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Hoofdstuk 7
APPLICATIONS

7.1 Introduction

N
ext to the research into classification of various affective states from a variety of
measurement modalities, covered in Chapters 4, 5 and 6, this chapter explores

various applications. Based upon the insights gathered we have developed demon-
strator systems that operationalize results obtained. The aim in the remainder of
this chapter is not to provide fully validated systems, but rather present several po-
tential applications based upon the research performed.

7.2 Vitality Bracelet

In Chapter 4 we have explored three physiological modalities for the measurement
of stress during discrete time periods and in semi lab conditions. Here we describe
our efforts to develop a demonstrator system to measure stress in daily life, using
continuous sensor input. From the prototypes and relevances obtained from the
LVQ methods we found which modalities were most expressive in the classifica-
tion task. The most prominent modality was found to be Electrocardiogram (ECG)
followed by Galvanic Skin Response (GSR) and Respiration (RSP) in terms of perfor-
mance. Most features contributing to the final relevance matrix of GMLVQ, howe-
ver, originated from GSR. Another criterion for selecting a suitable modality for
measuring affect from physiology in daily life encompasses the obtrusiveness of the
sensor technology. In order to maximize acceptance, unobtrusive sensing is prefer-
red to allow the users to move without restrictions (Westerink et al. 2012). On-body
sensors might be preferred because they pose no restrictions on range of movement
of the user without loosing connection with the sensors.

The modalities explored in Chapter 4 (ECG, RSP, and GSR) can be measured on
the body using either a chest strap (for ECG, and RSP) or a sensor on a hand or foot
(for GSR). Wearing a chest strap throughout days is uncomfortable, making ECG
and RSP unfavorable. Hence our preference goes to GSR sensors. The traditional
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position for measuring GSR, on the sole of the feet or palm of the hands, is howe-
ver impractical as it interferes with grasping and touching (hands) and is subject to
variable pressure that influences the measurement (both hands and feet). From an
experiment in which we tested suitability of GSR measurement on 16 locations on
the body (van Dooren et al. 2012), we concluded that next to the feet and hands, the
best location for measuring emotional reactions from GSR is on the wrist. By inte-
grating the GSR sensors in a wrist-worn device, similar to a wrist-watch, we obtain
an unobtrusive measurement of GSR (Westerink et al. 2009).

In this section we describe an application based upon stress measurement from
skin conductance measured on the wrist. The platform we use for these measure-
ments is based upon our emotion measurement platform (Westerink et al. 2009) in
which the GSR sensor applies a small (direct) current over two electrodes attached
to the skin. Via measurement of the voltage over a reference resistor, the resistance
of the skin can be obtained. The signal is sampled at 2Hz, analyzed in real time and
stored in flash memory on the device. Further details on the hardware used can be
found in Westerink et al. (2014).

As discussed in van den Broek, van der Zwaag, Healey, Janssen and Westerink
(2010) one of the main challenges in real time affective signal processing is to select
a suitable means of correcting the signals (or features) for variations amongst users
or long term variations within users. To this end, some form of normalization using
a reference signal is required. The challenge consists of two choices to be made.
Firstly, to select a time period over which the signal is considered a reference signal,
and secondly, to select a method to correct the signal using the reference signal. As
opted by van den Broek, van der Zwaag, Healey, Janssen and Westerink (2010), we
employ a sliding window to define the period over which a reference signal is taken.

The method we apply is chosen based upon two criteria: robustness against out-
liers, and preferably have a fixed-interval range. Daily life measurements are inhe-
rently noisy. Therefore all steps in the signal analysis process should be designed
such that they are robust against outliers. Many of the normalization techniques
used in laboratory conditions, especially those using minimal or maximal values,
such as discussed in van den Broek, van der Zwaag, Healey, Janssen and Westerink
(2010), are for that reason not suitable. Because our daily life stress indicator aims
at measuring an absolute level of stress (i.e., on a fixed interval), we prefer norma-
lization techniques that return values on a fixed-interval range, such that they can
be easily mapped to the fixed-interval indication we are aiming at. The often used
z-correction, which was also used in the experiment described in this chapter, does
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Figure 7.1: The Vitality Bracelet with all (green) lights for paced breathing on as well as all
(blue) lights indicating the duration.

not limit the range of its output and is therefore, in its pure form, not preferable. The
normalization method we developed is, however, inspired by z-correction, since it
also makes use of the distribution of the data. Z-correction basically assumes that
the data is normally distributed, and after correction (subtraction of the mean and
division by the standard deviation), yields standard normally distributed data (i.e.,
if the assumption holds). We observed that in everyday life, skin conductance me-
asurements taken in a sliding window seldom follow a normal distribution. Rather
than assuming normality, we use the distribution of the measurements in the sliding
as a reference signal and use the relative position of the current sample with respect
to the reference distribution as a normalized signal.

To this end, as described in de Waele et al. (2009) and Westerink et al. (2014), we
calculate the cumulative histogram from the measurements taken in the sliding win-
dow, and by applying the cumulative histogram to the current sample, we find the
relative position the current sample has with respect to the distribution. By normali-
zing the histogram (division by the number of samples in the moving window), we
ensure the normalized values to be in the range [0, 1]. More formally, for the latest
sample xN in a time series (x1 . . . xN ) we calculate Hτ

x using the following equation:

Hτ
x (xN ) =

1

τ
|{xn : xn ≤ xN ∧N − τ ≤ n < N}|. (7.1)

where τ defines the the length of the sliding window (in number of samples).
When the value of Hτ

x exceeds a given threshold TH (which can be considered a
percentile of the values xN−τ . . . xN in the window with length τ ), the system trig-
gers the detection of a physiological stress response. When τ is chosen to represent
a time window of several minutes, the triggers represent instantaneous stress, while
a time window in the order of an hour will represent the very handful of really
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Figure 7.2: Graphical representation of the mindfulness algorithm used in the Vitality Brace-
let.

stressful events that happen daily during everyday life. In order to improve further
robustness of the algorithm, the threshold should be exceeded for at least t samples,
thereby defining a stress alert SA as:

SA ⇐⇒ ∀N − t < n ≤ N :: xn > TH (7.2)

In Westerink et al. (2014) the concept of the Vitality Bracelet is presented in which
this algorithm is used. The Vitality Bracelet (see Figure 7.1) uses the stress alerts to
highlight stressful events, referred to as Mindfulness Moments, to the wearer by
means of a gentle vibration. We empirically found mindfulness reminders to lose
their effectiveness when being presented in too short succession. In order to avoid
indicating a second (possibly related) mindfulness moment shortly after a first has
happened, we finally restrict the number of Mindfulness Moments given to at most
one in the last 30 minutes. The algorithm for these mindfulness moments is graphi-
cally depicted in Figure 7.2.

In order to handle and relief the stress that caused the Vitality Bracelet to trigger
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a Mindfulness Moment, the user is suggested to take a moment of reflection and
is offered a paced breathing exercise, to be taken at any moment the user prefers.
The pace breathing exercise is guided by the Vitality Bracelet by means of a series
of lights laid out in a spiral that indicate a preferred breathing pace that gradually
reduces the pace over the first 5 minutes. The duration of the exercise is indicated
up to 15 minutes. During daily life tests the Vitality Bracelet and the mindfulness
algorithm correctly identified various stressful moments such as ”stepping into the
dentist’s chair”.

Figure 7.3: Pictures of famous faces; (left) Mona Lisa, by Leonardo Da Vinci1; (mid) Bill Clin-
ton2; (right) Albert Einstein3.

1source: http://en.wikipedia.org/wiki/File:Mona_Lisa,_by_Leonardo_da_Vinci,
_from_C2RMF_retouched.jpg

2source: http://www.nieuwsblad.be/article/detail.aspx?articleid=DMF20130119_
054

3source: http://www.laboiteverte.fr/16-portraits-dalbert-einstein/

http://en.wikipedia.org/wiki/File:Mona_Lisa,_by_Leonardo_da_Vinci,_from_C2RMF_retouched.jpg
http://en.wikipedia.org/wiki/File:Mona_Lisa,_by_Leonardo_da_Vinci,_from_C2RMF_retouched.jpg
http://www.nieuwsblad.be/article/detail.aspx?articleid=DMF20130119_054
http://www.nieuwsblad.be/article/detail.aspx?articleid=DMF20130119_054
http://www.laboiteverte.fr/16-portraits-dalbert-einstein/
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7.3 Facial Expressions

Following the example of Sebe and colleagues (Sebe 2005, Sebe 2006), we applied
the classifiers trained for facial expression recognition, as described in Chapter 5 to
several well known faces. In their original attempt, Sebe et al., applied a system
developed at the University of Illinois (Cohen et al. 2003) to the Mona Lisa. This
system uses a wire-frame or facial mesh from which deformations are extracted and
used as features, similar to the action units of Ekman’s Facial Action Coding System
(Ekman et al. 2002). ”It concluded that the subject was 83% happy, 9% disgusted,
6% fearful and 2% angry, New Scientist magazine was told.” (Sebe 2005)

To that end, we searched for a high quality picture of the Mona Lisa painting
by Leonardo da Vinci, Bill Clinton during his statement on the Lewinsky case, and
Albert Einstein (see Figure 7.3). We applied the preprocessing as described in Sec-
tion 5.3 and applied both 6 and 7-class RSLVQ classifiers that were trained on the
Cohn-Kanade database.

The class-wise posterior probabilities as defined by RSLVQ (P (S|ξµ) of Equation
(2.12)) allow for a similar soft characterization of the facial expressions present, as
done by Sebe (2005). These results are given in Table 7.1. It can be observed that the
7-class classifier assigns the Neutral category most predominantly (> 95%), with
small contributions of Sadness, Disgust, Anger and Happiness. The 6-class clas-
sifier forces the choice to the 6 emotions of which the Sadness is most prominent
(38%), followed by Disgust (25%) and smaller contributions of the other emotions.
Compared to the reported class assignment (Sebe 2005), our classifier assigns far
less Happiness, but a mixture of emotions or rather assigns Neutral. The results
for Bill Clinton and Albert Einstein can be found in Tables 7.2 and 7.3. They indi-
cate that Bill Clinton also shows, next to a relatively neutral face, a mix of Sadness
and Surprise. The picture of Albert Einstein shows predominantly Surprise. Given
the high accuracies obtained by our classifiers on the Cohn-Kanade database, we
can say with high certainty that, out of the set of emotions trained, these are the
emotions represented in these iconic faces.
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Table 7.1: Probabilities of assigning class labels to the Mona Lisa image by RSLVQ.

Class label 7-class classification 6-class classification
Anger 0.92% 10.06%

Disgust 1.11% 24.57%

Fear 0.06% 6.82%

Happiness/Joy 0.98% 8.18%

Neutral 95.49% -
Sadness 1.40% 38.40%

Surprise 0.03% 11.96%

Table 7.2: Probabilities of assigning class labels to the Bill Clinton image by RSLVQ.

Class label 7-class classification 6-class classification
Anger 0.39% 1.09%

Disgust 1.43% 4.27%

Fear 2.59% 7.30%

Happiness/Joy 18.71% 11.74%

Neutral 37.79% -
Sadness 28.73% 38.64%

Surprise 10.36% 36.96%

Table 7.3: Probabilities of assigning class labels to the Albert Einstein image by RSLVQ.

Class label 7-class classification 6-class classification
Anger 0.01% 0.03%

Disgust 0.03% 0.14%

Fear 0.16% 0.48%

Happiness/Joy 0.18% 0.45%

Neutral 0.05% -
Sadness 0.06% 0.19%

Surprise 99.51% 98.71%
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7.4 Empathic Photo-Frame

The mechanism of using appraisal dimensions to link pictures with their emotio-
nal experience was implemented in a prototype named the Empathic Photo Frame.
Traditional Photo Frames, including the popular electronic variant, show a (play-
list of) picture(s) that has been preselected and configured. Such photo frames do
not adapt to the state of the user. The Empathic Photo Frame enables an automa-
ted way of adapting a dynamic playlist to the emotional state of a user. Key to the
application is a matching dimensional model of emotions to which both the photos
and emotional state representation can be mapped. This could be the 2-dimensional
circumplex model by Russell and Mehrabian (1977), the 8-dimensional model by
Cochrane (2009), other dimensional models (Mehrabian and Russell 1974, Watson
and Tellegen 1985, Russell 2003, Lövheim 2012), or dimensional appraisal models
(Scherer 2001, Smith and Lazarus 1990), such as the CPM, which was used in this
prototype.

After selecting a desired state represented in the dimensional model, the closest
photos to that state can be selected and added to the top of the play list to be shown
to the user. Based upon user feedback, the internal representations can be updated
during real time use, in order to enable adaptation to specific users and to improve
future performance. A Matlab (R2013a) implementation was created to emulate the
behavior of a photo frame and perform the photo selection and real time adaptation.
Figure 7.4. Three parts of the system will be treated in further detail in the following
sections:

• The mapping of stimuli and emotional states to the dimensional model

• The selection of a desired state, emotional journey selection, and subsequent
photo selection and playlist adaptation

• Realtime adaptation and optimization

7.4.1 Mapping to dimensional model

Both photos and emotional states need to be represented in the dimensional mo-
del because distances in the space spanned by the dimensional model are used for
stimulus selection. The mapping of emotional states to the dimensional model is
a one-time action, for which the prototypes as found in the classification task de-
scribed in Section 6.5.2 can be used. For this prototype, the photos used were rated
using the CPM appraisal questionnaire (Table 6.1), but for practical application, the
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Figure 7.4: Graphical User Interface of the Empathic Photo frame showing a picture that is
targeting the selected emotion (lower left) of Enjoyment.

mapping of stimuli to the appraisal space should be performed in an automated
fashion as personal photo collections are dynamical and growing larger and larger
in recent years. Since we humans are able to interpret pictures on different affective
dimensions, in principal an automated system should be able to (at least to certain
extent) perform a similar reasoning. We foresee three alternative sources that can be
used as input for this mapping:

• Affective Image Classification

• Affective Text Classification

• Affective Reaction Classification

Affective Image Classification

Much information is embedded in the pixels of which the pictures are composed
of. Features describing the composition of photos in terms of colors, textures, but
potentially also dedicated detection of objects or people can be used to position pic-
tures in the affective space spanned by the dimensional model. Attempts in the
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field of Affective Image Classification (Machajdik and Hanbury 2010, Valdez and
Mehrabian 1994) indicate that this should be feasible using machine learning tech-
niques.

Affective Text Classification

Next to the content of photos themselves, more and more metadata becomes avai-
lable as pictures are shared on social media and commented upon by the owner
of the picture as well as others. Comments can occur in the form of tags (sets of
single word descriptors), or in the form of longer descriptions using natural langu-
age. Through various Natural Language Processing (NLP) techniques the textual
information can be mined for affective information which can be used in automated
classifiers or regressors in affective text recognition (Binali et al. 2010, Scherer 2005,
Keshtkar and Inkpen 2010, Liu et al. 2013). Potentially the textual information can
be enriched with other meta information such as the location and time a picture was
taken.

Affective Reaction Classification

A third potential method is the positioning of pictures in the dimensional affective
space based upon the affective reaction people show when watching a photo. From
measurement of physiological, auditory, facial or postural reactions while people
are watching stimuli, features could be identified that can be mapped to the affec-
tive dimensions. Chapters 4 and 5 describe the possibility of using such signals
to classify emotions, which suggests the potential of these signals to be mapped to
other affective dimensions as well.

7.4.2 Desired state selection and playlist adaptation

With the stimuli mapped to the dimensional affective model, depicted in figure 7.5,
a distance measure applied to the space spanned by the dimensional model can be
used to select stimuli that are close to a chosen desired state in the affective space.
By viewing these photos, the emotions felt by the user are expected to be close to
the desired state. In this way the user can direct his emotional feelings towards a
desired state, or along a desired emotional path.

Desired state selection

In principal, a user could freely indicate a position in the affective space as desired
affective state. Affective dimensions are, however, not always easily interpretable
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Figure 7.5: Stimuli (numbered red circles) and emotions (blue circles) mapped to the space
spanned by the dimensional affective model.

and choosing a position in a high dimensional space (e.g., 14 dimensions for the
CPM) is far from trivial. Therefore we use the mapping of (words describing) emo-
tions in the affective space as a selection of positions from which the user can choose.
By choosing one of 15 emotions, the user sets his desired state which will be used
for stimulus selection through playlist adaptation.

Playlist adaptation

Having set a desired state, stimuli can be ordered by ascending distance towards
the desired state, as depicted in Figure 7.6. In order to avoid the same photo to be
chosen each time a certain emotion is selected as desired state, some randomness
should be built in. We used the inverse rank of the top 10 closest stimuli as weights
used to throw a weighted 10-sided dice. Formally, consider the ordered set S′ that
contains the stimuli by ascending distance towards the desired state (hence, s′1 is the
picture closest to the desired state). The next stimulus s′i to be shown is drawn from
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Figure 7.6: Photos ordered by distance towards the selected desired state.

the following probability density function:

p(s′i) =

{
Ntop−i+1

Ntop∗(Ntop+1)/2 if 1 ≤ i ≤ Ntop
0 otherwise

(7.3)

where Ntop indicates the number of closest stimuli that are considered for selec-
tion, which we chose to be 10. A potential extension could be the inclusion of the
distances in the weighting function that forms the probability density function.

7.4.3 Realtime adaptation and optimization

During the use of the empathic photo frame, the system adapts to the user and
learns about their emotional interpretation of the pictures. This is empowered by
the use of user-feedback.

User Feedback

We foresee two types of feedback that can be used for this purpose. The first is a
manual entry of the emotion felt after each photo the user considers wrongly selec-
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Figure 7.7: Feedback provided by the user through the selection box (mid low), indicating
that the picture triggered the emotion of Pride rather than Joy.

ted (given the desired state selected), which is shown in Figure 7.7. Alternatively,
the emotional reaction of the user watching the picture could be measured through,
e.g., facial expressions or physiology. This approach would require a reliable map-
ping of measurement data to the affective space. There are various indications that
this might be feasible for individual affective dimensions (Aue et al. 2007, Grand-
jean and Scherer 2008, Bradley et al. 1993, Smith 1989, van Reekum et al. 2004), but
has not yet been shown fully as to date.

System update

As a first step we integrated physiological measurements of arousal, measured through
GSR. Rather than mapping the arousal measurement to the affective space, we used
it to scale the size of the update. Similar to the learning rate in LVQ we use the
normalized arousal measurement as adaptive learning rate during realtime opti-
mization. Whenever the user provides feedback by indicating which emotion was
induced by the picture shown, the GSR value is compared to the window of most
recent GSR samples using the cumulative histogram, and the quantile correspon-
ding to the current sample is calculated, which results in a normalized value in the
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interval [0, 1], using the method described in de Waele et al. (2009). Formally, if we
name the GSR signal x(t) at time t, the normalized GSR value, using the cumulative
histogram Hτ over τ seconds is defined as:

Hτ (t) =
1

τ
|{x(u) : x(u) ≤ x(t) ∧ t− τ < u < t}|, (7.4)

where |{.}| indicates the number of elements in the set. Following popular LVQ
variants, the closest correct and incorrect prototypes are updated by an attractive
and repellant force, respectively. The normalized Skin Conductance value modera-
tes the update size as multiplicative factor on top of the default learning rate. We
used the RSLVQ scheme (Equation (2.13)) to define the updates such that the update
scheme becomes:

wµ+1
J = wµJ +

ηarousalη

vsoft
(PJ(T |ξµ)− P (T |ξµ)) (ξµ − wµJ ),

wµ+1
K = wµK − ηarousalηP (T |ξµ)(ξµ − wµK), (7.5)

where ηarousal = H10(t), thus using an interval of 10 seconds for the cumula-
tive histogram. wJ and wK refer in this case to the prototypes representing the
user-feedback emotion, and the targeted (incorrect) emotion, respectively. In ad-
dition, we allow pictures to move into the direction of the user-feedback emotion
in case of corrective feedback. The picture is in that case also considered a closest
incorrect prototype and is updated with the update described for wK in Equation
(7.5), however with (ten-fold) larger learning rate. In this way we allow the prototy-
pes to move slowly to accommodate for generic differences in emotional experience
between users, and pictures to move more freely to correct for user specific emotio-
nal interpretation of individual pictures. Consider for example a picture of a small
child playing. This can trigger different emotions in a generic audience versus the
parents of the child. Figure 7.8 shows a system of emotions and pictures in the af-
fective space, and how it evolved from the initial situation (Figure 7.5) through user
feedback.
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Figure 7.8: Stimuli and emotions mapped to the space spanned by the dimensional affective
model after several update steps using the user’s feedback indicating movement of repre-
sentations of both emotions and pictures in the affective space; compare to the initial state
depicted in Figure 7.5.




