter

Target

Receiver

Ē

Fig. 1 Shunt mode in electric field sensing
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frowning and lifting eyebrows, respectively. We selected

these muscles because we wanted to provide a replacement

for facial EMG measurements that in the same application

often target forehead muscles. Another reason for selecting

the two muscles is that, due to their antagonistic nature

towards each other, the activation of both can be detected

with a single measurement channel. The measurement

electrodes of the channel can be placed so that frowning

increases shunting and decreases measured capacitance as

the facial target area moves lower, closer to the electrodes in

their electric field. Lifting eyebrows has the opposite effect.

2.2 Measurement device

Figure 2 shows the constructed prototype device. The

wearable device was constructed on frames of protective

glasses. It is a platform for different sensors and, in addition

to the capacitance measurement, has an option to add 3D

accelerometer for sensing device movement and magne-

tometer to be used as a compass. Data from different sensors

are processed with a microcontroller, and a transceiver for

RS232 serial communication provides connectivity to the

computer that collects the data. Components with low

power consumption were chosen to achieve long operating

time when powered by battery. The sampling rate of the

measurement device depends on the attached sensors and

the software of the device. With the current configuration,

the rate is slightly varying and approximately 19 Hz.

Capacitance measurement is carried out with a program-

mable controller for capacitance touch sensors by Analog

Devices. Controller converts capacitances of up to 14 mea-

surement channels into 16-bit figures that span 4 picofarads.

Changes in capacitances should stay in this range. Base

capacitances of few tens of picofarads are allowed. Capaci-

tance measurement uses an excitation source that provides

square wave at the frequency of 250 kHz.

Design of the transmitting and receiving electrodes for

the capacitance measurement was similar to that in

capacitive feather-touch buttons. Electrodes were made on

a printed circuit board as a planar structure in a coaxial

layout with three concentric rings. Innermost and outer-

most electrode rings were coupled together forming the

transmitter. Middlemost electrode ring functions as the

receiver. The circuit-board layout of the electrodes is

shown in Fig. 3.

Figure 2 shows the capacitance controller on the small

circuit board placed on the frames between the eyes. The

electrode circuit board was placed directly behind the

controller circuit board forming a unit for capacitance

measurement. The placement of the unit was decided based

on preliminary measurements carried out with different

electrode locations.

2.3 Experimental procedure and measurements

An experimental procedure was carried out to evaluate the

feasibility of the presented detection method. Ten test

subjects between the ages 22 and 33 performed the test

procedure. Three subjects were female, and seven were

male. Three male subjects had previous experience in using

voluntary movement of the target muscles with either the

current device or facial EMG devices.

Test subjects were allowed to briefly experiment with

the device before the test procedure. This was done by

displaying visual feedback of the capacitance signal while

the subjects frowned and lifted eyebrows. The subjects

were instructed to tense the muscles quickly and relax them

immediately after tensing to produce distinguishable

events, i.e. peaks, to the resulting signal. It was instructed

to avoid all other facial movement. A maximum of 2 min

of this free experimenting was allowed for the subjects.

The test procedure consisted of measuring the capaci-

tance signal while the test subjects were indicated to frown

and lift eyebrows. Indications were carried out by playing

audio samples to the subjects. The audio samples were the

words ‘‘frown’’ and ‘‘lift’’ produced by a speech synthe-

sizer. A single test procedure consisted of a total of 25

indications, each randomly chosen to be either of the two

possibilities. Intervals between the indications were chosen

to vary randomly between 2 and 10 s. The test procedure

was repeated four times with each subject. Test subjects

were given the same simple instructions as in the brief

experimentation phase. They were also instructed not to

rush with their movements, but to calmly produce the

correct ones. No visual feedback of the measured signal

was provided during the procedure.

Fig. 2 Prototype device to capacitively detect frowning and lifting of

eyebrows Fig. 3 The circuit board layout of the electrodes
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2.4 Movement detection algorithm

The movement detection algorithm is implemented with

several sub-units represented in the block diagram of

Fig. 4. Similar approach has been previously been applied

to the detection of saccadic eye movements from EOG

signals [7]. The input signal is first pre-processed with a

drift removal filter. The filtered signal is passed through a

full-wave rectifier before being input into the CFAR pro-

cessor. This computes an adaptive threshold that is used to

produce a binary signal of ones and zeros depending on

whether the rectified signal exceeds the threshold or not,

respectively. The binary signal is input into an integrator

whose output is compared with a second threshold to

decide whether a movement has occurred. The simulta-

neous use of a signum function, a delay line, and a second

integrator forms another signal pathway that provides

direction information for the detected movements.

2.4.1 Drift removal filter

The drift removal filter removes the drift as well as the

mean from the signal. The filter is composed of a first-order

differentiator and a single pole smoothing filter. The

transfer function of the drift removal filter is

HðzÞ ¼ 1� z�1

1� 0:9z�1
: ð1Þ

An input gain of approximately 1.05264 guarantees 0 dB

attenuation in the passband.

2.4.2 Full-wave rectifier

The full-wave rectifier takes the absolute value of each

signal sample. This simplifies the decision-making process.

2.4.3 CFAR processor/1st threshold

The CFAR processor computes an adaptive threshold on

the basis of the processed signal. Fixed thresholding would

be sufficient if there was enough knowledge of the noise

characteristics. However, when the noise characteristics are

unknown, or experience changes, the sensitivity of the

decision-making process has to be adjusted to limit the

number of false alarms. This is what the CFAR processor is

used for.

Each input sample of the CFAR processor is, in turn,

compared with the adaptive 1st threshold. A number of

samples from both sides of the processed sample are

selected as reference samples that contribute to the com-

putation of the threshold. In order to decrease the infor-

mation overlap between the processed sample and the

reference samples, a number of samples adjacent to the

processed sample are ignored. These ignored samples are

referred to as guard samples. The number of reference and

guard samples on one side of the processed sample are

denoted as q and g, respectively. The 1st threshold is

computed by multiplying the average of the reference

samples with a sensitivity parameter. In literature, this

approach is called cell-averaging CFAR. The sensitivity

parameter can be estimated if the noise at the CFAR pro-

cessor’s input can be assumed to follow some known dis-

tribution. If we assume that this noise follows the normal

distribution with zero mean and unknown variance, then

the sensitivity parameter estimated from

s �
ffiffiffi

p
p

erf�1ð1� PnÞ; ð2Þ

where erf�1ð. . .Þ is the inverse (Gaussian) error function,

and Pn is the probability that noise alone causes the pro-

cessed sample to be larger than the 1st threshold [7].

2.4.4 Integrator and 2nd threshold

The integrator calculates an N point moving sum of the

binary output signal of the CFAR processor. The moving

sum is thresholded with a preselected threshold level M to

indicate whether a detection has been made or not. This

kind of detector configuration is sometimes referred to as a

two threshold detector, a binary integrator, or an M-out-of-

N detector in literature. Consecutive detections are made so

that a new detection is ready to be made whenever the

output of the integrator has fallen below the 2nd threshold

after the previous detection.Fig. 4 Block diagram of the movement-detection algorithm
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2.4.5 Signum function and Delay and integrator

The signum function block takes the sign of its input sig-

nal. The signum signal is passed through a delay line and

an integrator. The delay line maintains temporal alignment

between the two signal pathways of the system by delaying

its input with q ? g samples. The delayed signum signal is

integrated to determine the direction of each detection

made in the first pathway. The length of the integrator is N

as in the first signal pathway. The sign of the integrated

signal denotes the direction.

2.4.6 False alarm probability of the movement detection

algorithm

The performance of the CFAR processor is tuned by

defining the desired false alarm probability for its output

signal. The false alarm probability is affected by the CFAR

processor, the integrator, and the 2nd threshold. An estimate

of the overall false alarm probability can be computed with

the binomial distribution’s probability density function:

Pfa ¼ binopdfðM;N;PnÞ; ð3Þ

where binopdfð. . .Þ is the probability density function.

2.4.7 Delay of the movement detection algorithm

Delay introduced by the movement detection algorithm can

be calculated as

qþ gþ ðN � 1Þ=2: ð4Þ

The delay of the drift removal filter is negligible. Its dif-

ferentiator introduces a delay with a length of half a sam-

ple, and additional delay is caused by the single pole

smoothing filter. Analysing the overall delay of the drift

removal filter shows that there is somewhat more delay at

frequencies close to zero and that the delay is negligible at

higher frequencies, i.e. our frequencies of interest.

2.4.8 Input parameters required by the movement

detection algorithm

The measured signals were processed with the parameters:

q = 10, g = 10, N = 7, M = 5 and Pn = 5 9 10-2.

2.5 Measurement result interpretation and presentation

Owing to the nature of our experimental procedure, the

classification of indicated events, i.e. frowns and eyebrow

lifts, and events detected by the movement detection

algorithm was done by hand rather than automatically.

Four different interpretations were required to classify the

events. Event was classified as:

(1) correctly detected one if an indicated event was

followed by the same type of detected event,

(2) incorrectly detected one if the detection following the

indication does not represent the same type of event,

(3) not detected one if an indicated event is not followed

by a detection, and

(4) false alarm if a detection is made without a preceding

indication.

In the first two cases, the interpretations are easily made

because the reaction time of the test subject can be

considered nearly constant, and the delay introduced by the

movement detection algorithm is constant. The latter two

cases are even easier because it can be easily seen if an

indicated or detected event appears on its own.

The following key figures were calculated to present the

results after the interpretations: percentages of detected

events, percentages of correctly detected events, and false

alarm probabilities. The first percentages were calculated

as the ratios of correctly and incorrectly detected events to

indicated events. The second ones were calculated as the

ratios of correctly detected events to detected events. The

percentages were solved separately for all events, frowns,

and eyebrow lifts. In addition, sample standard deviations

were calculated for the different percentages. The false

alarm probabilities were calculated as false alarms per

signal samples.

The key figures provide information on how the method

would work in two different configurations. These are

equivalent to a mouse with a single button and mouse with

two buttons. In the first configuration, detections would be

used to indicate clicks, and the percentages of detected

events represent the performance. In the second one, the

detections would be distinguished to frowns and eyebrow

lifts to provide two different types of clicks, and the per-

centages of correctly detected events show how well this

can be done. The sample standard deviations show the

consistency of the method between the different measure-

ments and subjects. False alarm probabilities inform how

much false alarms disturb the use of the method.

3 Results

Results of the processed measurement signals are presented

in Table 1. With some test subjects, frowns are not as

easily detected as eyebrow lifts that are detected with near-

perfect overall efficiency. With some of these test subjects,

most of the frowns were incorrectly detected as eyebrow

lifts while almost all the lifts were detected correctly. The

detections and correct detections are carried out quite

consistently between the different measurements and sub-

jects in the case of lifts, but in the case of frowns, there is
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more deviation within the measurements of some subjects

and between subjects.

The overall performance of the method was slightly

better with the experienced test subjects than with the

inexperienced ones. Detecting frowns correctly was on

average more problematic with female subjects than with

males. False alarm probabilities stay sufficiently low at all

the measurements. As an example, an overall probability of

2.15 9 10-4 with a sampling rate of 19 Hz results in

approximately one false alarm every 4 min.

Examples of measured signals are shown in Fig. 5. The

figure shows how different kinds of events are detected.

Clear peaks are detected correctly. Peaks that cannot be

distinguished from the noise are not detected at all.

Detection does not occur when the peak duration is too

long. Peaks that introduce significant change in the signal

baseline with respect to their amplitude are sometimes

detected incorrectly. Incorrect detections are also intro-

duced in cases when the peak waveform is more complex

than a single upward or downward peak.

The delay of the detections can be seen in the signals of

Fig. 5. The delay calculated with Eq. 4 is 23 samples with

the chosen parameter values of the movement detection

algorithm. This is approximately 1.21 s with the sampling

rate of the measurement device.

4 Discussion

The design and implementation of the method was gov-

erned by the target application and limitations, which we

set to make the method more usable: the measurement

device should be small, wearable, and easily adopted into

use. The device is meant to be a universal device that can

be worn and used by anyone. The implementation on the

frames of glasses makes this possible, but some issues need

to be considered. According to preliminary measurements,

the highest sensitivity of the measurement to frowning and

eyebrow lifting was achieved by placing the electrodes on

the frames above an eye, directly in front of an eyebrow.

However, due to interpersonal variations in head anatomy,

such placement does not ensure that the electrodes are

always properly aligned with respect to the eyebrow. Since

the frames are not fixed to the head, some device move-

ment may also occur. The frames can be considered to

move mainly in two different ways. Firstly, they can slide

down the nose. Secondly, they can tilt with respect to the

nasal bone that supports them. Both movements introduce

erroneous changes to the measured capacitance. The opti-

mum location for the electrodes to overcome the effect of

anatomical variations and device movement was found by

placing the electrodes between the eyes. This way the only

significant affecting factor was observed to be the sliding

of the device down the nose. This makes frowning more

difficult to detect, while lifting eyebrows, as a movement

with a wider movement range, is still easily detected.

An experimental procedure was carried out to estimate

the performance of the detection method. The procedure

did not include the use of the method in its target appli-

cation but was kept simple to provide preliminary results

on the performance. EMG could have been measured as a

reference signal, but was not used to avoid the obtrusive-

ness that EMG electrodes introduce. Some assumptions

were made to achieve usable results without a reference

Table 1 Results of the analysis of the processed measurement signals

Test subject Detected (%) Correct detections (%) False alarm probability

All Frowns Lifts All Frowns Lifts

1e 98 ± 2.31 100 96.2 ± 4.07 100 100 100 0

2e 99 ± 2 98.0 ± 4.55 100 99.0 ± 2.08 98 ± 5 100 4.02 9 10-4

3e 92 ± 6.53 90 ± 10.7 94 ± 6.57 98.9 ± 2.17 100 97.9 ± 3.57 2.64 9 10-4

4 100 100 100 100 100 100 1.66 9 10-4

5 95 ± 5.03 92.5 ± 7.93 97.9 ± 4.55 82.1 ± 6.77 91.8 ± 6.36 71.7 ± 20.0 3.41 9 10-4

6 78 ± 8.33 57.8 ± 23.0 94.5 ± 3.88 96.2 ± 5.59 88.5 ± 31.5 100 8.70 9 10-5

7 88 ± 3.27 73.3 ± 9.10 100 70.5 ± 9.63 21.2 ± 16.2 100 1.84 9 10-4

8f 88 ± 11.8 78 ± 23.0 98 ± 3.57 73.9 ± 23.1 41.0 ± 44.3 100 1.77 9 10-4

9f 89 ± 3.83 82 ± 6.86 96 ± 4.49 61.8 ± 6.88 17.1 ± 12.5 100 3.33 9 10-4

10f 97 ± 6 100 93.0 ± 11.5 41.2 ± 4.25 0 100 1.77 9 10-4

All 92.4 ± 8.34 87.7 ± 17.7 97.0 ± 5.03 82.5 ± 20.8 66.1 ± 41.9 97.1 ± 11.0 2.15 9 10-4

Test subjects are numbered consecutively, and letters e and f after the number indicate experienced and female subjects, respectively. Three

columns beginning from the second one show percentages and sample standard deviations of detected events for all events, frowns, and eyebrow

lifts. Next three columns show the same for correctly detected events. Standard deviation is not presented if there was no deviation between the

measurements. Final column presents the observed false alarm probability. The numbers are either precise or rounded to three significant digits
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measurement. It was assumed that the test subjects pro-

duced the movements they were indicated to produce. This

made it possible to omit subjective interpretation to

determine whether a subject has frowned or lifted eye-

brows. Application of the assumption produces three types

of external errors, all resulting from the failure of the

subjects to produce correct movements. First is ‘misinter-

preted events’ due to the subject producing the wrong

movement of the two alternatives. Second is ‘not detected

events’ due to the subject not producing the indicated

movement. Third is ‘false alarms’ due to the subject pro-

ducing a movement when not indicated. All these errors

sum up with the errors made by the detection method itself,

forming the overall error. This way it is certain that the

actual performance is at least what the results indicate.

A movement detection algorithm to detect the events

from the measured signals was presented. The different

parameters that the algorithm requires as an input were

chosen to be such that the detection works well with the

signals acquired in the experimental procedure. The desired

false alarm probability for the CFAR processor output was

chosen so that the resulting estimate for overall probability

from Eq. 3 is approximately 5.92 9 10-6, which is sig-

nificantly smaller than the observed false alarm probabili-

ties shown in Table 1 are. The slight difference between

the definitions of the two probabilities should be consid-

ered. The observed one is calculated based on the false

alarms detected by the detection algorithm. The algorithm

does not allow false alarms of consecutive samples to be

detected separately as the 2nd threshold has to be under-

gone before a new detection. The estimate is purely sta-

tistical. It is also computed assuming that the signal noise

after drift removal filtering follows normal distribution,

which obviously is not the case here. In this case, what is

considered noise is not just the small random variation in

the signal, but also all the variation the subjects introduce

to the signal besides the desired events. Thus, setting the

desired false alarm probability of the CFAR processor

alters the rate of false alarms, but does not set an absolute

value for observed false alarm probability. It should also be

noted that the durations of the measured signals in samples

are not long enough for the observed false alarm proba-

bilities to be considered statistically significant.

The results show that the performance of the method in

the experimental procedure is promising. This study

intentionally focused on inexperienced test subjects to

prove that the method truly performs reasonably well at all

times. Simple experimental procedure showed that one

type of click should be easily achieved with all subjects by

detecting frowns and lifts of eyebrows, but producing two

different types of clicks by distinguishing between the two

is more problematic. However, the differences between the

procedure and actual use in the target application should be

noted. The test subjects were instructed to avoid facial

movements besides the indicated movements to eliminate

erroneous detections. In the target application, the users

would definitely produce spontaneous facial movements

that might cause erroneous detections. As for detecting the

desired events, the method works quite robustly, as shown

by some of the detections illustrated in Fig. 5. While the

detections of the movement detection algorithm can be
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Fig. 5 Examples of measured waveforms. The markers show when

the subject was indicated to either frown or lift eyebrows, and when

such movements have been detected. The capacitance unit u

represents the digital unit of the analogue-to-digital conversion of

the capacitance controller. a shows a part of a typical signal with

easily detectable events by test subject 1e. b is a part of a signal

produced by subject 5 with incorrectly detected events, and one that

was not detected. c shows how test subject 8 among few others

produced events that could not be detected

Med Biol Eng Comput (2010) 48:39–47 45

123



categorized in the case of certain type of events as was

done in Sect. 3, the robustness of the algorithm also results

in such a complex-looking behaviour that categorization is

more difficult.

Issues that decrease the performance of the method and

its consistency with some test subjects were observed

during the experimental procedure. Test subject 5 had

problems in producing the correct movements and acci-

dentally produced frowns instead of lifts during his first

measurement. The previously discussed movement of the

measurement device down the nose was seen with test

subject 9f making frowns harder to detect. Prior to the

experimental procedure, test subjects 6, 8f, and 10f did not

understand the concept of frowning, i.e. they needed to be

explained how to frown. With test subjects 6 and 8f, the

frowning movements were also observed to be different

between repetitions. Sometimes frowns were seen to

resemble small lifting movements resulting in them being

falsely detected as lifts or not being detected at all. This

was the case with test subject 10f that had all her frowns

detected but falsely as lifts, and also with subject 8f that

had hardly any frowns detected correctly in two of the four

measurements. More generally speaking, contracting and

relaxing the needed muscles was clearly easier to some

subjects than to others among the inexperienced subjects.

The muscle movements can naturally be practised, which

can be expected to result in better performance and con-

sistency of the detection method. A comparison between

the results of the method with the experienced test subjects

and the inexperienced ones also suggests this. However,

straight conclusions should be avoided due to the small

amount of test subjects.

The delay of the detection method depends on the

sampling rate of the device and the delay of the movement

detection algorithm. The current delay is unacceptable in a

real-time application. Thus, decreasing the delay needs to

be carried out by increasing the sampling rate of the

measurement device and tweaking the movement-detection

algorithm. The device has already been modified to

increase the sampling rate to about 90 Hz. The delay of the

movement-detection algorithm could be decreased by

altering the CFAR processor. The current implementation

takes the reference and guard samples from both sides of

each processed sample when calculating the adaptive

threshold, which is typically the case in the original

application area of cell-averaging CFAR. The delay could

be reduced by taking into account only samples that pre-

cede each processed sample in time. This might change the

behaviour of the processor slightly to be the worse, but

proper parameter selection for the entire movement-

detection algorithm may help in getting the desired func-

tionality. Also, using some order statistics, e.g. median, of

the reference samples to derive the threshold in the altered

CFAR implementation might prove better than the average

that is calculated in the current one. Particularly, median is

a better statistic if the number of samples is small. For

example, it is not as sensitive to outliers as the mean is.

Further testing is required to find out how the introduced

method performs, and how comfortable test subjects con-

sider it, in its target application when accompanied with a

solution for two-dimensional pointing. Since the delay of

the current implementation was too long, improved one

should replace the current one. It should also be studied

whether the problems related to the detection of frowns is

something that could be avoided by subjecting the users to

a reasonable amount of practise. Changes to the current

electrode layout and placement, as well as the addition of

measurement channels, could be considered as an alterna-

tive or supplement to practise. The measurement elec-

tronics already allow the measurement of several channels.
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A Wearable, Wireless Gaze Tracker with Integrated
Selection Command Source for Human–Computer

Interaction
Ville Rantanen, Toni Vanhala, Outi Tuisku, Pekka-Henrik Niemenlehto, Jarmo Verho, Veikko Surakka, Martti

Juhola, and Jukka Lekkala

Abstract—A light-weight, wearable, wireless gaze tracker with
integrated selection command source for human–computer in-
teraction is introduced. The prototype system combines head-
mounted, video-based gaze tracking with capacitive facial move-
ment detection that enable multimodal interaction by gaze
pointing and making selections with facial gestures. The system
is targeted mainly to disabled people with limited mobility over
their hands. The hardware was made wireless to remove the need
to take off the device when moving away from the computer,
and to allow future use in more mobile contexts. The algorithms
responsible for determining the eye and head orientations to map
gaze direction to on-screen coordinates are presented together
with the one to detect movements from the measured capacitance
signal. Point-and-click experiments were conducted to assess
the performance of the multimodal system. The results show
decent performance in laboratory and office conditions. The
overall point-and-click accuracy in the multimodal experiments is
comparable to the errors in previous research on head-mounted,
single modality gaze tracking that does not compensate for
changes in head orientation.

Index Terms—Assistive technology, Gaze tracking, Capacitive
facial movement detection, Human–computer interaction, Multi-
modal interaction

I. INTRODUCTION

Human–computer interaction (HCI) devices that use infor-
mation measured from the head area can provide interaction
methods that are more natural, intuitive, or advantageous
in some other way compared to the traditional interaction
devices, keyboard and mouse. One target group is physically
disabled people that may lack the mobility to use their hands in
the interaction. Different approaches to use information from
the head area include using electromyographic (EMG) signals
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[1], electro-oculographic (EOG) signals [2], brain-computer
interfaces (BCIs) [3], and gaze tracking [4].

The most accurate methods to track the gaze have been the
video-based ones that determine the orientation of an eye or
eyes by either remote or head-mounted cameras. With remote
cameras the cameras are fixed on a remote location and the
location of the eyes may move relative to the cameras, but
with head-mounted ones the cameras are fixed on the head,
and the relative location of the eyes stays approximately the
same at all times. Different studies have reported that with
the head-mounted cameras the tracking errors are less than
2 degrees [5], [6], and the same accuracy can be achieved with
a single remote camera [7]. Commercial devices with multiple
remote cameras report higher accuracies, up to 0.5 degrees [8].
The degree of mobility required by the application is one key
factor in selecting between head-mounted and remote devices:
the former may allow totally free movements while the latter
require the user to stay relatively still for a decent view to the
user’s eyes. Another factor is the obtrusiveness of the system:
Remote devices do not disturb the user, but head-mounted ones
may be uncomfortable if they are not light and small enough.

Head-mounted, video-based gaze trackers have been built
from low-cost, off-the-shelf components to get good perfor-
mance with reasonable cost. In 2004, Babcock and Pelz [9]
built a light-weight device targeted for research purposes. Li et
al. [5] carried out similar research, and presented their device
with open source algorithms for gaze tracking. Ryan et al.
[6] also made a similar device and developed the algorithms
further. A low-cost tracker with a wearable display has been
made by San Agustin et al. [10]. Franchak et al. [11] made a
head-mounted gaze-tracker that was wireless and light-weight
enough to be worn by infants for their behavioural analysis.

There are several methods to implement a selection com-
mand source, i.e. a method for clicking, in HCI where gaze
tracking is used for cursor control. The traditional way is to
make a selection after the user’s gaze has dwelled on the same
location for predetermined amount of time [4]. Other methods
include making gestures with the gaze, blinking and winking.
These have been detected, for example, by imaging the eyes
[12] and recording EOG signals [13]. EMG measurements
and voluntary facial activations of different muscles have
also been used in indicating selections. San Agustin et al.
[10] used an inexpensive commercial EMG device to indicate
selections. Using voluntary frowning and smiling gestures
have been shown to even beat mouse in speed in point-and-
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click operations [14], [15], [16]. A capacitive measurement
method to replace EMG measurement with a more comfortable
one has been presented [17]. It removes the need for skin
preparation and electrode attachment on the skin. Additionally,
Lee et al. [18] have used a BCI to make selections.

The presented prototype system implements the two in-
teraction modalities of the mouse: two-dimensional pointing
and indicating selections. The pointing is achieved with head-
mounted, video-based gaze tracking, and selections are made
with facial gestures detected with a capacitive measurement
integrated in the head gear. The system includes two cameras:
one images the eye and other the user’s scene. A shoulder bag
that contains radios and batteries to allow wireless operation
is included. The measured data is processed in real-time
to make the cursor movements and selections. The system
also takes advantage of low-cost, off-the-shelf components
as components required for gaze tracking do not need to be
expensive to give good performance. The main target group
is physically disabled people that don’t have the mobility re-
quired to use keyboard and mouse. The wireless operation was
implemented to remove the need to take off the device when
moving away from the computer. This is useful for users in
motorised wheelchairs, and allows future use in more mobile
human–technology interaction applications, e.g. as a control
device for assistive technology. Point-and-click experiments
were carried out in laboratory and office conditions to evaluate
the performance of the multimodal system, and to find out the
need for further development.

II. METHODS

A. Video-Based Gaze Tracking Techniques

Commonly used methods in video-based gaze tracking are
the bright pupil and dark pupil techniques [5]. In the former,
the eye is illuminated with a light source close to the optical
axis of the imaging device. This makes the light go through
the pupil to the retina and reflect back, causing the pupil to
appear brighter in the image than the surrounding iris. In the
latter, the light source is positioned so that the pupil is not
observed as bright but darker than the iris. A corneal reflection
of the light source can be observed and used in the tracking
as a reference point to compensate for camera movements.
The corneal reflection is the so-called first Purkinje image that
reflects from the outer surface of the cornea [19]. Other three
Purkinje images reflect from other optical interfaces in eye
and are a lot weaker, with the second one having intensity
less than 1 % of the first’s. Infrared light sources are used for
the illumination not to disturb the user, and to make the iris
always appear lighter than the pupil despite the colour of the
eye in the visible light range. The presented prototype system
uses one infrared light source and the dark pupil technique.

B. Capacitive Facial Movement Detection

Facial movements can be detected similarly as capacitive
proximity sensors or push-buttons detect objects in their
vicinity. The measurement method for detecting facial move-
ments capacitively in human–computer interaction has been
introduced in [17]. The method is simple: a pair of electrodes

(a) (b)

Figure 1. The wearable prototype device: (a) shows the entire wearable
device, and (b) shows the frames worn on head.

(a) (b) (c)

(d) (e)

Figure 2. The components responsible for the wireless operation: (a) the
power supply circuit, (b) the video transmitters and (c) a receiver, and (d) the
transmitter and (e) receiver for the capacitive facial movement detection.

is used to form an electric field, a conducting object in this
electric field shunts the field partly to the ground, and the
shunting can be detected by measuring the capacitance be-
tween the electrodes. With proper electrode placement, specific
facial movements can be targeted with the measurement. The
current implementation targets frowning and lifting eyebrows.
In [17], the method detected these with overall efficiencies of
87.7± 17.7 and 97.0± 5.03, respectively.

C. Hardware of the Prototype System

Fig. 1 shows the wearable prototype device. The measure-
ment and imaging parts are constructed on frames of glasses,
and a shoulder bag is accompanied to carry the batteries,
the power supply circuitry, and the wireless transmitters. To
receive the data, receivers are required together with frame
grabbers for sampling the video streams. The components
responsible for the wireless operation are shown in Fig. 2.

1) Gaze Tracking Hardware: Low-cost CMOS cameras
with analogue video output and low power consumption
were used. The eye camera is a greyscale pinhole camera
modified to image only infrared wavelengths. An infrared
light emitting diode (LED) is used to provide illumination
and a corneal reflection for gaze tracking. The resolution of
the camera cell is 352 x 288 pixels, and the lens’ viewing
angle is approximately 50◦. The scene camera has colours,
597 x 537 pixels, and a viewing angle of approximately
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70◦. Both cameras output PAL video signal and, thus, the
frame rate is 25 fps. Shutter, gain and white balance are
handled automatically by the cameras and focusing is done
by hand. One-time focusing is sufficient for both cameras.
The depth of view of the scene camera allows to image
objects at greatly varying distances. The wireless transmitters
for the video signals use low-cost radio modules (AWM630TX
by Airwave Technologies) that have four selectable channels
within the 2.4 GHz ISM radio band. The transmitters were
bought as ready-made units. The video signals are received
with corresponding low-cost receiver modules (AWM634TX)
in ready-made units. The used frame grabbers were also low-
cost ones (Movie VOX minis by MSI).

2) Capacitive Facial Movement Detection Hardware: The
sensor used in the capacitance measurement is a programmable
controller for capacitance touch sensors (AD7142 by Analog
Devices). The sensor circuit board is on the frames between
the eyes. Behind the circuit board, facing the junction between
the nasal and the frontal bone, is a circuit board with the
measurement electrodes. The electrodes are in a layout of
three concentric rings as described in [17]. The innermost
and outermost rings together form one electrode, and the
middlemost forms the other. Additional electronics on the
frames include a microcontroller (ATmega168P by Atmel) to
process the data from the capacitance sensor. The sampling
frequency of the capacitance measurement is a bit below
90 Hz. The wireless transmitter for the capacitance mea-
surement has a microcontroller (ATmega128L by Atmel) and
a 2.4 GHz ZigBee-ready RF transceiver (CC2420 by Texas
Instruments). Its antenna is a planar inverted F antenna on
its PCB. The receiver has the same components and a USB
to RS232 interface (FT232R by FTDI) for USB connectivity.
The wireless link is shown as an RS232 connection on both
ends. Commercial devices are available for this purpose, but
we made our own to have full control over its operation. The
link was made so that data resending wasn’t done if it failed.
For real-time HCI, resending lost packets is futile as delayed
data reflects past activity of the user. The operating frequency
for the link is automatically selected when the receiver is
connected to the computer.

3) Power Supply: A power supply circuit provides supply
voltages to the wearable components. A step-up controller
(MAX668 by Maxim Integrated Products) provides a 9 volt
supply for the cameras. The same voltage is also fed to a step-
down switching regulator (LT1933 by Linear Technology) to
form a 5 volt supply for the infrared LED, the capacitance
measurement electronics, and the radio transmitters. With the
current configuration, the wearable device can operate for
approximately 7 hours with 4 AA batteries.

D. Software of the Prototype System
The software for online processing of the data from the

prototype device and translating the obtained information to
on-screen cursor movements and selections was implemented
using Microsoft Visual C++ 2008, Microsoft Foundation
Classes (MFC) version 9.0, the OpenCV library version 2.0,
OpenEyes software, and the Boost libraries. It can be run on
a regular desktop or laptop computer.

1) Gaze Tracking Algorithm:
a) Feature Extraction: To determine the gaze location on

a computer screen, the orientation of both the head and the eye
need to be tracked. The head orientation is estimated from the
scene camera image, while the orientation of the eye is com-
puted based on pupil and corneal reflection detected from the
eye camera image. Computer vision algorithms from OpenCV
are used in extracting features from these images [20]. Intrinsic
camera parameters (e.g., focal point) and distortions (e.g., lens
distortion) are accounted for in coordinate transformations.
The camera parameters were estimated using the commonly
used chessboard calibration procedure as described in [20].
For the head orientation estimation, markers are placed on the
frame of the computer screen to detect the screen. Markers
are pink squares with 1 cm long sides. One is placed to each
screen corner and one to both of the midpoints of the top
and bottom frame. Colour filtering in the HSV color space is
used to extract possible markers from the images. If six image
regions large enough are found, their center points are used
as the marker locations. Top and bottom rows of markers are
identified by minimizing mean squared error of two (three-
point) lines fitted to the set of marker points. The visual
markers in the image are then assigned to each physical marker
location based on their relative locations, while assuming less
than 90 degree rotation. Finally, the translation and rotation of
the camera are computed based on these point correspondences
by minimizing the reprojection error [20].

To determine the eye orientation, we chose to use a feature-
based approach to find the locations of the pupil and the
corneal reflection. First, the image is preprocessed by equal-
izing the histogram of the image and removing noise with
a Gaussian filter. Next, the darkest pixels in the image are
retained using a binary threshold filter. Convex hulls are com-
puted for the contours in the image using Sklansky’s algorithm
[20]. Too short contours or contours with too small enclosing
area are excluded. Ellipses are fitted to the convex hulls
using the least-squares approach and the circumferences of
the ellipses and the convex hulls are calculated. A measure for
the sphericity of each convex hull is calculated by multiplying
the ratio of the circumferences of the convex hull and the
related ellipse with the ratio of their areas. Finally, the ellipse
fitted to the hull with the highest sphericity is identified as the
pupil if the sphericity exceeds a predetermined threshold. Brief
experiments were ran to select a suitable threshold. If the pupil
is found, the corneal reflection is searched from its vicinity. A
binary threshold is applied to the preprocessed image to retain
the brightest pixels. Again, convex hulls are computed for the
contours. Too short contours and contours with too large area
with respect to the pupil area are excluded before a circle is
fitted around each contour. The one with the shortest distance
from the pupil centre is identified as the corneal reflection.
Finally, eye orientation is computed as a 2-dimensional vector
between the centres of the pupil and the corneal reflection.

b) Calibration: Calibration is required to map the eye
orientation as the point of gaze on the scene image. The
participant is asked to fixate on a 3 by 3 grid of points
that are displayed one at a time in random order. Sufficient
amount of eye and head orientation samples are collected
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from each calibration point. The centre of mass for the eye
orientation samples is computed for each point, and a number
of samples closest to the centre of mass is included while
calculating the corresponding location of the calibration point
in the scene camera image. The location is computed by
projecting the screen coordinates of the point to the image
plane of the scene camera. The calculated head orientation is
used in performing the projection. Then, the coordinate pairs
(i.e., the eye orientation and the scene image coordinates of
the calibration point) are grouped into a constraint matrix that
is used to compute a homography matrix using singular value
decomposition [21]. From then on, the homography matrix can
be used to transform eye orientation values to gaze coordinates
relative to the scene image.

c) Scene to Screen Coordinate Projection: To use the
gaze for pointing on the computer screen, gaze coordinates are
first projected from the scene camera image plane to physical
coordinates in 3-dimensional space. From steps above, values
for the scene image coordinates (mT), the intrinsic scene
camera parameters (A), and the rotation (R) and translation
(t) of the scene camera are used in the projection. With these
values, the point of gaze on the screen (MT) can be solved
from Equation 1, where s is a scalar that can be solved [20].

smT = A[R | t]MT (1)

Finally, the physical coordinate of the point of gaze is
transformed to a pixel coordinate on the computer screen. A
moving average filter of 10 samples is used to process the
pixel coordinates in order to reduce jitter during fixations. The
filtered pixel coordinates are used for pointing objects on the
computer screen.

2) Capacitive Facial Movement Detection Algorithm: The
algorithm used for detecting frowning and lifting of eyebrows
from the measured signal is almost identical to the one
described in [17]. First the signal is pre-processed with a drift
removal filter, rectified and processed with a constant false
alarm rate (CFAR) processor to produce an adaptive threshold
for obtaining a binary signal of ones and zeros depending on
whether the rectified signal exceeds the threshold. The binary
signal is then processed with an integrator, and the output is
compared with a second threshold to decide if a movement
has occurred or not. The movements are classified to frowns
and eyebrow lifts with a simultaneous application of a signum
function, a delay line, and a second integrator to the input
signal after the drift removal. The current implementation of
the CFAR processor uses only the samples that precede the
current sample in time to shorten the delay between the actual
onset of facial movement and the detected point of onset as
given by the algorithm.

E. Experiments

An experimental procedure that resembles actual use in the
target application was carried out. It consisted of individual
pointing tasks similar to the ones commonly used to evaluate
how HCI pointing devices perform [15], [16]. The procedure
included point-and-click operations to select on-screen targets.
The targets appeared in pairs of two: a home square and a

target circle. Their sizes varied, the diameters or side lengths
were 25, 30 and 40 mm, and the locations varied on the
screen. The participants made the selection of the target with
either frowning or lifting eyebrows according to their own
preference. Once the square and the circle were selected,
another pair was introduced. The cursor was visible during
the experiments. Each participant had to select 72 pairs of
targets in two locations: laboratory and office.

The laboratory and office were selected to study the effects
of varying levels of environmental control on the performance
of the system. Conditions at the laboratory were more strictly
controlled, for example, lighting was kept constant throughout
the experiments. The conditions in the office reflected a
common modern work environment, for example, there were
closed Venetian blinds that allowed small changes in lighting.
Further, the laboratory was shielded from electromagnetic
interference, but in the office there were several sources of
error (e.g. WLAN and Bluetooth devices) in the 2.4 GHz
frequencies that the wireless links of the prototype use. In
the laboratory, the participants carried out the experimental
procedures alone in the room, but in the office the experi-
menter was present in the same room. The computer screen
in the laboratory was a 15 inch display with a resolution of
1024 × 768, and it was mounted directly in front of the user.
The office computer had a 24 inch widescreen display with a
resolution 1920 × 1200, and it was on the table farther down
relative to the user. The viewing distance of the display was
approximately 1 meter in both places, and the participants sat
still throughout the experiments.

Ten participants, ages ranging from 26 to 42, took part in
the experiments. They were selected from volunteers so that
first five male and five female were chosen. All participants
had normal vision and were not disabled.

F. Measurement Data Analysis

Capacitive signals, image data and information from the
algorithms were logged during the experiments for analysis.
The image data consisted of eye and scene camera frame pairs
that were saved whenever the corneal reflection could not be
found. Additional frame pairs were saved periodically. The
saved video frames were classified based on visual inspection
to assess the performance of the prototype system. Each eye
camera frame was classified as: a frame with fully visible
pupil, a frame with the pupil not fully visible, or a distorted
frame. The scene camera frames were classified as distorted
or not distorted. Based on the classifications and the logged
data, different statistics were calculated to represent the per-
formance of the prototype system. For evaluating the overall
performance, point-and-click accuracies were calculated. The
accuracy is expressed as the pointing error of the selections
and calculated as the angle between the centre point of the
target and the cursor location when the selection was made.
The angle was approximated as the arc tangent of the ratio of
the on-screen error distance and the distance from the user to
the monitor. The latter is long enough for the approximation
to be valid for small error distances. Error angles beyond
1.5 times the interquartile range from the upper quartile were
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(a) (b)

Figure 3. A typical (a) and a distorted (b) eye image with a detected pupil
and corneal reflection. The images are cropped to show only the eye region.

considered as outliers with each participant in both locations
individually.

III. RESULTS

Based on the logging scheme of the data, the amount of
saved frames and logged data varied between participants
and locations. The average duration of an experiment was
13.8 minutes, or 20700 frame pairs. The amount of saved
frames pairs was 757 on average.

The average percentages of distorted frames from a single
camera stayed lower than 1.1 % in both laboratory and
office. Maximum percentages were 0.76 % and 4.74 % in
the laboratory and office, respectively. These correspond to
one distorted frame every 5.29 and 0.84 seconds, respectively.
The number of consecutive distorted frames from a camera
had median values of 1 or 2 frames with all participants
at both locations, upper quartiles of up to 3 frames, and
maximum values of 8 and 24 frames for laboratory and office,
respectively. Capacitive facial movement detection signal was
transmitted without loss of samples in both locations.

A typical image of an eye with a detected pupil and
corneal reflection is seen in Fig. 3a, and 3b shows how
the distortions look in the worst case. In the eye camera
frames, the pupils were fully visible in 85.0± 9.86 % of the
frames with no statistically significant differences between the
two locations. False alarms, i.e. detected pupils and corneal
reflections when the pupil is not fully visible or the frame
is distorted were detected at a percentage of 16.6 ± 10.8 %
with no statistical difference between the locations. The main
results of the performance of the prototype system during the
experiments are shown in Tables I and II. Outlier removal
removed 11.3±3.41 % of the selections contributing to point-
and-click errors. This corresponds to one outlier for every 7.18
selected targets. The distributions of the point-and-click errors
are shown in Fig. 4. As a comparison to the errors shown,
the accuracies required to hit the targets in the experimental
set-up are 0.716, 0.859 and 1.15 degrees for target sizes 25,
30 and 40 mm, respectively.

Fig. 5 shows the distributions of the lengths of the sequences
of frames that were not successfully tracked during the exper-
iments, either due to distorted frames or a failure in detecting
the pupil and the corneal reflection.

IV. DISCUSSION

The reliability of the prototype system in terms of dis-
tortions in the video frames and the loss of samples of the

Partic. Error (◦) Corneal reflec-
tion found (%)

Markers
found (%)

1m 0.583 ± 0.323 99.1 49.5
2m 0.703 ± 0.305 95.4 41.9
3m 0.534 ± 0.296 95.7 39.4
4m 0.589 ± 0.228 100 29.7
5m 0.676 ± 0.324 99.6 46.1
6f 1.13 ± 0.687 94.4 36.6
7f 0.573 ± 0.290 100 50.0
8f 0.612 ± 0.335 100 61.6
9f - 99.7 60.3
10f 0.584 ± 0.345 97.0 28.2

Mean 0.665 ± 0.348 98.1 ± 2.22 44.3 ± 11.4

Table I
RESULTS FROM THE EXPERIMENTS IN THE LABORATORY.

POINT-AND-CLICK ERRORS, PERCENTAGES OF CORNEAL REFLECTIONS
(AND PUPILS) FOUND FROM EYE CAMERA FRAMES WITH FULLY VISIBLE
PUPIL, AND PERCENTAGES OF MARKERS FOUND FROM SCENE FRAMES.

THE PARTICIPANTS ARE NUMBERED, AND THE LETTERS m AND f
INDICATE MALE AND FEMALE PARTICIPANTS, RESPECTIVELY. THERE

WERE PROBLEMS WITH THE ONLINE PROCESSING OF EYE FRAMES WITH
PARTICIPANT 9F, AND, THUS, THE ERROR HAS BEEN LEFT OUT.

Partic. Error (◦) Corneal reflec-
tion found (%)

Markers
found (%)

1m 0.634 ± 0.368 95.0 10.9
2m 0.824 ± 0.529 86.3 20.9
3m 0.646 ± 0.434 82.9 28.4
4m 0.727 ± 0.450 99.8 8.70
5m 0.624 ± 0.319 99.1 17.4
6f 1.00 ± 0.695 60.0 35.2
7f 0.918 ± 0.466 99.5 22.4
8f 0.849 ± 0.544 100 15.2
9f 0.833 ± 0.544 99.8 37.4
10f 0.833 ± 0.496 99.7 9.21

Mean 0.789 ± 0.484 92.2 ± 13.0 20.6 ± 10.4

Table II
RESULTS FROM THE EXPERIMENTS IN THE OFFICE. THE MARKER

DETECTION EFFICIENCIES DIFFER STATISTICALLY SIGNIFICANTLY FROM
THE ONES IN THE LABORATORY.
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Figure 4. The distributions of the point-and-click errors: (a) at the laboratory
and (b) the office prior to outlier removal. Horizontal lines represent medians,
the boxes extend from lower to upper quartiles, and whiskers up to the last
error not considered an outlier. There is a statistically significant difference
in the medians between the two conditions with participants 4m, 7f, 8f, and
10f.

capacitive signal is good. The amounts of distorted frames
are acceptable even in office conditions where the distortions
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Figure 5. The distributions of the lengths of the non-tracked sequences that
are introduced by the failure to detect the pupil and the corneal reflection
or by consecutive distorted frames. The circles indicate outliers according to
the same criterion that was used for the point-and-click errors. The locations
were: (a) the laboratory and (b) the office.

sometimes have a noticeable duration. The main source of
distortions seem to be wireless networks operating in the same
frequencies as our video transmission. Common Bluetooth
devices, such as mobile phones do not interfere with the video
transmitters, since they have class 2 radios with output power
of only 4 dBm distributed throughout the 2.4 GHz band as
opposed to the video transmitters with 10 dBm output on
a more limited bandwidth. This suggests that fully distorted
frames result from higher power WLAN routers that are more
focused to certain frequency channels. However, the facial
movement detection signals are transmitted perfectly even in
the office indicating that the digital radio and its low bandwidth
requirement allows reliable operation.

The results show that with all the participants the pupils
were fully visible most of the time, which is required for
optimal accuracy as the pupil extraction algorithm is intended
for use with fully visible pupils. However, participants 4m
and 7f suffered from somewhat decreased visibilities in the
office, and 10f in the laboratory. Lower-light conditions, pupil
dilation, and gazing downwards caused the upper eyelid to
occasionally obstruct the pupil. The percentages of detected
corneal reflections show that the detection suffers from perfor-
mance issues with some participants. The performance is still
reasonable except for participant 6f in the office. The degraded
performance is caused by eye make-up that interfered with the
pupil detection by introducing additional dark image regions
next to the pupil. Sometimes such regions are extracted as a
part of the pupil which decreases the accuracy. The make-up
also introduced more false alarms with few participants, while
false alarms in general were rarely encountered. The marker
detection efficiency of the head orientation determination is
seen to be relatively poor and to differ significantly between
the two experimental conditions. Especially in the slightly
varying lighting of the office, the fixed thresholds of the
marker detection were too strict. However, the percentages
still correspond to a few detected markers a second, which is
sufficient in rather static HCI use.

Non-tracked sequences during which gaze tracking infor-
mation is not obtained due to undetected pupils and distorted
frames last up to 31 frames, or 1.24 seconds. Previous discus-
sion on pupil detection explain some of the sequence lengths,

but with participant 2m in the office the prolonged sequences
are a combined result of normal amount of undetected pupils
and some longer lasting distortions. Still, majority of the non-
tracked sequences can be tolerated as the 10 sample moving
average filtering in the gaze tracking just ignores missing
samples.

The performance of the capacitive facial movement detec-
tion algorithm is not evaluated at this time as the changes to
the algorithm are minor compared to the algorithm presented
and evaluated in [17]. However, the number of outliers in the
pointing errors suggests that the sensitivity of the algorithm
should be reduced to avoid false detections. Since the cursor
was shown to the participants during the experiments, most of
the outliers can’t be a result of intentional clicks.

The performance of the prototype system in terms of
point-and-click accuracy is promising. The mean and median
accuracies reached in both locations are good. However, the
error distributions show that there are differences in the distri-
butions between the two conditions. With four participants, the
differences in median errors are statistically significant. While
median and mean errors still are quite small, the consistency
of operation is compromised in the office conditions. In
addition to the already discussed issues affecting the accuracy,
inaccuracies may be introduced when the eye is more close
to the extremities of its rotational range. Then the distance
between the pupil and corneal reflection in the eye camera
image experience smaller changes with eye rotations than
when gazing towards the camera. This makes tracking more
sensitive to small errors and possible errors in calibration also
cumulate. In the office, these might affect more as the display
is farther down relative to the user. While considering the
accuracy, it should also be noted that the way the errors were
calculated based on successful clicks ignores systematic errors
that don’t allow pointing near the object to try to make the
click.

The smallest gaze tracking errors reported by Li [21] vary
between 0.596± 0.288 and 1.05± 0.459 degrees in different
repetitions of the accuracy evaluation. Ryan et al. [6] report
their average error to be less than 2 degrees. Franchak et al.
[11] have average errors between 2 and 3 degrees with their
target group that is infants. Our accuracies are comparable
to the ones by Li. However, the accuracies of Li have been
determined as gaze tracking accuracies often are: in a limited
experimental situation where the head is fixed and the user
gazes calibration points on-screen. Our accuracies were cal-
culated as the actual errors in the point-and-click experiments.
Thus, our errors represent the accuracy of the multimodal
system as affected by both eye and head tracking accuracies
and their cumulative errors. The facial movements that were
used for clicking may also have an effect on the accuracy, since
the head-mounted device might move while making the clicks,
and the fixation target of the gaze might also slightly change
when making the voluntary facial movements. However, it
should be noted that mean is not a good metric for the error
in gaze tracking or in point-and-click tasks as the distribution
is not normal.

The introduced multimodal prototype system is mainly
targeted to individuals with disabilities, but the study was
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carried out with healthy participants. Using such participants
was considered reasonable at this stage of development. Also,
while the number of participants was low, the amount of data
collected still is vast and covers different problematic scenarios
encountered by the system. When considering eye movements
only, studies also show that eye movement behaviour has large
intra-individual variability as Bollen et al. [22] state about
saccadic eye movements. This indicates that a broad variation
could be met from a relatively small group of subjects. Also,
possible jitter introduced in the gaze tracking with disabled
users due to abnormal eye behaviour could be overcome, for
example, with the introduction of an adaptive method that
adapts to individual jitter characteristics as described by Sesin
et al. [23].

V. CONCLUSIONS

The main result of this study is the introduction of a func-
tional, multimodal prototype system combining head-mounted,
video-based gaze tracking and capacitive facial movement
detection. The gaze tracking hardware components were cheap
commercial ones. In the context of real-time applications and
HCI, the system includes the first wireless implementation of
a video-based gaze tracker. As opposed to previous studies
on head-mounted gaze trackers in HCI, the prototype system
uses head orientation compensation to allow natural head
movements. The achieved point-and-click accuracies suggest
that the mapping of the gaze direction to on-screen coordinates
does not compromise the accuracy relative to pure gaze
trackers, which is a promising result.

Limitations of the study included using limited number
of healthy participants as opposed to the main target group
of people with physical disabilities. Another limitation is
that the system suffers from some performance issues mostly
associated with the pupil detection algorithm that does not
represent the state-of-the-art.

The system could be further developed by updating the
hardware. Distortions in the videos could be avoided with
more powerful transmitters, or ones utilising alternative fre-
quency bands such as 5.8 GHz. Both types of transmitters
are commercially available. The algorithms should be partially
updated also. The pupil detection algorithm should be made
more robust. The Starburst algorithm described by Li et al. [5],
[21] represents such an approach. Chen et al. [24] have also
described a robust way of extracting the iris and the pupil
from images. The 10-sample moving average filtering in the
gaze tracking should also be replaced with a better alternative.
Kalman filter or the jitter removal by Sesin et al. [23] could
be considered. Additional accuracy could be achieved by
modelling the 3D structure of the eye in the tracking. The
screen detection should also be improved. A reasonable way
is detecting the screen itself or possible on-screen markers.
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Abstract

The effect of facial behaviour on gaze tracking accuracy was stud-
ied while using a prototype system that integrated head-mounted,
video-based gaze tracking and a capacitive facial movement detec-
tion for respective pointing and selecting objects in a simple graph-
ical user interface. Experiments were carried out to determine how
voluntary smiling movements that were used to indicate clicks af-
fect the accuracy of gaze tracking due to the combination of user
eye movement behaviour and the operation of gaze tracking algo-
rithms. The results showed no observable degradation of the gaze
tracking accuracy when using voluntary smiling for object selec-
tions.

Keywords: capacitive facial movement detection, gaze tracking,
human-computer interaction, multimodal interaction, voluntary fa-
cial movements

1 Introduction

Gaze tracking has been used in human-computer interaction (HCI)
already for some decades [Ware and Mikaelian 1987]. It is com-
monly used for two-dimensional pointing, which makes the accu-
racy of the tracking an important measure of its performance. The
accuracies of different video-based gaze trackers have been consid-
ered in several studies. The video-based trackers can be catego-
rized into head-mounted and remote trackers based on the location
of their cameras. Head-mounted devices have had accuracies better
than 2◦ [Li et al. 2006; Ryan et al. 2008; Rantanen et al. 2011].
Similar degree of accuracy has been achieved with a single remote
camera [Coutinho and Morimoto 2010]. Commercial gaze trackers
with multiple remote cameras, for example those by Tobii [2011],
report accuracies up to 0.5◦.

Conventionally two-dimensional pointing in HCI is carried out with
the mouse that also includes another interaction modality, i.e. in-
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dicating the selections. However, in some cases using only infor-
mation measurable from the head area to implement both pointing
and selecting may be beneficial, e.g. when the user has physical
disabilities. New interaction methods different from the conven-
tional ones may also be experienced more interesting and fun to
use. Originally, when gaze tracking was used as a method to con-
trol an on-screen cursor, so called dwell time was introduced to
make the selections [Ware and Mikaelian 1987]. With the dwell
time, the selections are made when the gaze has dwelled on the
same location for a certain time period. Some studies have con-
sidered dwell time problematic and using another modality for the
selections has been suggested. Using blinking, winking and gaze
gestures and detecting them by, for example, imaging the eyes or
measuring electro-oculogram are some alternatives [Park and Lee
1996; Gips 1998]. After electromyography (EMG) was introduced
as a method to use voluntary facial muscle activity in the interac-
tion [Barreto et al. 2000], it has also been used for the clicking task
when gaze tracking is used for controlling the cursor [Partala et al.
2001; Surakka et al. 2004; Surakka et al. 2005; San Agustin et al.
2009]. These studies considered frowning, smiling, and tightening
the jaw movements in the interaction, with the statement that the
smiling is the fastest one in this context [Surakka et al. 2005]. Later
on, Rantanen et al. [2010] introduced a capacitive facial movement
measurement to detect the facial movements instead of the EMG
measurement to avoid using the electrodes with galvanic contact to
the skin. The method has been used to detect frowning and raising
eyebrows for clicking when a gaze tracker has been used for cur-
sor control [Rantanen et al. 2011; Tuisku et al. 2011; Tuisku et al.
2012].

Previous study [Rantanen et al. 2011] already discussed the angular
accuracy of making selections with a head-mounted gaze tracker
that has an integrated facial movement measurement for the click-
ing. While the use of voluntary facial movements in combination of
gaze tracking have been well justified and studied, the current study
provides information about the effect that the voluntary movements
have on the gaze tracking accuracy. The movement whose effect on
the gaze tracking accuracy was studied was the smiling movement.
Smiling was selected because it has previously been argued to be
the fastest one in this context [Surakka et al. 2005]. It is evident that
the dwell time should not compromise gaze tracking accuracy, but
the use of facial movements might have some effect due to the com-
bination of user eye movement behavior and the way the gaze track-
ing algorithms operate. For the study, we constructed a prototype
system that carries out head-mounted gaze tracking in combination
with a capacitive measurement that detects the facial movements.
The contactless, capacitive measurement was chosen because the
measurement shouldn’t be obtrusive as EMG is, and, thus, possi-
bly affect facial behaviour. The processing of the measured data to
achieve the point-and-click operation is also presented. The proto-
type system was built because head-mounted systems for the tasks
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are not available if not built from separate components. Our system
contains many low-cost, off-the-shelf components but some of the
electronics is custom made. Off-the-shelf equipment for capacitive
facial movement detection is not available at all even if the techno-
logical solutions are.

2 Methods

2.1 Prototype System

Our prototype system has a similar design as previous head-
mounted prototype systems [Barreto et al. 2000; Li et al. 2006;
Ryan et al. 2008; Franchak et al. 2010; Rantanen et al. 2011]. The
constructed prototype device is seen in Figure 1. The head-mounted
unit consists of the measurement and imaging parts, and a separate
unit provides the wireless functionality. The two are connected via
wires. The wireless unit includes 4 AA batteries, power supply cir-
cuitry, and wireless transmitters for the video signals. The computer
that is used with the prototype needs receivers and frame grabbers
for the videos as well as Bluetooth functionality for the capacitive
facial movement measurement.

(a) Head-mounted unit. (b) Unit for wireless operation.

Figure 1: The wearable prototype device.

The software for the interpretation of the data from the prototype
device to on-screen cursor movements and clicks was made us-
ing Microsoft Visual C++, Microsoft Foundation Classes (MFC),
the OpenCV and Boost libraries, and the OpenEyes software. The
software is designed for processing the data online with common
desktop or laptop computers.

2.1.1 Gaze Tracking

The gaze tracking is based on low-cost CMOS cameras with analog
video output in PAL format. The eye camera is a grayscale pinhole
camera with a resolution of 352 x 288 pixels and the scene camera
is a color camera with a resolution of 597 x 537 pixels. The view-
ing angles of the cameras are approximately 50◦ and 85◦ for the
eye and scene ones, respectively. The cameras are automatic except
for the focusing. The eye camera was slightly modified to image in
the infrared wavelengths. An infrared light emitting diode (LED) is
used to provide illumination and a corneal reflection for gaze track-
ing. Thus, the tracking is based on so-called dark pupil technique
[Li et al. 2006]. The used video transmitter and receiver modules
are AWM630TX and AWM634RX by Airwave Technologies. The
transmission uses the common free 2.4 GHz band. Frame grabbers
are low-cost ones by MSI.

Before applying gaze tracking, the intrinsic camera parameters
(e.g., focal point) and distortions (e.g., lens distortion) need to be
accounted for. The commonly used chessboard calibration proce-
dure was used for the task [Bradski and Kaehler 2008].

The first task in the gaze tracking with the head-mounted system is
estimating the eye orientation. To find the locations of the pupil and
the corneal reflection for the estimation, a feature-based approach
similar to the one described in [Rantanen et al. 2011] is used. The
image is preprocessed, pupil is searched from the darkest pixels of
the image, and the reflection from the lightest. Different criteria
are set to identify the two from possible candidates, and the eye
orientation is considered to be the 2D vector between their centers
[Rantanen et al. 2011].

The second task for the gaze tracking is estimating the head orien-
tation. It is done by detecting the computer screen from the scene
camera image. Preprocessing is done with Gaussian filtering. Then,
threshold filtering is done to extract the dark screen border before
contours are searched from the resulting image. The contours are
classified as rectangles if their shape is rectangular enough. Possi-
ble candidates for the outer and inner contour of the screen border
are selected from the rectangles based on the colors of the neigh-
boring pixels of the rectangle corners. The screen is considered to
be found if an inner contour candidate has its corners close enough
to the diagonals of an outer contour candidate. If such criterion
is not met, the largest inner contour candidate is considered as the
screen’s inner border. Based on the found screen, the translation
and rotation of the camera is computed.

Calibration procedure is required to solve what point on the scene
image does each eye orientation vector correspond to. Gazing at
on-screen points is used to collect information for solving a homog-
raphy matrix that can be used to transform eye orientation vectors
to coordinates on the scene image [Li 2006; Rantanen et al. 2011].

The coordinates on the scene image still need to be projected to
physical coordinates on the computer screen to use the gaze for
pointing. Values for the scene image coordinates, the intrinsic
scene camera parameters, and the rotation and translation of the
scene camera are used in the projection. The physical coordinate
is mapped to a pixel coordinate to obtain the on-screen location of
the gaze. The pixel coordinates are filtered with a simple moving
average of 10 samples to smoothen the cursor movements.

2.1.2 Capacitive Facial Movement Detection

The measurement method for detecting facial movements capac-
itively in human-computer interaction uses the same principle as
capacitive push-buttons and has been introduced in [Rantanen et al.
2010]. Due to the advancements in the capacitive measurement
technology, the capacitive measurement can be implemented with a
single electrode that introduces an electric field. When a conduct-
ing object shunts the electric field to the ground, the shunting can
be measured. We chose a programmable controller for capacitance
touch sensors (AD7147 by Analog Devices) for the task. The pro-
totype device in Figure 1 has one electrode in front of the forehead
behind the scene camera, and one in front of both of the eyebrows
and cheekbones. This placement allows to target frowning, raising
eyebrows, and smiling movements. The measured signals are trans-
mitted to the computer via a Bluetooth transceiver module (RN-41
by Roving Networks).

The algorithm used for detecting the movements from the measured
signals is similar to the one described in [Rantanen et al. 2011]. The
signal is pre-processed before it’s fed to a constant false alarm rate
(CFAR) processor to produce an adaptive threshold. The threshold
can be used to produce a binary signal that is integrated, and the
output is compared with a second threshold to decide if a movement
has occurred or not.
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2.2 Experiments

Point-and-click experiments were carried out in laboratory condi-
tions to collect data. Five participants, females between ages 21 to
34, were selected from volunteers. They all had normal vision. On-
screen targets, a pair at a time, were shown to the participants, and
participants had to select the targets by pointing them with the gaze
and carrying out the voluntary smiling movement as many times
as required to hit the target. After each pair was chosen there was
a few second pause to allow the participants to relax briefly. The
locations of the targets were varied so that the targets of the pairs
appeared in all the possible horizontal, vertical, and diagonal di-
rections with respect to each other. The sizes and distances of the
targets were also varied, so that the locations of the targets cov-
ered the screen quite extensively. Each participant had to select 72
pairs of targets. The described experimental procedure was chosen
to make the experiments similar to actual use in a point-and-click
computer interface. The cursor was kept visible during the exper-
iments. The computer screen was a 24-inch wide screen, and the
participants sat at a distance of 60 cm from it.

2.3 Measurement Data Analysis

Angular distances of consecutive gaze coordinates were considered
as an indicator of the accuracy for this purpose. While they actu-
ally represent the precision, they also contribute to the accuracy.
Using them as the inspected measure in the analysis provides a bit
more information about the behavior of the computed gaze coor-
dinates compared to using the angular error distances of the selec-
tions. Each angular distance was estimated by calculating the arc
tangent of the ratio of the on-screen distance of the coordinates and
the distance of the user to the computer screen. The distances were
calculated separately for two time frames: the entire experiment
and during the smiles. For the latter time frame, short intervals
right before each selection that was registered by the facial move-
ment detection algorithm were considered. The lengths of the in-
tervals were 10 samples, i.e. 0.4 seconds, based on the length of
the smoothing filter of the gaze coordinates. This makes the in-
tervals include the samples that contribute to the gaze coordinates
right at the selection. As this analysis would include all angular dis-
tances including those resulting from saccadic eye movements be-
tween the on-screen targets and possible eye movements resulting
from gazing somewhere else than at the targets, distances beyond
1.5 times the interquartile range from the upper quartile were con-
sidered outliers to leave only the data about the fixations. However,
outliers were included while comparing the distribution medians of
the two time frames. The comparison was done by calculating the
Mann-Whitney U test for the distances of the two time frames with
each participant individually. Removing also the resting periods be-
tween consecutive pairs of targets as outliers was considered, but it
was not done as it had an insignificant impact the results.

3 Results and Discussion

The distributions of the computed angular distances are shown in
Figure 2. Table 1 shows the comparison between the two time
frames and also lists the number of the angular distances they
included. The angular distances with participant 5 were larger
throughout the experiments due to distortions in the wireless trans-
mission resulting possibly from low battery charge levels of the
wearable prototype.

The results show that with the participants there was no observable
degradation of the gaze tracking accuracy in terms of the observed
angular distances due to the voluntary smiling movements that were
used for the selections. The angular distances of the gaze coordi-
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(a) Angular distances of the en-
tire experiment.
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(b) Angular distances right be-
fore each selection.

Figure 2: The distributions of the angular distances between con-
secutive gaze coordinates. Horizontal lines are the medians, boxes
extend from lower to upper quartiles, and whiskers to the maximum
angle that is not considered an outlier.

Partic. ntot, nsel z p

1 8820, 1500 -7.65 < 0.001
2 11250, 1730 -3.12 < 0.01
3 9130, 1740 -7.27 < 0.001
4 19450, 2270 -6.96 < 0.001
5 16400, 2600 -6.87 < 0.001

Table 1: Results of the Mann-Whitney U test that compared the
angular distances during the two time frames. The test reveals a
statistically significant difference with each participant. ntot is the
number of angular distances in the entire experiment and nsel right
before each selection. The values for the normalized test statistic z
and the p value of the two-tailed test are also shown.

nates are even slightly smaller right before each selection. However,
this may be affected by the fact that the entire experiment includes
all the eye movements that are not considered outliers by the cho-
sen criterion. The criterion makes it possible to remove the effect of
saccadic eye movements, but other types of eye movements might
still affect the results.

The number of participants in our experiments was low, but we col-
lected relatively significant amount of data from the few female
participants we had. Bollen et al. [1993] have previously shown
that eye movements have large intra-individual variation which is
why a large group of participants may not even be needed to meet
different variations. The same study didn’t report any differences
between male and female participants.

4 Conclusion

Previous studies have reported the use of voluntary facial move-
ments in human-computer interaction to indicate selections when
gaze tracking has been used for cursor control. The effect of the
voluntary movements on the gaze tracking accuracy has not been
studied, although it has been stated that a multimodal system sim-
ilar to the one in this study can achieve an accuracy of selections
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comparable to that of pure gaze trackers [Rantanen et al. 2011]. Our
results with the constructed prototype system do not show that the
gaze tracking accuracy would be compromised during the volun-
tary smiling movements. In other words, the possible effect of the
movements to eye movement behavior and the operation of gaze
tracking algorithms could not be observed.

The limitations of our study include the fact that the accuracy and
the precision of the constructed point-and-click prototype system
limit the smallest observable degradation of accuracy. As gaze
trackers improve, similar studies should be carried out to find out
if the effect we were looking for could be registered. Addition-
ally, the study could be expanded with different facial movements
in addition to the smiling one even if smiling has previously been
suggested as the fastest movement for the selections. A comparison
of accuracies between selecting with the facial movement detection
and with the dwell time could be carried out. Additional objective
measures and subjective ratings could be considered and compared
to provide more information for extending the current study.
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Abstract: A wide range of applications can bene-
fit from the measurement of facial activity. The current
study presents a method that can be used to detect the
movements of different parts of the face and expressions
that they form. The method is based on capacitive mea-
surement of facial movements and utilisation of princi-
pal component analysis on the measured data to identify
active areas of the face. Experiments involving a set
of voluntary facial movements were carried out with 10
participants. The results show that the method could
be applied to locating facial activity during movements
such as raising and lowering eyebrows, opening mouth,
raising mouth corners, and lowering mouth corners.

Keywords: Capacitive measurement, distance mea-
surement, facial activity measurement, facial movement
detection, principal component analysis

1. INTRODUCTION

Measuring facial movements has many possible appli-
cations. Human-computer and human-technology inter-
action (HCI and HTI) can use information of voluntary
facial movements for the interaction. Other applications
can also benefit from the automated analysis of human
facial movements and expressions.

In the context of HCI, the use of facial movements
has been studied already for a decade. The first imple-
mentations were based on measuring electromyographic
(EMG) signals that reflect the electrical activity of the
muscles [1]. The measurement system by Barreto et al.
[1] utilised only bioelectric signals for pointing and select-

ing objects, but later on EMG measurement was adopted
as a method to indicate selections in HCI where gaze is
used for pointing [2, 3, 4, 5]. Recently, a capacitive de-
tection method has been introduced as an alternative for
the facial EMG measurement [6]. It provides a contact-
less alternative that measures facial movement instead of
the electrical activity of the muscles that EMG measures.
Studies about pointing and selecting with the capacitive
method in combination with head-mounted, video-based
gaze tracking have been also published [7, 8, 9].

Facial Action Coding System (FACS) is a method
that characterizes facial actions based on the activity of
different facial muscles [10, 11]. Each facial expression
has certain activated muscles that can have different lev-
els of contraction. FACS and the detection of active mus-
cles can be used as a basis for automatically analysing
facial expressions for different application areas, such as
behavioural science [12] and neuropsychiatry [13]. These
studies use vision-based methods in the analysis, but fa-
cial EMG has also been shown to be suitable for mea-
suring emotional reactions from the face [14]. This has
been done long before EMG has been applied in the HCI
context to detect voluntary facial movements.

The presented method applies capacitive measure-
ment principles to measure the activity of the face. It
has several advantages over other methods that can be
used for the task. Compared to EMG measurements, the
presented method allows the measurement of more chan-
nels simultaneously. It is contactless, and thus it does
not require the attachment of electrodes to the face. At-
tached electrodes significantly limit the maximum num-
ber of measurable channels and they may also affect fa-
cial movements that are being targeted with the mea-



surement. When compared to vision-based detection of
facial activity, the capacitive method allows easier inte-
gration of the measurement to mobile, head-worn equip-
ment, is unaffected by environmental lighting conditions,
and can be expected to be carried out with computation-
ally less intensive signal processing.

For the current study, a wireless, wearable prototype
device was constructed, and analysis of data from con-
trolled experiments was done to identify the location
of facial activity during different voluntary movements.
Voluntary facial gestures have previously been detected
by identifying transient peaks from the signals [6]. The
presented method provides a more robust way to analyse
the facial activity based on multichannel measurements.

2. METHODS

Capacitive Facial Movement Detection: The
measurement method for measuring facial activity is
based on the capacitive detection of facial movements
that was introduced in [6]. The measurement applies
the same measurement principle as capacitive push but-
tons and touchpads, and a single measurement channel
requires only a single electrode that produces an electric
field. The produced field can be used to detect conduct-
ing objects in its proximity by measuring the capacitance
because the capacitive coupling between the electrode
and the object changes as the object moves. In princi-
ple, the measurement is a distance measurement between
the target and the electrode.

Prototype Device: The wearable measurement pro-
totype device is shown in Fig. 1. The device was con-
structed as a headset. The earmuffs of the headset house
the necessary electronics, and the extensions seen in front
of the face include the electrodes for the capacitive mea-
surement channels. There are 22 electrodes in total, 11
for both sides of the face. The topmost extensions have
4 electrodes each, the middle ones have 3 each, and the
lowest ones have 4. The electrodes are printed circuit
board pieces with a size of 12 x 20 mm. They are con-
nected to the measurement electronics with thin coaxial
cables that shield the signals. The capacitive measure-
ments are carried out with a programmable controller for
capacitance touch sensors (AD7147 by Analog Devices).
The sampling frequency was dictated by technical limi-
tations and it was set to the maximum possible, 29 Hz.
The device is battery-powered and a Bluetooth module
(RN-41 by Roving Networks) provides the connectivity
to the computer. The device has the possibility for addi-
tional measurements such as inertial measurements via
a 3D gyroscope and a 3D accelerometer. The operation
of the device is controlled by Atmel’s ATMega168P mi-
crocontroller.

Experiments: Ten participants, five male and five fe-
male, inexperienced in doing voluntary facial movements

Top

Middle

Bottom

LeftRight

Figure 1: The wearable measurement device. The num-
bers represent the extension pieces that house the mea-
surement electrodes. The actual electrode locations are
on the pieces facing the face.

were briefly trained to perform a set of voluntary fa-
cial movements. The movements were: lowering the eye-
brows, raising the eyebrows, closing the eyes, opening the
mouth, raising the mouth corners, lowering the mouth
corners, and relaxation of the face. The relaxation was
included to help the participant relax during the experi-
ments while doing the other movements. The movements
were instructed to be performed according to the FACS
[11]. The participants were instructed to activate only
the needed muscles during each of the movements. After
a brief practise period and verification that the partici-
pant made the movements correctly, the device was worn
by the participant as shown in Fig. 1: the top extensions
targeted the eyebrows, the middle ones the cheek areas,
and the bottom ones the jaw and mouth area. The dis-
tance of each of the measurement electrodes from the
facial tissue was adjusted to be as close as possible with-
out the electrodes touching the face during the move-
ments. This way the distance was approximately 1 cm
for all locations. In the experiments, synthesized speech
was used to give instructions to the participants to per-
form each individual movement. After putting on the
device, two repetitions of each of the movements were
carried out in a controlled practise session to familiarise
the participants with the experimental procedure. Fi-
nally, the actual procedure was started. Ten repetitions
of each movement were carried out in randomized or-
der. A mirror was used throughout the experiments to
provide visual feedback of the facial movements to the
participants.

Data Processing: First the capacitive signals were
converted to signals proportional to the physical distance
between the facial tissue and the measurement electrode.
The conversion normalises the sensitivity of the measure-



ment to the distance. The capacitance measurement was
modelled with the equation for parallel plate capacitor:

C =
εA

d
, (1)

where ε is the permittivity of the substance between the
plates, A the plate area, and d the distance between the
plates. One plate is formed by the measurement elec-
trode and the other by the targeted facial tissue. While
the surface profile of the facial tissue is often not a plate,
each unique profile can be considered to have such an
equivalent plate that the equation holds. Since the re-
lationship between the capacitance and the distance is
inversely proportional, the sensitivity of the capacitance
to the distance is dependent on the distance itself. The
absolute distance is not of interest, and a measure pro-
portional to the distance can be calculated as

dp =
1

C
=

1

Cs − Cb
, (2)

where Cs is the value of the measured capacitance sam-
ple and Cb is the base level of the capacitance channel.
Each channel has a unique base level that is affected by
the length of the electrode cable and the surroundings
of the electrode determined by its position on the exten-
sion. For the conversion, the base levels of all the capac-
itance channels were measured when the measurement
electrodes were directed away from conducting objects.

After converting the capacitance signals, they were
processed with a moving median filter with a length of
35 samples (approximately 1.2 seconds) to remove noise.
Further, the signals were normalised by removing their
means during each repetition of the instructed move-
ments. The resulting signal sequences are proportional
to relative changes in the physical distance.

Principal component analysis (PCA) was carried out
to the preprocessed signal sequences to find out the lo-
cations of the facial activity during the instructed facial
movements. PCA is a linear method which transforms a
data matrix with multiple variables, measurement chan-
nels in this case, to a set of uncorrelated components [15].
These principal components are linear combinations of
original variables and they describe the major variations
in the data. PCA decomposes the data matrix X, which
has m measurements and n channels, as the sum of the
outer product of vectors ti and pi and residual matrix
E:

X = t1p
T
1 + t2p

T
2 + · · ·+ tkp

T
k +E, (3)

where k is the number of principal components used. If
all possible components are used, the residual reduces to
zero. Vectors ti are called scores, and pi are eigenvectors
of the covariance matrix of X and are called loadings.
The principal components are ordered according to the
corresponding eigenvalues.

To localise facial activity, the first principal compo-
nent and its loadings were considered. The first principal
component describes the major data variations, and thus
the location of the most significant facial activity can be

identified by analysing the loadings of the measurement
channels with respect to it.

To present the results, the vertical location of each
repetition of the movements was mapped to the part of
the face that introduced two of the three most significant
loadings of the first principal component. For calculating
percentages of successful mappings, the correct source of
activity was considered to be the top extension channels
for the lowering and raising eyebrows as well as the clos-
ing eyes movement, the bottom extension channels for
the opening mouth and lowering mouth corners move-
ments, and the middle or bottom extension channels for
the raising mouth corners movement. Median loadings
of the 10 repetitions of each movement were calculated
for each participant and channel separately to verify the
decisions about the correct sources of activity.

3. RESULTS AND DISCUSSION

Fig. 2 and 3 show examples of the signals the mea-
surement channels registered during the experiments and
how the conversion from capacitance signals to ones that
are proportional to the distance normalises the signals.
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(a) Raw capacitance signals.
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(b) Signals after the conversion to distance signals.

Figure 2: Signals from the 10 repetitions of the rais-
ing eyebrows movement with one participant. The dif-
ferent sides of the face are represented on the left and
on the right. The top, middle, and bottom graphs rep-
resent the measurements from the corresponding exten-
sions. The colours represent the different channels as
shown in Fig. 1: red, green, blue, and grey starting from
the centre of the face. Signal baselines are aligned for
the illustration.



Left Right

C
(a
.u
.)

0 2 4 6

t (s)

0 2 4 6

t (s)

(a) Capacitance signals.

Left Right

d
p
(a
.u
.)

0 2 4 6

t (s)

0 2 4 6

t (s)

(b) Signals after the conversion to distance signals.

Figure 3: Signals from the 10 repetitions of the opening
mouth movement with one participant. See Fig. 2 for
explanation of the presentation.

Examples of the detected facial activity presented as
the loadings of the first principal component are shown
in Fig. 4.

Left Right

(a) The raising eyebrows movement.

Left Right

(b) The opening mouth movement.

Figure 4: Examples of the facial activity as represented
by the loadings of the first principal component during
the movements with single participants. Each graph rep-
resents the loadings of the 10 repetitions from the mea-
surement channel of the corresponding physical location.

The performance of locating the different movements
is presented in Table 1.

Table 1: The percentages of successful mapping of the
vertical location of the movements. The last row shows
the means and standard deviations for the movements.

Part-
ici-
pant

Lowering
eye-
brows

Raising
eye-
brows

Closing
eyes

Opening
mouth

Raising
mouth
corners

Lowering
mouth
corners

1 100 90 50 100 100 100
2 100 100 60 100 100 100
3 100 100 90 100 100 100
4 100 100 100 100 100 100
5 100 100 30 100 100 100
6 100 100 100 100 100 100
7 100 100 40 100 100 100
8 90 100 80 100 100 100
9 100 100 100 100 100 60
10 100 100 80 100 100 100

Mean 99± 3 99±3 73±26 100±0 100± 0 96± 13

Out of the 6 included voluntary movements, opening
mouth and raising mouth corners are located correctly
in all the repetitions with all participants. Lowering eye-
brows and raising eyebrows are located correctly in al-
most all the repetitions with all participants. Only a
single repetition of both is incorrectly located. Lowering
mouth corners is correctly located except for 4 repeti-
tions with a single participant. Closing eyes has a limited
success rate in the mapping with 7 out of 10 participants.

The locations of the three measurement channels that
registered the most significant activity during the exper-
iments according to the median loadings are presented
in Table 2. The locations can be used as a basis for
mapping the movements as was done with the presented
vertical location mapping. The table also verifies that
the decisions regarding the correct sources of activity
were justified according to the used order statistic, the
median.

Incorrectly detected activity can be a result of several
factors. Firstly, the participants could not always carry
out the movements exactly as instructed, but some un-
intentional activity of other muscles was included. Sec-
ondly, the measurement and the applied data processing
both are slightly sensitive to the movement of the pro-
totype device on the head. This may result in false de-
tection of activity when the device moves instead of the
facial tissue. Thirdly, including only one principal com-
ponent may limit the performance of locating the activ-
ity. The amount of the variance explained by the first
principal component was not analysed in this study, but
it could be used to provide an estimate of the certainty in
locating the activity. More principal components could
be added to the analysis to increase the certainty. Fi-
nally, the mentioned error sources are also affected by
the noise in the measurement. The noise is dependent
on the distance of the measurement electrodes from the
target. The current implementation normalises the sig-
nal levels, but the normalisation also scales the noise



Table 2: The locations of the three measurement channels that had the most significant impact on the measured facial
activity as indicated by the median loadings of the respective first principal components during the movements. The
locations and numbers correspond to the locations and numbering in Fig. 1. The italic type indicates measurement
channels that have significant facial activity in movements in which they should not have.

Participant Lowering eye-
brows

Raising eye-
brows

Closing eyes Opening mouth Raising mouth
corners

Lowering
mouth corners

1 top right 1, top right 1, top right 1, bottom right 3, bottom right 1, bottom right 3,
top left 1, top left 1, top left 2, bottom right 2, bottom right 3, bottom right 2,
top right 2 bottom right 1 bottom right 3 bottom right 1 bottom left 1 bottom right 1

2 top left 1, top right 1, top right 3, bottom right 3, middle right 1, bottom left 3,
top right 2, top left 1, top right 1, bottom right 2, middle right 2, bottom right 3,
top right 3 top right 2 middle right 1 bottom right 1 middle left 2 bottom left 4

3 top right 1, top right 1, top right 2, bottom right 3, middle right 1, bottom right 1,
top left 1, top right 2, top left 2, bottom right 1, middle left 1, bottom right 3,
top right 3 top left 1 top left 1 bottom right 2 bottom right 1 bottom right 2

4 top right 1, top right 1, top right 1, bottom right 3, middle right 1, bottom left 2,
top left 1, top right 2, top right 2, bottom right 1, middle left 1, bottom right 2,
top right 2 top left 1 top left 1 bottom left 3 middle right 2 bottom left 3

5 top left 2, top right 1, bottom right 1, bottom right 1, bottom right 1, bottom left 1,
top right 1, top left 1, top right 1, bottom right 2, middle right 1, bottom right 1,
top right 2 top right 2 bottom left 2 bottom right 3 bottom right 3 bottom left 2

6 top right 2, top right 1, top right 1, bottom right 3, middle right 1, bottom right 3,
top left 2, top right 2, top right 3, bottom right 2, bottom right 1, bottom right 1,
top right 3 top left 2 top right 4 bottom right 1 middle right 2 bottom left 3

7 top right 1, top right 1, top right 1, bottom right 1, bottom right 1, bottom right 2,
top right 2, top left 1, top right 2, bottom right 2, bottom left 1, bottom right 1,
top left 2 top right 2 bottom right 2 bottom right 3 bottom left 3 bottom right 3

8 top right 2, top right 1, top right 2, bottom right 1, middle right 1, bottom right 1,
top left 2, top right 2, top right 1 bottom right 3, middle right 2, bottom right 2,
top right 3 top left 1 top left 1 bottom right 2 middle left 1 middle right 1

9 top right 1, top right 2, top right 2, bottom left 1, middle right 1, bottom right 1,
top left 1, top right 1, top left 2, bottom right 1, middle right 2, bottom right 2,
top right 2 top right 3 top right 1 bottom right 3 bottom right 2 middle right 1

10 top right 2, top right 2, top right 3, bottom right 3, middle right 1, bottom right 2,
top right 3, top right , top right 4, bottom right 1, middle left 2, bottom right 1,
top right 1 top left 2 top right 2 bottom right 2 bottom left 2 bottom left 2

so that measurements with the facial tissue further away
from the measurement electrode include more noise than
when the tissue is closer. With additional pre-processing,
the effect of the noise could be cancelled out.

4. CONCLUSION

A new method for mobile, head-worn facial activity
measurement was presented. The capacitive method and
the prototype constructed for studying it were shown to
perform well in locating different voluntary facial move-
ments to the correct areas on the face based on prin-
cipal component analysis of the measured signals. The
method has clear benefits when compared to computa-
tionally more intensive vision-based methods and EMG
that requires attachment of electrodes on the face.

Future research on the method is required to develop
signal processing methods to detect and classify facial ac-
tivity in real-time for human-technology interaction con-
texts and in behavioural analysis of the user. In the
former, voluntary and even involuntary gestures and ex-

pressions could be detected and used as control signals.
Behavioural analysis would benefit from the identifica-
tion of more complex facial expressions, i.e. the com-
binations of activity at different locations on the face.
Furthermore, determining the intensity level of the ac-
tivity of different facial areas could provide additional
information. It could be studied how different activation
levels can be distinguished from one another with the
presented method.
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1. INTRODUCTION 

Measuring facial movements has many possible applications. 
Human-computer and human-technology interaction (HCI and 
HTI) can use information of voluntary facial movements for 
the interaction [1]-[7]. Other applications, for example in 
behavioural science and medicine, can also benefit from the 
automated analysis of human facial movements and expressions 
[8]-[15]. 

In the context of HCI, the use of facial movements has been 
studied already for a decade. The first implementations were 
based on measuring electromyographic (EMG) signals that 
reflect the electrical activity of the muscles [1]. The 
measurement system by Barreto et al. [1] utilised only 
bioelectric signals for pointing and selecting objects, but later 
on the EMG measurement was adopted as a method to indicate 
selections in HCI when gaze is used for pointing [2], [3], [4], [6]. 

Recently, a capacitive detection method has been introduced as 
an alternative for the facial EMG measurement [5]. It provides 
a contactless alternative that measures facial movement instead 
of the electrical activity of the muscles that the EMG measures. 
Studies about pointing and selecting with the capacitive method 
in combination with head-mounted, video-based gaze tracking 
have been also published [7], [16], [17], [18]. 

Facial Action Coding System (FACS) is a vision-based 
method that characterises facial actions based on the activity of 
different facial muscles [19], [20]. Each facial expression has 
certain activated muscles that can have different levels of 
contraction. FACS and the detection of active muscles have 
been used as a basis for automatically analysing facial 
expressions, for example, for the use of behavioural science and 
medicine [9], [10], [11], [13], [14], [15]. These studies describe 
automated implementations of FACS by using vision-based 

ABSTRACT 
A wide range of applications can benefit from the measurement of facial activity. The current study presents a method that can be 
used to detect and classify the movements of different parts of the face and the expressions the movements form. The method is 
based on capacitive measurement of facial movements. It uses principal component analysis on the measured data to identify active 
areas of the face in offline analysis, and hierarchical clustering as a basis for classifying the movements offline and in real-time. 
Experiments involving a set of voluntary facial movements were carried out with 10 participants. The results show that the principal 
component analysis of the measured data could be applied with almost perfect performance to offline mapping of the vertical location 
of the facial activity of movements such as raising and lowering eyebrows, opening mouth, raising mouth corners, and lowering mouth 
corners. The presented classification method also performed very well in classifying the same movements both with the offline and 
the real-time implementations. 
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methods in the analysis. However, facial EMG can also register 
facial actions and provide information that is highly similar to 
the one provided by FACS [11]. EMG has also been shown to 
be suitable for measuring emotional reactions from the face [8]. 
This has been done long before EMG was first applied in the 
HCI context to detect voluntary facial movements. 

The presented method applies capacitive measurement 
principles to measure the activity of the face. It has several 
advantages over the other methods that can be used for the 
task. Compared to EMG measurements, the presented method 
allows the measurement of more channels simultaneously. It is 
contactless and it does not require the attachment of electrodes 
to the face. Attached electrodes significantly limit the maximum 
number of measurable channels and they may also affect facial 
movements that are being targeted with the measurement [11], 
[21]. When compared to vision-based detection of facial 
activity, the capacitive method allows easier integration of the 
measurement to mobile, head-worn equipment, is unaffected by 
environmental lighting conditions, and can be carried out with 
computationally less intensive signal processing. 

For the current study, a wireless, wearable prototype device 
was constructed, and analysis of data from controlled 
experiments was done to identify the location of facial activity 
and to classify it during different voluntary movements. 
Voluntary facial movements have previously been detected by 
identifying transient peaks from the signals [5]. The presented 
method provides a more robust way to analyse the facial activity 
based on multichannel measurements. 

2. METHODS 

2.1. Capacitive Facial Movement Detection 

The measurement method for measuring facial activity is 
based on the capacitive detection of facial movements that was 
introduced in [5]. It applies the same measurement principle as 
capacitive push buttons and touchpads, and a single 
measurement channel requires only a single electrode that 
produces an electric field. The produced field can be used to 
detect conducting objects in its proximity by measuring the 
capacitance because the capacitive coupling between the 
electrode and the object changes as the object moves. In 
principle, the distance between the target and the electrode is 
measured. 

2.2. Prototype Device 

The wearable measurement prototype device is shown in 
Figure 1. The device was constructed as a headset that should 
fit most adults. The earmuffs of the headset house the 
necessary electronics, and the extensions seen in front of the 
face include the electrodes for the capacitive measurement 
channels. The device contains 22 electrodes in total, 11 for both 
sides of the face. The top extensions have 4 electrodes each, the 
middle ones have 3 each, and the lowest ones have 4. The 
electrodes are printed circuit board pieces with a size of 12 x 20 
mm. They are connected to the measurement electronics with 
thin coaxial cables that shield the signals. The capacitive 
measurements are carried out with a programmable controller 
for capacitance touch sensors (AD7147 by Analog Devices). 
The sampling frequency was dictated by technical limitations 
and it was set to the maximum possible, 29 Hz. The device is 
battery-powered and a Bluetooth module (RN-41 by Roving 

Networks) provides the connectivity to the computer. The 
device has the possibility for additional measurements such as 
inertial measurements via a 3D gyroscope and a 3D 
accelerometer. The operation of the device is controlled by 
Atmel’s ATMega168P microcontroller. 

2.3. Experiments 

Ten participants (five male and five female, ages 22-33, 
mean age 27) were briefly trained to perform a set of voluntary 
facial movements. The participants were chosen to be 
inexperienced in carrying out the movements to avoid more 
easily measured overly expressive movements that experienced 
participants might perform. The movements were: lowering the 
eyebrows, raising the eyebrows, closing the eyes, opening the 
mouth, raising the mouth corners, lowering the mouth corners, 
and relaxation of the face. The relaxation was included to help 
the participant relax during the experiments while doing the 
other movements. The movements were instructed to be 
performed according to the guidelines of FACS [20]. The 
participants were instructed to activate only the needed muscles 
during each of the movements. After a brief practise period and 
verification that the participant made the movements correctly, 
the device was worn by the participant as shown in Figure 1: 
the top extensions targeted the eyebrows, the middle ones the 
cheek areas, and the bottom ones the jaw and mouth area. The 
distance of each of the measurement electrodes from the facial 
tissue was adjusted to be as close as possible without the 
electrodes touching the face during the movements. This way 
the distance was approximately 1 cm for all electrodes. In the 
experiments, synthesized speech was used to give instructions 
to the participants to perform each individual movement. After 
putting on the device, two repetitions of each of the 
movements were carried out in a controlled practise session to 
familiarise the participants with the experimental procedure. 
The actual procedure consisted of ten repetitions of each 
movement carried out in randomised order. Participants were 
given 10 seconds to complete each repetition. A mirror was 
used throughout the experiments to provide visual feedback of 
the facial movements to the participants. 

 
Figure 1. The wearable measurement device. The numbers represent the 
extension pieces that house the measurement electrodes. The actual
electrode locations are on the pieces facing the face. 
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2.4. Data Processing 

2.4.1. Signal Processing Principle 

Figure 2 shows a diagram of the pre-processing that was 
applied to the signals prior to further data processing. 

First the capacitive signals were converted to signals 
proportional to the physical distance between the facial tissue 
and the measurement electrode. The conversion normalises the 
sensitivity of the measurement to the distance. The capacitance 
measurement was modelled with the equation of a parallel plate 
capacitor: 

,
d
AC   (1) 

where ε is the permittivity of the substance between the plates, 
A the plate area, and d the distance between the plates. One 
plate is formed by the measurement electrode and the other by 
the targeted facial tissue. While the surface profile of the facial 
tissue is often not a plate, each unique profile can be considered 
to have such an equivalent plate that the equation 1 can be 
applied. Since the relationship between the capacitance and the 
distance is inversely proportional, the sensitivity of the 
capacitance to the distance is dependent on the distance itself. 
The absolute distance is not of interest, and a measure 
proportional to the distance can be calculated as 

,11
bs

p CCC
d


  (2) 

where Cs is the capacitance value and Cb is the base level of the 
capacitance channel. Each channel has a unique base level that 
is affected by the length of the electrode cable and the 
surroundings of the electrode determined by its position on the 
extension. For the conversion, the base levels of all the 
capacitance channels were measured when the measurement 
electrodes were directed away from conducting objects. 

Smoothing and baseline removal were applied to the 
distance signals computed with equation 2. These two steps 
were different when locating the facial activity and when 
classifying it. The differences are explained below in the 
corresponding sections. After processing the signals, only the 
first 4.5 seconds of the signals during each repetition of the 
movements were considered when calculating the results. The 
remaining 5.5 seconds of each 10-second repetition was 

neglected from further analysis because all the participants had 
already finished the instructed movements by then, and they 
sometimes carried out other movements to relax during that 
remaining time. 

2.4.2. Locating Facial Activity 

The smoothing applied to the distance signals when locating 
the facial activity was done with a moving median filter with a 
length of 35 samples (approximately 1.2 seconds). This was 
done to remove noise. Further, the baselines of the signals were 
removed by subtracting the signal means during each repetition 
of the instructed movements. The baseline removal normalises 
the signal sequences so that they represent the relative changes 
in the physical distance. 

Principal component analysis (PCA) was carried out to the 
processed signal sequences to find out the locations of the 
facial activity during the instructed facial movements. PCA is a 
linear method which transforms a data matrix with multiple 
variables, measurement channels in this case, to a set of 
uncorrelated components [22]. These principal components are 
linear combinations of the original variables and they describe 
the major variations in the data. PCA decomposes the data 
matrix X, which has m measurements and n channels, as the 
sum of the outer product of vectors ti and pi and residual 
matrix E: 

,2211 EptptptX  T
kk

TT   (3) 
where k is the number of principal components used. If all 
possible components are used, the residual reduces to zero. 
Vectors ti are called scores, and pi are eigenvectors of the 
covariance matrix of X and are called loadings. The principal 
components in the equation 3 are ordered according to the 
corresponding eigenvalues. 

To localise facial activity, the first principal component and 
its loadings were considered. The first principal component 
describes the major data variations, and, thus, the location of 
the most significant facial activity can be identified by analysing 
the loadings of the corresponding measurement channels. For 
the analysis, the loadings were normalised by dividing their 
absolute values with the sum of the absolute values of all 
channels. As a result, the sum of the normalised values is equal 
to 1. 

To present the results, the vertical location of each repetition 
of the movements was mapped to the part of the face that 
introduced two of the three most significant relative loadings of 
the first principal component (M-out-of-N detector). For 
calculating percentages of successful mappings, the correct 
source of activity was considered to be the top extension 
channels for the lowering and raising eyebrows as well as the 
closing eyes movement, the bottom extension channels for the 
opening mouth and lowering mouth corners movements, and 
the middle or bottom extension channels for the raising mouth 
corners movement. Median loadings of the 10 repetitions of 
each movement were calculated for each participant and 
channel separately to verify the decisions about the correct 
sources of activity. 

2.4.3. Classifying Facial Activity 

Smoothing causes a delay. Therefore distance signals 
without smoothing were used when classifying the facial 
activity. Baseline removal was carried out to the distance signals  

Figure 2. A block diagram of the signal processing. 
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directly. Figure 3 presents the algorithm used for solving the 
baseline for its removal. 

The baseline calculation was based on a median filter. The 
median can perform well in the task because the signals were 
expected to have longer baseline sequences than the ones 
resulting from facial activity. The median filter applies a logic 
that only selects part of the samples as baseline points for the 
median calculation. The selection is based on a constant false 
alarm rate (CFAR) processor that calculates an adaptive 
threshold based on the noise characteristics of the processed 
signal [23], [24]. The distance signal was first pre-processed with 
a filter that implements a differentiator, a single-pole low-pass 
filter with a time constant of 20 ms, and a full-wave rectifier. 
This makes the input suitable for the CFAR processor. The 
current sample is used as a test sample for the processor. The 
implemented version of the processor uses samples before the 
test sample, referred to as reference samples, for calculating the 
threshold. The processor also leaves out samples closest to the 

test sample as guard samples to reduce the information overlap 
between the test and reference samples. Samples closer than 1 
second to the test sample were considered guard samples and 
the following 14 seconds were considered as the reference 
samples. The mean of the reference samples was then 
calculated and multiplied by a sensitivity parameter to obtain 
the adaptive threshold. The sensitivity parameter was chosen to 
be 0.5 in this case. The threshold was then fed to a comparator 
with the pre-processed test sample to find out if the test sample 
did not exceed it. The respective samples of the input signal 
were included in the median calculation by the selective median 
filter that had a length of 15 seconds. Finally, the baseline is 
calculated with a 2-second moving average filter from the 
median filtered signal to smooth step-wise transitions in the 
baseline level. 

A method to classify facial movements based on the 
processed multichannel data was implemented. The 
classification method was based on hierarchical clustering. It 
used the Ward’s linkage which forms clusters by minimising the 
increase of total within-cluster variance about the cluster centre 
[25], [26]. A fixed number of 14 clusters were chosen for the 
clustering based on the different events that the data represents 
(6 movements and the baseline). This selection allows 2 clusters 
for each event on average, which allows some deviation of the 
data when performing repetitions of the same movement and 
elongation of the data points during a movement, because the 
Ward’s method is known not to be good at handling elongated 
clusters and outliers [26]. 

The work-flow of the classification is presented in Figure 4. 
The clustering first takes multichannel data with signal baselines 
removed and the labels of the data (information about the 
instructed movements) as an input. The data are first clustered 
and then cross tabulated against their 6 possible labels. Based 
on the tabulation, the clusters are identified so that first the 
clusters that represent the baseline data are identified. A cluster 
is identified as a baseline cluster if it contains data points with at 
least 5 different labels from the 6 possible (M-out-of-N 
detector). Other clusters are identified based on the label that 
has the largest number of samples in the cluster. In the offline 
classification, the data are then classified to represent the 
movement its cluster was identified with. A real-time 
classification can further be made based on previously 
identified clusters. First, the cluster centre points are calculated. 
Then each new data sample is classified to represent the 
movement that the cluster nearest to it was identified with. 
Thus, the real-time classification only requires the calculation of 
Euclidean distances to the cluster centres for each new data 
sample. 

All the collected data were included in the offline 
classification. The real-time implementation of the classification 
was evaluated so that a randomly chosen repetition of each 
movement was included in the identification of the clusters, and 
the remaining 9 repetitions were used as test data to evaluate 
the performance of the method. 

To present the results of the classification, the percentages 
of the data points that were classified as baseline were 
calculated. A high percentage would indicate problems in 
separating the movements from the baseline. From the data 
points that were not classified as the baseline, the percentages 
of correctly classified ones were calculated. Data points were 
considered to be correctly classified if they were classified as the 
movement that the participant was at that time instructed to 
perform. 

 
Figure 3. A block diagram of the baseline calculation for the baseline
removal when classifying facial activity. 

 
Figure 4. A block diagram of the classification of the facial movements
based on the data. 
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3. RESULTS 

Figures 5-8 show examples of the signals the measurement 
channels registered during the experiments and how the 
conversion from capacitance signals to ones that are 
proportional to the distance normalises the signals. 

3.1. Locating Facial Activity 

Examples of the detected facial activity presented as the 
loadings of the first principal component are shown in Figures 
9 and 10. 

The performance of locating the different movements based 
on principal component analysis is presented in Table 1. Out of 
the 6 included voluntary movements, opening mouth and 
raising mouth corners are located correctly in all the repetitions 
with all participants. Lowering eyebrows and raising eyebrows 
are located correctly in almost all the repetitions with all 
participants. Only a single repetition of each is incorrectly 
located. Lowering mouth corners is correctly located except for 
4 repetitions with a single participant. Closing eyes has a limited 
success rate in the mapping with 7 out of 10 participants. 

The locations of the three measurement channels that 
registered the most significant activity during the experiments 

Figure 5. Raw capacitance signals from the 10 repetitions of the raising
eyebrows movement with one participant. The different sides of the face
are represented on the left and on the right. The top, middle, and bottom
graphs represent the measurements from the corresponding extensions.
The colours represent the different channels as shown in Figure 1: red, 
green, blue, and grey starting from the centre of the face. Signal baselines
are aligned for the illustration. 

Figure 6. Signals after the conversion to distance signals from the 10
repetitions of the raising eyebrows movement with one participant. Signal
baselines are aligned for the illustration. 

Figure 7. Raw capacitance signals from the 10 repetitions of the opening
mouth movement with one participant. 

Figure 8. Signals after the conversion to distance signals from the 10
repetitions of the opening mouth movement with one participant. 

 
Figure 9. The facial activity as represented by the loadings of the first 
principal component during the raising eyebrows movement with one 
participant. Each graph represents the loadings of the 10 repetitions from
the measurement channel of the corresponding physical location. 

 
Figure 10. The facial activity as represented by the loadings of the first 
principal component during the opening mouth movement with one 
participant.  

Table 1. The percentages of successful mapping of the vertical location of the 
movements. The last row shows the means and standard deviations for the 
movements. 

Partici-
pant 

Lowering 
eyebrows 

Raising 
eyebrows

Closing 
eyes 

Opening 
mouth 

Raising 
mouth 
corners 

Lowering 
mouth 
corners 

1 100 90 50 100 100 100
2 100 100 60 100 100 100
3 100 100 90 100 100 100
4 100 100 100 100 100 100
5 100 100 30 100 100 100
6 100 100 100 100 100 100
7 100 100 40 100 100 100
8 90 100 80 100 100 100
9 100 100 100 100 100 60
10 100 100 80 100 100 100

Mean 99 ± 3 99 ± 3 73 ± 26 100 ± 0 100 ± 0 96 ± 13
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according to the median loadings verified that the decisions 
regarding the correct sources of activity were justified according 
to the used order statistic, the median. The three most 
significant channels included incorrect locations only with one 
participant during the raising eyebrows movement and with 4 
participants during the closing eyes. 

3.2. Classifying Facial Activity 

Examples of classified data are shown in Figures 11 and 12. 
Table 2 shows the percentages of samples that were classified as 
baseline. A paired t-test (significance level 0.05) did not reveal 
statistically significant differences between the percentages of 
the offline and the real-time classification. In the case of the 
closing eyes, the percentages show that the movement could 
not be classified as a movement but was classified as the 
baseline. The percentages for the other movements reflect the 
durations of the movements because the participants were not 
given any instructions about how long to hold them. The 
results of the offline and real-time classification methods are 
shown in Tables 3 and 4, and there are no statistically 
significant differences between the different methods according 
to a paired t-test (significance level 0.05). 

4. DISCUSSION 

The facial activity was mostly correctly located, but in a 
limited number of cases locating gave incorrect results. This can 
be a result of several factors. Firstly, the participants could not 
always carry out the movements exactly as instructed, but some 
unintentional activity of other muscles was included. Secondly, 
the measurement and the applied data processing both are 
slightly sensitive to the movement of the prototype device on 
the head. This may result in false detection of activity when the 

device moves instead of the facial tissue. Thirdly, including only 
one principal component may limit the performance when 
locating the activity. The amount of the variance explained by 
the first principal component was not analysed, but if it were it 
could be used to provide an estimate of the certainty in locating 
the activity. More principal components could be added to the 
analysis to reduce the uncertainty. Finally, the mentioned error 
sources are also affected by the noise in the measurement. The 
noise is dependent on the distance of the measurement 
electrodes from the target. The current implementation 
normalises the signal levels, but the normalisation also scales 
the noise so that measurements with the facial tissue further 
away from the measurement electrode include more noise than 

Table 2. The average percentages and standard deviations of data points  that
were classified as baseline ones in the offline and real-time implementations 
of the classification. The number of samples is 1310 and 1179 for the two 
implementations, respectively. 

 
Lowering 
eyebrows 

Raising 
eyebrows

Closing 
eyes 

Opening 
mouth 

Raising 
mouth 
corners 

Lowering 
mouth 
corners 

Offline 48 ± 18 50 ± 19 99 ± 2 34 ± 15 41 ± 17 34 ± 12
Real-
time 53 ± 14 58 ± 14 99 ± 1 39 ± 15 49 ± 21 41 ± 12 

 

Table 3. The percentages and standard deviations of correctly classified data 
points in the offline classification. The dashes mean that all the samples were 
classified as the baseline. 

Partici-
pant 

Lowering 
eyebrows 

Raising 
eyebrows

Closing 
eyes 

Opening 
mouth 

Raising 
mouth 
corners 

Lowering 
mouth 
corners 

1 98 100 - 79 99 95
2 72 100 0 70 100 98
3 85 100 - 97 36 100
4 100 100 - 91 100 90
5 100 100 - 100 100 100
6 96 100 0 81 95 100
7 93 100 0 88 96 100
8 100 75 - 100 100 100
9 100 100 - 100 90 100
10 100 100 - 100 100 100
Mean 94 ± 9 98 ± 8 0 ± 0 91 ± 11 91 ± 20 98 ± 3

 

Table 4. The percentages and standard deviations of correctly classified data 
points in the real-time implementation of the classification. 

Partici-
pant 

Lowering 
eyebrows 

Raising 
eyebrows

Closing 
eyes 

Opening 
mouth 

Raising 
mouth 
corners 

Lowering 
mouth 
corners 

1 95 100 - 84 94 98
2 100 100 - 100 100 100
3 87 100 - 60 83 100
4 100 100 - 99 100 87
5 100 100 0 100 98 100
6 94 100 0 92 78 100
7 94 100 - 78 98 100
8 96 83 - 90 100 100
9 98 100 0 98 89 100
10 100 100 - 100 100 100
Mean 96 ± 4 98 ± 5 0 ± 0 90 ± 13 94 ± 8 99 ± 4

 

Figure 11. Classified data points after the baseline removal from the 10
repetitions of the raising eyebrows movement with one participant. The
data points that were classified as the baseline are black, and the correctly
classified data points are shown in colour. 

Figure 12. Classified data points after the baseline removal from the 10
repetitions of the opening mouth movement with one participant. 
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when the tissue is closer. The smoothing could be more 
carefully considered to find the most suitable method for noise 
removal in this case. While the discussed factors may affect the 
performance, the reason for the limited performance with the 
closing eyes movement can be considered to be the small 
movement that it causes to the facial tissue at the measured 
locations.  

It should be noted that the presented method for locating 
the activity only implements a rough mapping of the simple 
movements. Since the exact locations of the facial movements 
when certain muscle activation occurs varies between 
individuals, determining the precise location of the movements 
may not even provide additional value without first 
characterising the individual’s facial behaviour. Thus, the 
classification was introduced to differentiate between the 
movements, and it could be applied also to more complex 
expressions. The classification was based on using hierarchical 
clustering to identify clusters formed from the measured data. 
Applying principal component analysis in real-time for the task 
was also considered. However, as a statistical method, it 
requires numerous samples to compute the principal 
components reliably. This causes delays dependent on the 
chosen window length. The processing of the implemented 
classification, however, does not impose additional delays since 
it only requires the calculation of distances between points after 
the clusters have been identified offline. 

The percentages of data points that were classified as 
baseline show that the closing eyes movement is problematic 
also in the classification. The data points during the movement 
can be expected to be close to the baseline if at all visible in the 
data. The example graphs of the classified data points (Figures 
11 and 12) show the changes from the baseline that are required 
for the classification to identify the data point as something 
else. The graphs also show that the delay for this is acceptable, 
even if the absolute delay cannot be calculated because no 
information about the true onset of the movements was 
extracted in this study. 

The performances in classifying the data points correctly 
during the different movements show that the offline and the 
real-time versions both perform very well. This is a good result 
as the real-time version only used data from a single repetition 
of each movement for identifying the clusters compared to all 
the 10 repetitions in the offline one. Incorrectly performed 
movements, movement of the device on the head, and noise are 
possible sources for the errors also in the classification. In 
addition, the transition phases at the beginnings and the ends of 
the movements when the data points are close to the baseline 
can be expected to be more susceptible to incorrect 
classification. 

The number of clusters chosen for the classification 
obviously affects how many movements and variations of the 
movements can be distinguished from one another. In this 
study, the number was chosen to be relatively small and the 
selection was based on the number of the included movements. 
The identification of the clusters used the information about 
the movement that the participant was instructed to perform to 
label each data point. Selecting a larger number of clusters 
would make it possible to identify variations of the movements, 
but it would also require more information for the labelling. 
One alternative would be to visually inspect video recordings to 
provide the labels. This could be done after the clustering to 
label each cluster rather than providing a label for each data 
point one by one. 

This study only considered simple voluntary facial 
movements. Since complex facial expressions, even the 
spontaneous ones related to emotions, are formed by 
combinations of simple movements, they can be expected to be 
classified in the same way and as easily as the simple 
movements. They will just span a different volume in the 
multidimensional space of the measured data points. However, 
the movement ranges of facial tissue during spontaneous 
expressions are often more limited than in the simple 
movements of this study. This may introduce challenges in 
classifying some of the expressions. 

5. CONCLUSIONS 

A new method for mobile, head-worn facial activity 
measurement and classification was presented. The capacitive 
method and the prototype constructed for studying it were 
shown to perform well both in locating different voluntary 
facial movements to the correct areas on the face and in 
classifying the movements. Locating the movements with 
principal component analysis does not require a calibration of 
the measurement for the user, and the presented classification 
only required one repetition of each movement for identifying 
the movements before the classification could be carried out in 
real-time. The presented facial activity measurement method 
has clear benefits when compared to the computationally more 
intensive vision-based methods and the EMG that requires 
attachment of electrodes on the face.  

Future research on the method should include verifying that 
the classification works with more complex expressions, i.e. 
with combinations of activity at different locations on the face. 
Furthermore, determining the intensity level of the activity of 
different facial areas could provide additional information. It 
could be studied how different activation levels can be 
distinguished from one another with the presented method, and 
whether even the smallest facial muscle activations can be 
distinguished. 
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Abstract—The measurement of the intensity of facial muscle
activity can be used in several applications such as human–
computer interaction and behavioural science. A new method
for the intensity measurement is presented. It is based on a
contactless, capacitive measurement of the movements that the
facial activity produces. The muscles responsible for raising the
eyebrows, lowering the eyebrows, raising the mouth corners,
and pulling down the mouth corners were measured simultane-
ously with the capacitive method and electromyography (EMG)
during controlled experiments. Each muscle was activated by
10 participants at three different intensity levels (low, medium,
and high), 10 repetitions at each level. The capacitive intensity
values were in good agreement with the ones registered with the
EMG: average mean absolute errors were between 7–12% of
the observed intensity range. However, compared to the EMG,
the capacitive intensity values were noticed to have offsets that
may be partly caused by the measurement itself and partly by
the EMG reference. As a result, the measurement may require a
calibration for more intensity values than just the maximum. In
the case of the capacitive method it is also required to distinguish
between the muscle activations originating from the same facial
regions to determine which activation is taking place. This was
done with an almost perfect performance by using hierarchical
clustering to cluster the intensity values.

Index Terms—capacitive measurement, distance measurement,
electromyography (EMG), facial activity measurement, muscle
activation intensity measurement

I. INTRODUCTION

THE human facial activity can be a source of a vast
amount of information. Both voluntary and spontaneous

activity can be registered. Applications for the measurement
of voluntary facial activity includes human–computer and
human–technology interaction where it can be used as control
signals [1], [2], [3], [4], [5], [6]. Spontaneous activity, on the
other hand, can provide invaluable information for example
for behavioural science and medicine [7], [8], [9], [10], [11],
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[12]. While detecting the facial activations correctly may
be sufficient in some applications, distinguishing between
different intensity levels of the activity can provide additional
value in others.

One method to measure facial activity is surface electromyo-
graphy (EMG) that measures the electrical activity of the
muscles and the intensity of the activity. EMG has a high
temporal resolution which makes it good for the measurement
of spontaneous activity that has a rapid onset and a short du-
ration [9]. A notable benefit of the EMG is that the processing
of the signals to find out the activation intensities is simple and
computationally efficient [13], [14, ch. 5]. Another advantage
is the possibility to detect facial activity when it is not even
visible [9].

The major drawbacks of the EMG are caused by the
requirement to physically attach the electrodes to the face.
The preparation of the electrode sites includes cleaning and
abrasion of the skin, and the application of electrode paste
to achieve good electrical contact [13]. The electrodes are
mildly intrusive and may inhibit movements [9]. Further, the
measured spontaneous behaviour may be altered when the
person becomes self-conscious about the attached electrodes
[9], [13]. The measurement may also be affected by loosening
of the electrodes caused by facial movements [9]. Due to the
space requirement of the electrodes and the electrode leads,
the number of measurable channels is limited [9]. Even if
EMG is used to measure the activation intensities of single
muscles, its specificity is considered to be low [9]. It suffers
from crosstalk which means that the activity of neighbouring
muscles and muscles whose fibres interweave with those of
the target muscle are also measured [9], [13]. Some variation
in the placement of the electrodes between experiments is
also always present despite the guidelines of the measurement
locations for different muscles [11].

A second option to measure facial activity consists of vision-
based methods. Probably the most comprehensive one is Facial
Action Coding System (FACS) that describes facial activity
based on all the movements that the human anatomy allows
[9], [15], [16]. Each possible movement caused by a single
muscle or a few muscles is called an action unit. The latest
version of FACS includes a 6-point scale for the intensity of
the action units from not visible to extreme [16]. Originally
FACS included manual coding of the facial activity by an
expert that viewed slow-motion video recordings of the face
[15], [16]. More recently, automated methods that rely on
machine vision have been developed to carry out the coding
[8], [9], [11], [12]. In addition to automatically recognising
the activity, there are studies where the intensity information
has been extracted for some action units such as the ones
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responsible for smiling [9], [17], [18]. In a more recent
study, the intensity information was obtained and reported
for 15 action units but its accuracy was not evaluated [12].
Nevertheless, the intensity information provided by FACS is
highly similar to the one by the EMG, and a high correlation
(r = 0.85) between the two have been reported when using
manual coding [9].

The drawbacks of automated measurement of facial ac-
tivity with machine vision methods are mainly caused by
the computational requirements. The general workflow of the
image processing includes preprocessing, face detection and
feature extraction to find tracked features, image alignment
to compensate for the pose and the camera locations, and
action unit recognition [8], [9], [12]. Other drawbacks are
introduced by the cameras. The measurement is susceptible
to environmental lighting conditions, and it requires the user
to be relatively still as it relies on remotely placed cameras.

A third option to measure facial activity is a capacitive
method that applies a contactless measurement of the move-
ment of the facial tissue [5]. The measurement electrodes
for the capacitive measurement need to be supported close
to the targeted facial tissue to register the movements [5].
The measurement can be integrated to wearable devices, and
it has mostly been used as a simple detector of the facial
activity [6], [19], [20], [21]. These studies only measured a few
channels with electrodes on fixed locations on eyeglass-like
prototypes. The signal processing for the detection was done
with a computationally efficient algorithm [5], [19]. Later,
the number of channels have been increased to 22 with a
prototype device that had the electrodes mounted on adjustable
extensions on a headset [22]. The prototype was used to locate
simple facial movements to correct facial regions based on a
multichannel measurement with a wearable prototype device
and principal component analysis of the data [22].

The drawbacks of the capacitive method have not been ex-
tensively reported because it has mostly been used as a simple
detector. However, the measurement has been mentioned to be
slightly sensitive to the movement of the measurement device
on the head and that this movement cannot necessarily be
distinguished from the one of the targeted facial tissue [22].

Based on the discussed properties of the facial activity
measurement methods, the capacitive method has advantages
compared to EMG and vision-based ones. Compared to EMG,
the number of channels that can be measured simultaneously
is larger. The capacitive measurement is contactless, and, thus,
more comfortable than EMG, and it does not inhibit the tar-
geted movements. The lack of physical contact to the face may
also introduce less self-conscious behaviour when measuring
spontaneous activity [13] even though the measurement is
not completely unintrusive. Compared to automatic vision-
based methods, the computational requirements are lighter, the
measurement is not susceptible to changes in environmental
lighting conditions, and it is usable in mobile applications.

The goal of this study was to evaluate the capacitive
facial activity measurement as a new method to determine
the activity intensity. A wearable prototype device was used
to measure facial activity with a multichannel capacitive
measurement. Simultaneous EMG measurements were carried

out to obtain reference values for the intensities. Experiments
were conducted to collect data from activations of the muscles
Frontalis (that raises the eyebrows), Corrugator supercilii
(that lowers the eyebrows), Zygomaticus major (that raises the
mouth corners), and Triangularis (aka Depressor anguli oris
that pulls the mouth corners down). Data was analysed to eval-
uate the performance of the capacitive intensity measurement
relative to the EMG measurement. Further, because a single
capacitive channel cannot be expected to only respond to the
activity of a specific muscle, hierarchical clustering with the
Ward’s method was used to distinguish between the muscle
activations that originated from the different muscles at the
same facial regions.

II. METHODS

A. Capacitive Measurement of Facial Activity

The used method for measuring the intensity of facial
activity is based on the capacitive measurement of facial
movements. It can be considered a distance measurement
between a measurement electrode and the facial tissue [5],
[22]. The measurement has the same principle as capacitive
push buttons and touchpads, and a single channel requires only
a single electrode. The electrode produces an electric field that
is used to measure the movement of conducting objects in its
proximity by measuring the capacitance due to the capacitive
coupling between the electrode and the object.

B. Capacitance Measurement Equipment

The capacitance measurement in this study is carried out
with a programmable controller for capacitance touch sensors
(AD7147 by Analog Devices) that applies a multichannel mea-
surement. The same controller and its older version (AD7142)
have been used for the task before [5], [19], [22]. A controller
(AD7143) from the same product range has also been used for
a distance measurement in automotive applications [23]. The
controllers AD7142 and AD7143 measure the capacitances
between a transmitter electrode and receiver electrodes, but
AD7147 operates in a single-electrode mode that uses only one
electrode in the measurement [24]. The measurement range
of the controller is reported to be ±8 pF with a femtofarad
resolution [24]. An excitation signal at 250 kHz charges a
measurement electrode, and a sigma-delta (Σ-∆) modulator
continuously samples the flowing charge that changes due
to the capacitive coupling between the electrode and the
measurement target [24]. Further, the controller produces an
active shield signal that can be used to shield the sensor
traces to avoid stray capacitances. The shield has the same
waveform as the excitation signal, and, thus, the capacitance
between the electrodes and the shield does not affect the
measured capacitances [24]. The combination of shielding
the electrodes and their traces and using the sigma-delta
modulation effectively eliminates noise and other interferences
and makes the measurement of very low capacitance values
possible.



IEEE SENSORS JOURNAL 3

C. Prototype Device

The wireless, head-mounted prototype device is seen in
Fig. 1. The construction of the prototype follows that of acous-
tic hearing protectors. The wearability, weight, and comforta-
bility are on a par with those of the protectors. The prototype
earmuffs include the electronics and the extensions in front of
the face house the electrodes for the capacitive measurement.
There are a total of 22 channels for the measurement: 11 for
each side of the face. The electrodes used in the measurement
are printed circuit board pieces with a size of 12 x 20 mm. The
pieces are double sided and their backplanes are connected
to the shield signal of the AD7147 controller. Thin coaxial
cables are used to shield the sensor traces by connecting also
the cable sheaths to the shield signal. Two controllers are
used, one for each side of the face. The sampling frequency
of the capacitance measurement is limited by the number of
measured channels and was 29 Hz in this case.

The device also measures EMG signals as a bipolar mea-
surement without a separate grounding electrode. It is done
with basic three-amplifier instrumentation amplifiers that have
antialiasing filters with a cut-off frequency of 150 Hz. The
signals were sampled at 435 Hz. Since the content of the EMG
is known to mostly reside between 10 and 200 Hz [13], the
measurement registers most of the EMG activity. The wires to
the EMG electrodes are coaxial wires that shield the signals
with a constant potential.

The wireless operation of the device is achieved with a
Li-ion battery and a Bluetooth module (RN-41 by Roving
Networks). The device also has additional functionality such
as inertial measurements that were not used in this study.
The operation of the device is handled by a microcontroller
(ATMega168P by Atmel).

Top

Middle

Bottom

4
3

2
1

3
21

4
3

2
1

Figure 1. The head-mounted measurement device. The numbers represent the
different measurement channels on the extensions. The electrodes are at the
numbered locations facing the face.

D. Experiments

Twenty successful trials to collect data were carried out by
voluntary participants. Ten trials included Frontalis and Cor-

rugator supercilii activations and ten included Zygomaticus
major and Triangularis activations. Each muscle was activated
at three intensity levels: low, medium, and high. The number
of participants was 14 (8 female and 6 male, ages 19–44,
mean age 32), and 6 of them carried out both the upper face
and the lower face trials. The selection of the participants
was not strictly controlled. The only requirements were their
willingness, necessary skills in carrying out the voluntary
muscle activations, and sufficient eyesight to see onscreen
information during the trials.

The experimental procedure was started by asking the
participant a written consent to use the collected data, and
explaining how the trial proceeds. The facial skin was prepared
for the attachment of the EMG electrodes to proper locations
for the measurement of the target muscles of that trial. The
attachment was done according to the guidelines provided in
[13]. The electrodes for the capacitance measurements were
adjusted to be approximately at a distance of 1 cm from the
face when the facial expression was neutral. The top extension
channels targeted the eyebrows, the middle ones the cheek
bone areas, and the bottom ones the mouth corner and the
jaw areas. Since the EMG electrodes disturb the capacitance
measurements, the capacitances were measured from the right
side of the face and the EMG signals from the muscles on
the left side of the face. The only exception was the Frontalis
muscle for which the standard measurement location for EMG
is on the forehead so that it could also be measured from the
right side of the face. Fig. 2 shows the device on participants
during the trials.

(a) Upper face trials: Frontalis and Cor-
rugator supercilii measurements

(b) Lower face trials: Zygomaticus ma-
jor and Triangularis measurements

Figure 2. The device on participants during the trials.

After setting up the device, the maximum EMG inten-
sity levels, i.e. maximum voluntary contraction levels, were
determined. The average of 5 EMG intensity peak maxima
during maximum voluntary contractions was considered as
the maximum level. At the same time, the experimenter
verified that the muscle activations were carried out without
excessive activation of other muscles than the target muscle.
The target intensity levels during the actual trial were defined
as percentages of the determined maximum. The low level was
considered to be 20-40%, the medium 40-60%, and the high
60-80%. The upper limit of the high level was selected to be
less than 100% because the maximum voluntary contraction
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cannot be expected to be easily produced multiple times.
Before the actual trial was started, the participant was allowed
to try activating the muscles and holding the activations at the
target levels in a short practice session.

In the actual trial, the participant activated the muscles
according to instructions given as synthesized speech. Each
instruction stated the activation and the target intensity. Then
a beep sound was played to indicate that the activation task
started. A vertical bar whose height indicated the current
activation intensity was shown to the participant, and the
target level was highlighted as shown in Fig. 3. After the
participant had held the muscle activation in the target level
for 2 seconds, another beep sound was played to indicate the
successful completion of the task. Participants were given 10
seconds for completing each task, and between tasks they were
instructed to relax for 5 seconds. Ten repetitions of each of
the three intensities of the two target muscles of that trial were
performed in randomized order. This resulted in a total length
of 20 minutes for the trial.

Figure 3. The visual feedback of the EMG activation intensity that was
shown to the participant during the experiments. The different background
colors show the different intensities (none, low, medium, and high), the cyan
vertical bar shows the current level, and the green highlighting shows the
target level of the task.

E. Signal Processing

The signal processing for converting raw signals to signals
that represent the intensity of facial movements is shown in
Fig. 4. Examples of the signal processing are shown in Fig. 5.

1) EMG Signal Processing:
a) Baseline removal: The raw EMG signals were input

to a single-pole high-pass filter with a time constant of 35 ms
for removing their baselines. In the offline analysis this filter
was applied as a zero-phase forward and reverse filter.

b) Full-wave rectifier: The signals after the baseline
removal were fed to a full-wave rectifier.

c) Smoothing filter: A smoothing filter was used to
convert the rectified signals to intensity signals. A 500 ms
moving root mean square (RMS) filter was used for the task
in the offline analysis, but the online filter that was applied
during the trials was a single-pole low-pass filter with a time
constant of 500 ms. Computational efficiency was desired for
the online use and better smoothing and more accurate EMG
amplitude estimation for the offline one. Either the average
rectified value or the RMS value are considered to be good
estimates for the true EMG amplitude [14, ch. 5].

d) Baseline correction: The effect of the noise on the
EMG intensity signal was decreased by carrying out a base-
line correction for the smoothed signal. A moving window
minimum filter with a window length of 15 s was used for the

Raw EMG
signal

Baseline
removal

Full-wave
rectifier

Smoothing
filter

Baseline
correction

EMG
intensity
signal

Raw
capacitance

signal

Conversion
to distance

Baseline
removal

Smoothing
filter

Capacitive
intensity
signal

Figure 4. Block diagram presentation of the signal processing of the EMG
and capacitance signals.

task. It took the minimum value of each window, and further
applied a 10 s moving average filter to the solved baseline
before subtracting it from the smoothed signal. The length of
the window for the minimum filter was determined based on
the fact that participants had 10 s of time to carry out each
activation task. Baseline correction was not done in the online
processing which may cause small differences between the
EMG intensity levels that were registered online and the ones
that were solved offline.

2) Capacitance Signal Processing:
a) Conversion to distance: The raw capacitance signals

were converted to distance signals, or, more precisely, to
signals that were proportional to the distance between the
facial tissue and the measurement electrode. The capacitance
of each channel was modelled with the equation for a parallel-
plate capacitor:

C =
εA

d
, (1)

where ε is the permittivity of the substance between the
capacitor plates, A the plate area, and d the distance between
the plates. One plate of the capacitor is the measurement
electrode and the other the facial tissue facing the electrode.
The measure proportional to the distance becomes

dp =
1

C
=

1

Cs − Cb
, (2)

where Cs is the value of the capacitance sample and Cb is
the base level of the capacitance channel. The subtraction of
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(a) EMG signal baseline removal: blue
is the signal and red its baseline.
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(b) Capacitive signal baseline removal:
blue is the signal, red dots the baseline
candidates, and red line the baseline.
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(c) EMG signal smoothing: blue is the
rectified signal and red the smoothed
signal.
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(d) Capacitive signal smoothing: blue
is the signal and red the smoothed
signal.
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t

(e) Smoothed EMG and capacitive sig-
nals: blue is the EMG and red the
capacitance. Capacitive signal y-axis
is reversed, and the signals are nor-
malised and aligned for the illustration.

Figure 5. Examples of the signal processing.

the base level is required because the channels have unique
offsets that are affected by their electrical connections and
surroundings of their electrodes. The base levels were mea-
sured when the measurement electrodes were directed away
from conducting objects.

b) Baseline removal: To further convert the distance
signals to indicate relative changes in the distance, baseline
removal was carried out. The signals may have stepwise
changes and drift due to small movements of the device on the
head, and a slow drift has occasionally also been observed to
be introduced in the measurement electronics. A median filter
was chosen to find the baseline because it follows stepwise
changes and the drift well but is unaffected by short-duration
peaks that the facial activity often produces. A window length
of 30 s was chosen for the filter based on the length of the
activation tasks. However, the median filtering was enhanced
by not including all the signal samples in it, but selecting
only a part of the samples as baseline candidates by applying
a constant false alarm rate (CFAR) processor.

The CFAR processor calculates an adaptive threshold based
on the noise characteristics of the processed signal [25, ch.
5], [26]. The distance signal was first pre-processed with a
differentiator, a single-pole low-pass filter with a time constant

of 20 ms, and a full-wave rectifier to be suitable for the
CFAR processor. The differentiator and the low-pass filter
were implemented as a single zero-phase forward and reverse
filter. The CFAR processor took the current pre-processed
sample as a test sample and samples from its both sides as
reference samples. Some samples adjacent to the test sample
were left out as guard samples to reduce the information
overlap between the test and reference samples. Samples
within 1 second from the test sample were considered the
guard samples and the following 14 seconds the reference
samples. The adaptive threshold was calculated as the mean
of the reference samples. The mean could be multiplied by
a sensitivity parameter, but in this case the parameter was
chosen to be 1. The threshold was then used to determine
which samples did not exceed it. The corresponding samples
of the input distance signal were included in the calculation
of the median to solve the baseline value.

The calculated median signal was further smoothed with
a 2-second moving average before it was subtracted as the
baseline from the distance signal.

c) Smoothing filter: The capacitive intensity signals were
calculated with a smoothing filter after the baseline removal.
A 500 ms moving average was used for the smoothing.

3) Signal Alignment: The calculated EMG and capacitance
intensity signals were aligned in time. This was done because
the processing of the signals introduces delays of variable
length. To be able to compare the signals, the filtered EMG
signals were first downsampled to 29 Hz by taking every 15th
sample from them. Then the alignment was done based on the
highest cross-correlation between the capacitance channels and
the EMG channels, and delaying all the capacitance signals
with the corresponding delay.

4) Activation Intensity Calculation: The noise levels of the
EMG and capacitance signals are not constant all the time due
to different noise sources. EMG suffers from powerline noise
and electrode movement artefacts. The noises of the capacitive
intensity signals are affected by the exact initial distance of
the electrodes to the face. Noise introduces differences in
the waveforms of the two intensity signal types. Thus, the
EMG and the capacitive intensity signals were not compared
directly, but the activation intensity for each channel was
chosen to be the mean of the intensity signal during the 2-
second interval that the participant held the target intensity.
This efficiently removes the effect that noise might have on
momentary intensity.

F. Performance of the Capacitive Facial Activity Intensity
Measurement

Linear regression was computed for the activation intensities
to find out how the capacitive intensity compares to the EMG
one. Correlation coefficients and intensity estimation errors
of the capacitive channels were calculated for the different
muscles. The errors of the capacitive intensity values from a
fitted regression line are represented with the mean absolute
error (MAE) and the 95th percentile of the absolute error.

The intensities were normalised by dividing the EMG inten-
sities with the maximum intensity value within the trial. The
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normalised intensity range [0, 1] then is the range of intensities
that is likely to be encountered. The intensity ranges in this
scale become 0.25-0.50 for low, 0.50-0.75 for medium, and
0.75-1.00 for high. The capacitive values were normalised by
mapping the normalised EMG intensities [0, 1] to [C0, C0 +1]
by using the regression equations of the channels.

The capacitive intensity value C0 at the EMG intensity
0 is an offset that each capacitive channel has. The offset
indicates how small intensities can be registered with the
capacitive measurement. The offset values were normalised by
multiplying them by the signs of the correlation coefficients
because their interpretation would otherwise depend on the
signs. A negative normalised offset represents the activation
intensity level that is required for the activation to produce
visible changes in the capacitively measured intensity. A
positive offset on the other hand means that small changes
are easily distinguishable from the signal. However, it should
be noted that EMG crosstalk also affects the observed offsets.

In the comparison of the intensity values, the capacitive
intensity needs to be represented based on the multichannel
data. A single capacitance channel per muscle was chosen as
an indicator of the activation intensity. The channel with the
best average regression coefficient during the tasks of a muscle
was selected to represent the intensity of that muscle.

G. Distinguishing Activations of Different Muscles from the
Capacitance Data

The capacitance intensity signals are produced by the move-
ment of the facial tissue. The same measurement channel
can respond to the activation of different muscles. Thus,
the activations need to be distinguished from one another to
know which muscle’s activation intensity is represented by the
registered capacitance at any given time. To estimate how well
the two movements of each trial could be distinguished from
one another, the solved activation intensities (the means during
the 2-second intervals) were clustered. The face was divided
into two regions for the clustering. Only the intensities of
the capacitance signals from the top extensions were included
when doing the clustering for the upper face trials, and both
middle and bottom extensions when doing the clustering for
the lower face trials.

Hierarchical clustering was chosen to always have the same
results for the same set of data. The linkage of the clustering
was done with the Ward’s method that forms clusters by
minimising the increase in the total within-cluster variance
about the cluster centre [27], [28]. A fixed number of 9 clusters
were formed. The number was selected based on what the
data was expected to be. Each trial had 6 different events, i.e.
2 movements and 3 intensities. In addition, the movements
of the face cannot be expected to always be the same when
performing repetitions of the same activation, and the data for
the different intensities of the same muscle can be expected to
be elongated to a certain direction. Ward’s method is not good
at handling elongated clusters and outliers [28], and, thus,
3 additional clusters were included to account for possible
spread in the data.

The performance of distinguishing the activations from one
another was calculated for each muscle. It was chosen to be

presented with the percentages of the activations that were
clustered to clusters specific to the muscle in question. A
cluster was considered to be specific to a certain muscle when
majority of activations clustered to it were from that muscle.

H. Visual Inspection

Visual inspection of videos of the participants recorded
during the trials was carried to support the analysis of the
data. Essential information that affected the results was logged
during the inspection. This included information if the par-
ticipants carried out the movements as instructed, about the
symmetry of the movements, and about the fit and placement
of the device on the head. Unusually small movements even
with the highest activation intensities were also noted.

III. RESULTS

The percentages of successfully performed muscle activa-
tion tasks in the trials are shown in Table I. Since the maximum
number of successful tasks was 10 for each intensity, one
task corresponds to 10%. Percentages for single participants
are always higher than 70% because otherwise the trial was
considered unsuccessful and discarded from the analysis. The
amount of such trials was four for upper face trials and two
for lower face ones.

Table I
THE MEANS AND STANDARD DEVIATIONS OF THE PERCENTAGES OF

SUCCESSFULLY PERFORMED MUSCLE ACTIVATION TASKS IN THE TRIALS.

Contraction intensity
Low Medium High

Frontalis 99.0 ± 3.2 100.0 ± 0.0 94.0 ± 10.7
Corrugator supercilii 99.0 ± 3.2 100.0 ± 0.0 98.0 ± 4.2
Zygomaticus major 100.0 ± 0.0 99.0 ± 3.2 96.0 ± 9.7
Triangularis 100.0 ± 0.0 98.0 ± 4.2 87.0 ± 13.4

A. Performance of the Capacitive Facial Activity Intensity
Measurement

Fig. 6 shows an example of the linear regression for
the solved activation intensities. The figure shows how the
relationship between the capacitive and EMG intensities can
be approximated to be linear within the range of the observed
intensities.

The results of the performance estimation are shown in
Table II. The locations of the channels are shown in Fig. 1.

The capacitive intensity measurements of the Frontalis mus-
cle have strong correlations (absolute values > 0.8) with the
EMG measurement with all the participants. The correlations
of the Corrugator supercilii intensity measurement are strong
with 7 out of the 8 participants that were not considered
outliers. The Zygomaticus major measurements have a strong
correlation with all the 7 participants that are not considered
outliers. The correlations in the Triangularis measurements are
strong with 3 out of the 6 participants that were not considered
outliers.

While none of the participants were considered outliers in
the Frontalis tasks, two were considered such in the Corruga-
tor supercilii tasks. Participant 2 had simultaneous activation
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Table II
THE PERFORMANCE OF THE CAPACITIVE INTENSITY MEASUREMENT. PARTICIPANTS 1 TO 6 WERE THE SAME IN BOTH THE UPPER AND THE LOWER FACE

TRIALS. THE LETTERS U AND L REFER TO PARTICIPANTS THAT CARRIED OUT ONLY EITHER THE UPPER OR THE LOWER FACE TRIALS, RESPECTIVELY.
PARTICIPANTS CONSIDERED AS OUTLIERS ARE MARKED WITH AN ASTERISK. CORRELATION COEFFICIENT r BETWEEN THE EMG AND CAPACITIVE
INTENSITY SIGNALS, CAPACITIVE OFFSET C0 · sgn(r) THAT IS INDEPENDENT OF THE SIGN OF THE CORRELATION COEFFICIENT, MEAN ABSOLUTE

ERROR (MAE), AND 95TH PERCENTILE P95 OF THE ABSOLUTE ERROR ARE SHOWN. DUE TO THE NORMALISATION, THE ERRORS ARE PROPORTIONS OF
THE EFFECTIVE MEASUREMENT RANGE, AND THE OFFSET IS ALSO RELATIVE TO THE RANGE. THE MEANS AND STANDARD DEVIATIONS ARE

CALCULATED WITHOUT THE OUTLIERS, AND IN THE CASE OF THE CORRELATION COEFFICIENT FROM THE ABSOLUTE VALUE.

Part. r C0 · sgn(r) MAE P95

1 0.96 -0.04 0.06 0.13
2 0.83 -0.29 0.09 0.19
3 0.97 -0.02 0.06 0.12
4 0.94 0.12 0.07 0.20
5 0.96 -0.01 0.07 0.17
6 0.92 -0.54 0.09 0.26
7u 0.95 -0.02 0.07 0.21
8u 0.95 -0.15 0.06 0.15
9u 0.95 0.12 0.07 0.15
10u 0.96 -0.39 0.04 0.11

Mean 0.94 ± 0.04 -0.12 ± 0.22 0.07 ± 0.01 0.17 ± 0.04

(a) Frontalis from the channel top right 2

Part. r C0 · sgn(r) MAE P95

1 0.96 -0.28 0.05 0.11
2 * 0.85 -0.11 0.11 0.35
3 0.88 -0.30 0.08 0.19
4 -0.78 -0.10 0.12 0.40
5 * 0.57 -0.09 0.31 0.64
6 0.96 -0.14 0.06 0.12
7u 0.94 -0.21 0.07 0.14
8u 0.90 0.23 0.10 0.23
9u 0.96 -0.04 0.05 0.14
10u 0.94 -0.11 0.06 0.17

Mean 0.92 ± 0.06 -0.12 ± 0.17 0.07 ± 0.02 0.19 ± 0.10

(b) Corrugator supercilii from the channel top right 2

Part. r C0 · sgn(r) MAE P95

1 -0.94 0.20 0.07 0.16
2 * -0.74 0.60 0.19 0.53
3 -0.96 0.70 0.05 0.13
4 -0.90 0.44 0.12 0.24
5 -0.91 -0.03 0.08 0.17
6 -0.90 0.03 0.11 0.22
7l -0.85 0.03 0.12 0.32
8l * -0.74 -0.45 0.18 0.35
9l -0.96 -0.26 0.06 0.14
10l* -0.33 15.08 0.50 1.11

Mean 0.92 ± 0.04 0.16 ± 0.32 0.09 ± 0.03 0.20 ± 0.07

(c) Zygomaticus major from the channel middle right 1

Part. r C0 · sgn(r) MAE P95

1 -0.76 -0.26 0.15 0.34
2 * 0.23 -0.81 0.64 1.59
3 -0.83 0.90 0.09 0.24
4 * -0.05 -10.58 3.30 8.94
5 -0.90 0.34 0.09 0.20
6 -0.88 -0.04 0.09 0.29
7l -0.91 0.29 0.08 0.16
8l * 0.71 0.19 0.18 0.38
9l * -0.05 20.26 3.70 7.78
10l -0.65 0.08 0.20 0.54

Mean 0.82 ± 0.10 0.22 ± 0.40 0.12 ± 0.05 0.29 ± 0.13

(d) Triangularis from the channel bottom right 2
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Figure 6. An example of the relationship between the EMG and the
capacitive intensity values with the measured activation intensities from a
single participant. The EMG has been normalized to the range [0,1] and the
corresponding capacitive values to the range [Co,Co+1].

of the Frontalis in the tasks. With participant 5, the problem
was the fit of the device: the extensions could not reach the
Corrugator supercilii area to register its movements. In the
Zygomaticus major tasks, three participants were considered
outliers. Participant 2 made several of the activations asymmet-
rically. Participant 8l activated the Triangularis simultaneously
with the target muscle. For participant 10l, the fit of the
device was also so that the middle extensions could not reach

in front of the cheek bone region well enough to register
the movements the same way as with other participants.
In the Triangularis tasks, participant 2 was considered an
outlier due to simultaneous activation of Zygomaticus major.
Participant 4 made only Zygomaticus major activations even
during Triangularis tasks. With participant 8l, the movement
was the same as in the Zygomaticus major tasks, i.e. both the
muscles of the trial activated. Participant 9l had asymmetries
in the movements, especially at the stronger intensities.

It was also observed that the movement range of the
activations was really small with participants 1 and 10l even
during the maximum activation intensities of the Triangularis.
However, this was not considered to fulfil the set outlier
criteria.

B. Distinguishing Activations of Different Muscles from the
Capacitance Data

The results of distinguishing the activations of different
muscles from one another are shown in Table III. The partici-
pants that could not activate the muscles of the trial separately
as instructed were considered outliers.

IV. DISCUSSION

Generally, the capacitive intensity measurement achieved
high correlations with the EMG intensity measurement. The
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Table III
THE PERFORMANCE OF DISTINGUISHING THE ACTIVATIONS FROM ONE

ANOTHER FOR THE TWO PAIRS OF THE MUSCLE ACTIVATIONS. THE
PERCENTAGES OF THE ACTIVATIONS THAT WERE CLUSTERED TO
CLUSTERS SPECIFIC TO THE MUSCLE IN QUESTION ARE SHOWN.

Part. Front. Corr.

1 100.0 100.0
2 * 60.0 100.0
3 100.0 100.0
4 100.0 100.0
5 100.0 100.0
6 100.0 93.3
7u 100.0 100.0
8u 96.3 100.0
9u 100.0 100.0
10u 83.3 100.0

Mean 97.7 ±
5.5

99.3 ±
2.2

(a) Upper face trials: Frontalis and Cor-
rugator supercilii

Part. Zyg. Triang.

1 100.0 100.0
2 * 100.0 96.6
3 100.0 100.0
4 * 37.9 100.0
5 100.0 100.0
6 100.0 100.0
7l 100.0 100.0
8l * 23.3 100.0
9l 100.0 100.0
10l 100.0 100.0

Mean 100.0 ±
0.0

100.0 ±
0.0

(b) Lower face trials: Zygomaticus major
and Triangularis

weakest correlation values were obtained for the Triangularis
muscle that is difficult to measure with the capacitive method
due to the movement that its activation produces. The move-
ment is mostly tangential relative to the surface of the face
as opposed to normal that would be more easily detected.
Also, very small movement ranges were encountered with
some participants. Other issues that affected the calculated
correlation values were also encountered. In the case of the
Corrugator supercilii muscle, the correlation value of partici-
pant 4 was not strong and was also of opposite sign compared
to the other participants. This was caused by slightly unsuitable
positioning of the device on the head. The top extensions were
too low for the measurement which caused the movement
to be registered differently than with the other participants.
The two other correlation values that had an opposite sign
compared to the values of other participants were encountered
in the Triangularis tasks with the outlier participants. In these
the reason was that the participants actually contracted the
antagonist muscle during the tasks.

Even if the relationship between the capacitive and EMG
signals was linear within the range of the measured intensities,
the solved capacitive offset values indicated that the range
from the background signal level (0) to the minimum mea-
sured intensity was not always linear. The magnitudes of the
normalised offsets describe the capacitance changes that occur
within this range. They should be larger than −0.25 for the
measurement to be able to measure the entire range beginning
from the EMG intensity value 0.25 that was considered the
lower end of the low intensity range. The negative offset values
of the Frontalis muscle indicated problems in the measurement
of that muscle with participants 2, 6, and 10u. An apparent
reason for the offsets with participants 2 and 10u could not
be pointed out, but the negative values for both were large
enough to render the capacitive measurement unusable in
the low intensity range. The offset of participant 6 resulted
from unexpected changes in the capacitive signals during the
activations. Different activation intensities caused the signal
to change to different directions. The lowest intensity activa-
tions introduced negative intensity values while the medium

and high activations caused positive ones. These unexpected
changes affected only two of the measured channels: top right
1 and 2. The offsets were better in the Corrugator supercilii
tasks. Still, two participants had negative offsets close to
−0.30 which means that capacitance started to respond to
the activation after the intensity was already above the lowest
fifth of the defined low intensity range. In the Zygomaticus
major tasks, the participants not considered outliers all had
such offsets that even the low intensity range is measurable.
The same applied to the Triangularis tasks. However, similar
unexpected changes in the signals that were encountered with
participant 6 in the Frontalis tasks were met with participant
2 in the Triangularis tasks. In this case the reason was the
activation of the Zygomaticus major simultaneously.

The intensity estimation errors as described by the mean
absolute error can be considered acceptable with all muscles
for most participants that were not considered outliers. MAEs
less than or equal to 0.10 on average were obtained for
all muscles except the Triangularis. The average P95 values
were less than or equal to 0.20 for all other muscles but
the Triangularis. In the Frontalis tasks, a high value was
met with participant 6 who was already noticed to introduce
some unusual changes to capacitive signals. In the Corrugator
supercilii tasks, the very high P95 value with participant 4
could be explained with the unsuitable positioning of the
device on the head as described earlier. In the Zygomaticus
major tasks, an evident explanation for the high value with
participant 7l could not be given, but the value may have been
affected by the positioning of the middle extensions relative to
the movements that the Zygomaticus major produces with that
specific anatomy of the face. Finally, the Triangularis had the
highest overall P95 values that can be considered to result from
the already discussed difficulties in measuring its movements.

The observed performance of the capacitive method may be
influenced by a few issues that can make the results appear
worse than the performance truly is. The noise of the reference
EMG measurement may have affected the results. The noise
levels varied a bit between the channels and the trials and
in some cases even within a trial. The noise characteristics
may be such that the simple baseline correction that was
done to the EMG intensity signal was not sufficient to correct
the effect of the noise. EMG crosstalk may also contribute
and especially the observed offsets may be caused by it. The
way that the capacitive measurement registers the activity may
also affect the observed performance. Some movement of the
device in the head may occur during the muscle activations,
which changes the way the activations are seen in the signals.
Other facial movements than those caused by the target muscle
also affect the measurements. Further, the absolute distances of
the capacitance measurement electrodes to the face may affect
the measurement because the parallel-plate capacitor model
that was used in the calculations assumes that the distance
is really small compared to the plate area. The conversion
of capacitance signals to distance signals further assumes that
each capacitance is introduced by the parallel plates. However,
the facial tissue is not always clearly a plate.

The capacitive channel to represent the activation intensity
of each muscle was chosen based on which channel had the
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best average correlation. In actual use, this information is not
available without measuring the EMG as well, but the channel
selection needs to be justified in other ways. The physical
positioning of the capacitance channels with respect to the
movements that the targeted activations introduce may be used
as a basis for it. The channels with the best average correlation
correspond with the locations where each muscle activation is
seen to cause distinct movements.

The results of distinguishing between the different move-
ments were really good. When the outlier participants were
left out from the analysis, only a small number of activations
were the cause of the decreased performance. All these am-
biguously clustered activations were low-intensity ones. The
low-intensity activations of the different muscles are close to
each other in the data and may be problematic at times.

An important issue that affects the feasibility of the capac-
itive measurement method is the adjustment of the electrode
locations. It affects how the movements are registered. An
expert made the adjustment in this study, and it was noticed
that the adjustment could be made easier. The movement
ranges of the electrode extensions, currently adjustable with
the ball-and-socket joints, could be far less to achieve the nec-
essary adjustability while simplifying proper positioning. Also,
a calibration phase could be used to instruct the adjustment of
the electrodes to optimal locations.

To measure different intensities, the calibration phase is
obligatory for determining the maximum activity levels. The
offset should also be calibrated unless further studies show
that the offsets observed in this study were mainly caused by
the noise and crosstalk related to the EMG reference signals.
For distinguishing between different muscle activations in real-
time use cases, the calibration phase can be used to collect data
to be used for classification. The clustering could be used as a
basis for simple classification, for example, by mapping data
to clusters formed in the calibration phase based on which
cluster centre the data point is closest to. Real classifiers could
also be used. These could consider the temporal content of the
intensity signals in addition to the current intensity values.

This study revealed that the capacitive method for measuring
activation intensity has properties that are very similar to
those of the EMG. The correlations between the intensities
measured with the two methods were mostly strong. The
signals also have a very similar temporal content meaning that
the capacitive method should function well in determining the
onset and duration of spontaneous facial activity. On the other
hand, also the drawbacks of the methods are similar. Both can
be considered to suffer from crosstalk. In EMG, it is caused by
the electrical activity of surrounding muscles and also by the
electrode placement. In the capacitive method, the crosstalk is
caused by the facial movements that interfering muscles cause
when activated, and also by the possible small movements of
the measurement device on the head. The capacitive method
also has a similar property as the automated FACS: it requires
to determine which muscles are active similarly as FACS needs
a classifier to solve the active action units [8], [29], [30], [12].

V. CONCLUSIONS

A new capacitive method for measuring the intensity of
facial activity was presented. The measurement that has pre-
viously been used to detect and locate facial activity was
shown to be able to register the activation intensities of the
muscles Frontalis, Corrugator supercilii, Zygomaticus major,
and Triangularis. The intensity estimation errors compared
to the EMG were small except for the Triangularis muscle.
Additionally, the linear relationship between the EMG and the
capacitive intensity values was in some cases noticed to have
an offset while in the ideal case a zero EMG intensity value
should correspond to a zero capacitive value. This might cause
difficulties in distinguishing the low intensity activations from
the baseline. A more complex calibration procedure may also
be necessary because of the offset. However, the distinction
between the different facial activations based on the capacitive
intensity data appears more straightforward and in this study
could be done almost perfectly for all the target muscles.

Future developments of the method should include verifi-
cation measurements to find out if the noticed offsets of the
capacitive intensity measurement were affected by the EMG
reference. A calibration phase should be developed to calibrate
the measurement for different intensities, and the movements
should be classified also in real-time. Calibration could include
an automated instruction phase to instruct the user to adjust
the electrodes to the desired distance from the face to achieve
optimal operation. Finally, a modified implementation of the
signal processing algorithms should be made to utilise the
intensity information in real-time.
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