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Hoofdstuk 1
GENERAL INTRODUCTION

E
ach research field has interesting challenges, but most fascinating challenges
arise where multiple research fields meet. This thesis cross-fertilizes various

research fields from life-sciences, including psychology and physiology, with com-
puting science and artificial intelligence. By studying and embedding machine
learning techniques in affective sciences, i.e., those that study human emotion, this
thesis outlines advances in the recognition of human affect using various measure-
ment modalities.

From a technical perspective, we employ and study learning dynamics of ma-
chine learning techniques. These methods can be subdivided into supervised and
unsupervised learning. The former type aims at separating data from different clas-
ses by learning from labelled samples, the latter aims at finding optimal separation
of unlabelled data samples into clusters that represent the overall data structure
well. Unsupervised learning is beyond the scope of this thesis. Classification me-
thods can be further subdivided into black-box and white-box methods. Black-box
methods can be observed through input and output, but do not have an insightful
internal structure. White-box methods, on the contrary, allow for more natural in-
spection of their internals and thereby provide insights into what data properties se-
parate each class from the others. In this thesis, we primarily focus on Learning Vec-
tor Quantization (LVQ) which is a typical white-box method. Amongst the black-
box methods are many of the popular classification techniques such as Support Vec-
tor Machine (SVM), Artificial Neural Network (ANN), k-Nearest Neighbors (kNN)
as well as various ensemble methods such as Random Forest (RF). There have been
developed techniques that can extract information from such classifiers (Tickle et al.
1998, Martens et al. 2007, Cortez and Embrechts 2013), however they do require sig-
nificant additional analysis. For that reason white-box methods could be preferable
over black-box methods, hence our interest to study the learning dynamics of LVQ.
We will include several black-box methods in our experiments for comparison, gi-
ven their popularity in other studies.

From the perspective of the application domain, we study the recognition of
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various affective states from a variety of measurable quantities. The research on
affect has a long history in psychology. The book by Charles Darwin titled On the
Expression of the Emotions in Man and Animals is considered the pioneering work
(Darwin 1872). Since then the topic has been studied widely in controlled (labora-
tory) conditions. With the recent technological developments that enabled minia-
turization of measurement equipment also studies of emotion in daily life became
feasible (Picard and Scheirer 1999, Westerink et al. 2009). Traditionally, psycholo-
gical theories were developed and tested in experiments. In recent years the field
of emotions was also discovered by computing science as an area with challenging
problems and data driven studies, such as studied in this thesis became possible.
The term Affective Computing for this multidisciplinary field was first introduced
by Rosalind Picard in 1995 (Picard 1995), but the notion of monitoring one’s emo-
tional state with the help of computers originates in the 1970’s (Kuechenmeister
et al. 1970).

1.1 Scope of this study

Whereas a substantial part of affective research focusses on the fundamental re-
search of developing theories on underlying mechanisms involved in emotion ex-
pression or detection, this study focusses on applying such knowledge in systems
for affect recognition. Although this work is not the first to address affect recogni-
tion, it does comprise pioneering work in the application of white-box methods, in
particular the prototype based LVQ methods to affective computing. The applica-
tion of such methods allows for a deeper study of the aspects that most influence the
automated affect recognition process and could potentially lead to a better under-
standing of the processes involved in human affect. In order to reflect the diversity
in approaches to study affective phenomena, three of the following chapters will
approach affective computing from different angles. In addition, we perform a the-
oretical study of various LVQ methods to better understand the learning dynamics
involved.

1.2 Outline

In the following chapter we will further define and describe the technical and do-
main concepts that are studied in this thesis. After that, Chapter 3 will present a
theoretical study of the performance and other properties of various LVQ variants
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during the training phase of these classifiers. The three chapters following that will
describe different affective classifiers using a variety of input modalities, thereby
approaching affective computing from three different perspectives: Stress detec-
tion from physiological measurements reflecting the bodily perspective (Chapter
4), facial expression recognition using facial images reflecting the facial perspective
(Chapter 5), and emotion detection using mental appraisals reflecting the cognitive
perspective (Chapter 6). Chapter 7 will describe potential applications that make
use of the various affective classifiers. Finally, a summary will be given in Chapter
8.
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PROBLEM DEFINITIONS AND METHODS

M
easuring affect requires an understanding of the affective domain as well as
the technology needed to do so. This chapter provides an introduction into

the concepts used and studied in this thesis, both from the technical as well as the
application domain perspective. Section 2.1 introduces the concept of affect in ge-
neral, Section 2.2 describes the modalities used to measure various aspects of af-
fect and how the signals obtained through these measurements are preprocessed
to form feature sets that are used and studied in the following chapters. Further
background, societal relevance and details of features used for each of the affective
sub-domains will be provided in their respective chapters: Stress detection from
physiological measurements (Chapter 4), facial expression recognition using facial
images (Chapter 5), and emotion detection using mental appraisals (Chapter 6). Sec-
tion 2.3 introduces the classification techniques studied and used in this thesis.

2.1 Definition of Affect

Affect is generally considered a ”superordinate label for all ′′emotional′′ pheno-
mena” (Kleinginna Jr and Kleinginna 1981), which covers concepts as Emotion,
Mood, Attitudes and Personality. These different affective phenomena are orde-
red by decreasing intensity and event focus, and increasing duration (Scherer 2005).
Defining Emotion has been topic of debate for over 130 years already, up to the point
that Young concluded that ”almost everyone except the psychologist knows what
an emotion is...” (Young 1973). Depending on the point of view used to study
emotions, different definitions are used. A comprehensive overview of definitions
was provided in 1981 consisting of no less than 92 definitions (Kleinginna Jr and
Kleinginna 1981). Since the first definition, given by William James in 1884, ”the bo-
dily changes follow directly the PERCEPTION of the exciting fact, and that our fee-
ling of the same changes as they occur IS the emotion” (James 1884), many different
definitions have been posed, but have still not lead to consensus on a single defini-
tion of emotion (Scherer 2005). On a high level, there can be distinguished two types
of definitions: top-down and bottom-up generation of emotion (McRae et al. 2012).
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The bottom-up view is in line with the original definition of James and argues that
an initial subconscious reaction to stimuli coming from the environment causes bo-
dily reactions and only then we become consciously aware of the emotion. On the
other hand, the top-down approach reasons that we first create a mental awareness
of emotions only after which the bodily reactions are triggered. More recently both
views have been integrated into a view that consider the top-down and bottom-up
processes as parallel (Scherer et al. 2001), for which also neurological evidence has
been found (Ochsner et al. 2009). Chapters 4 and 5 follow the bottom-up view as
they aim at the detection of affective states from measurements of bodily and facial
reactions, while Chapter 6 approaches emotions through a top-down view using the
cognitive processes as starting point.

Emotions are generally considered as short lasting (seconds to minutes) affective
phenomena that have a clear identifiable cause and prepare the body for action, ori-
ginating from the fight or flight reaction. To support sudden action taking, emotions
lead to a variety of bodily responses such as raising heart rate and peripheral vaso-
constriction to support the blood supply to muscles, as well as increased secretion
of sweat on palms and soles to improve grip. Throughout human evolution more
social emotions have developed, leading to a diverse palette of emotions. The bo-
dily reactions enable the measurement of emotions without requiring self-report. In
the following chapters, feasibility of automated detection of emotions from different
measurement modalities will be explored.

Stress is a related concept to emotions, moods, or affect in general. Jones and
Bright (2001) discuss that the layman’s perspective of ’stress’ confuses several con-
cepts such as ’strain’, ’pressure’, ’demand’ and ’stressors’. On the other hand, aca-
demic definitions are also quite diverse, although Cox (1993) disagrees with that
assumption, he proposes the following broad definition: ”Stress can be defined as a
psychological state which is part of and reflects a wider process of interaction bet-
ween individuals and their work environment” (Cox 1993). He also distinguishes
three approaches to stress: the engineering (or contextual), physiological, and psy-
chological approach. In such higher level view stress can be seen as an affective
phenomenon as it comprises psychological and physiological reflections of external
stressors.

While some definitions of Affect are centered around the bodily reactions to
themselves, the general view is that Affect is defined in terms of the personal eva-
luation or experience (either fully in terms of cognitive aspects, or in terms of the
cognitive awareness of the bodily reactions). Ground truth on emotion is therefore
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most often gathered by self-report, measured through questionnaires. A disadvan-
tage of this means of ground truth is the subjectiveness that originates from diffe-
rent interpretations of the questions, different frames of reference and effects like
giving socially desired answers, all of which add noise to the ground truth labeling.
Ground truth can also be defined in terms of the stimuli presented (e.g., a labeling
the emotional response to a fearful stimulus with ’fear’). While this technique is ob-
jective, it fully takes away the personal differences in emotional interpretation of the
stimuli. In sum there is no generally preferable means to gather emotional ground
truth, hence we chose the most appropriate method for each of the experiments out-
lined in the following chapters.

2.2 Measuring Affect

The human mind and body are connected through the nervous system, which con-
sists of a central and peripheral part. The Central Nervous System (CNS), formed
by the brain and spinal cord, can be seen as a central coordinator which receives
and processes input from the body and outputs instructions. The Peripheral Ner-
vous System (PNS) serves as two-way communication means between CNS and
various body parts, all the way to the extremities. Within these two closely colla-
borative nervous systems, there are various subsystems. Many bodily responses,
among which affective responses, are regulated by the Autonomous Nervous Sys-
tem (ANS). The ANS steers physiological processes, as illustrated in Figure 2.1, by
two main subsystems: the Sympathetic Nervous System (SNS) and Parasympathe-
tic Nervous System (PSNS). The SNS can be seen as a ”quick response mobilising
system′′ and the parasympathetic as a ′′more slowly activated dampening system”
(McEwen et al. 2001). The PSNS is responsible for maintaining the basic organ func-
tions in a rest state by regulating physiological functions such as blood-flow, diges-
tion and excretion of various fluids (e.g., tears, sweat). The SNS, on the other hand,
enables fast activation of the fight-or-flight response (Cannon 1967). A fine balance
between these counteracting systems manages a stable bodily state termed homeo-
stasis.

Although many of the processes regulated by the ANS affect the internal organs,
there are several physiological processes of which resulting effects are externally ob-
servable through various measurement modalities. Among these are the activity of
the heart, respiration system, sweat glands, temperature, and muscles. Next to the
autonomous responses from the ANS, there are also regulatory processes of affect
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Figure 2.1: Division of the ANS into PSNS and SNS (Freeman 2005) c©2005. Reprinted by
permission of Pearson Education, Inc., Upper Saddle River, NJ.

that involve awareness. Reflections of this can be seen in our behaviour, movements
and (facial) expressions. In the following, several physiological modalities will be
discussed, together with the measurement modalities that can be used to measure
their effects. Chapters 4 to 6 will use these measurement modalities to gather mea-
surements of various affective states.

2.2.1 Cardiac activity

By regulating the pace of cardiac activity, the flow of (oxygen rich) blood to the ex-
tremities can be regulated. Thereby, the body can meet the oxygen requirements of
activated body parts. The heart consists of muscle tissue that contracts whenever
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R−R

Figure 2.2: Example trace of ECG recording representing three heart beats.

activated through an electrical pulse. Starting in the sinoatrial (SA) node, an electri-
cal pulse travels through the entire heart causing the four chambers to rhythmically
contract. This electrical activity can be observed through Electrocardiogram (ECG)
recordings that measure the fluctuations in electrical potential over at least two elec-
trodes positioned on the skin and across the heart. Figure 2.2 shows an example
trace of ECG. The highest peaks correspond to the contraction of the heart’s ventri-
cles and are termed R waves. The interval between successive R waves is called an
R-R interval, or Inter-Beat Interval (IBI). Variations in IBI, also referred to as Heart
Rate Variability (HRV) are known to reflect activity of SNS and PSNS, and can be
analyzed in the time domain as well as in the frequency domain. The HRV guideli-
nes paper (Malik et al. 1996) describes how different frequency intervals should be
interpreted. Low frequency variations, in the interval 0.04 to 0.15 Hz, are known to
vary with PSNS activity (Grossman and Taylor 2007), while high frequency variati-
ons (0.15-0.4 Hz) relate to SNS activity.

Preprocessing of the ECG signal consists of the following steps (as outlined in
de Waele et al. (2009)): R-peak detection, IBI outlier removal, and HRV analysis. R-
peak detection was performed using a pattern matching technique (Poor 1994). The
resulting IBIs are filtered for outliers by using a sliding window histogram. In order
to estimate frequency domain HRV features, an Autoregressive-Moving Average
(ARMA) time series model is used to derive power in the frequency bands. Ano-
ther unobtrusive means of measuring cardiac activity is Blood Volume Pulse (BVP),
which measures pulses in the blood flow at a location characterized by good circula-
tion, such as a finger or earlobe. Each heart beat creates such a pulse of blood which
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can be measured optically with a Photoplethysmography (PPG) sensor. Compared
to ECG, the peaks in the resulting signal are less sharp and the precision at which
the IBIs can be measured is lower, in particular affecting measures of high frequency
modulation of the heart rate.

2.2.2 Galvanic skin response

The main purpose of sweating is to cool down the body through evaporation. There
is, however, also an emotional component that drives the sweat glands. Originating
from the fight-or-flight response slightly moist palms and soles provided an advantage
in reacting to dangers. This mechanism of ANS driven activation of sweat glands
in reaction to various stressors can actually be observed all over the body but is
strongest on the hands and feet (van Dooren et al. 2012) and is termed Galvanic Skin
Response (GSR), Electrodermal Activity (EDA) or Skin Conductance (SC). The sweat
glands consist of small ducts that can fill to various levels with fluid. Activation of
the glands increases the moisture in the top level of the skin which results in a lower
electrical resistance. The resistance can be measured by applying a small constant
current and observing the (varying) voltage.

The resulting signal consists of a slow changing, tonic, component termed Skin
Conductance Level (SCL) and a faster changing, phasic, response termed Skin Con-
ductance Response (SCR) (Boucsein 2012). Figure 2.3 shows an example of such a
GSR signal. In order to separate both components, the SCRs can be detected using a
dedicated detection algorithm (Kohlish 1992). The tonic signal can be estimated by
explicitly compensating for detected SCRs (de Vries and van der Zwaag 2010), but
is often estimated from the raw SC signal. Features derived from GSR include levels
and changes of the SCL and frequency, amplitude, rise time and half recovery time
of SCR.

2.2.3 Respiratory activity

Changes in oxygen requirements of the body are regulated through the pace of bre-
athing. In contrast to cardiac activity and GSR breathing is not completely autono-
mously regulated and can be partly influenced consciously on top of the regulation
by the ANS. When the lungs fill with air, the thorax expands, which can be measu-
red using a flexible chest strap containing stretchable conductive material of which
the resistance increases the more it stretches. By measuring the voltage for an ap-
plied constant current this resistance can be derived.

Preprocessing starts with low-pass filtering (cut-off 0.5Hz), followed by an ana-
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Figure 2.3: Example trace of GSR recording representing two SCRs.
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Figure 2.4: Example trace of RSP recording representing five breaths.

lysis for individual breaths. Using a localized min/max filter (Lemire 2006), local
minima and maxima are detected. When found in the right order, they characterize
a single breath. Based upon the distribution of identified breath amplitudes in a sig-
nal, too small or too large breaths (outliers) are removed. After this preprocessing
the Respiration (RSP) signal is characterized by a sequence of breaths similar to the
IBI signal for ECG, from which paces and amplitudes can be determined. Figure
2.4 shows an example trace of RSP, where a rising line indicates inhalation and a
drop represents exhalation. Hence the signal between two valleys represents one
breathing cycle.
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2.2.4 Facial expressions

With the development of human kind to a more social creature, displaying emoti-
ons to others became more and more important. Facial expressions fulfill this need
by activating certain facial muscles, which can be measured directly through facial
Electromyogram (EMG) which measures the electrical activity of muscles between
two electrodes. This, however, does require the attachment of various electrodes to
the face which is far from comfortable and not socially accepted in daily life circum-
stances. As a solution, video of photo cameras, are used to record the resulting facial
expressions. Using various image/video analysis techniques features can be extrac-
ted. In this thesis we used techniques that detect local textures such as edges and
thereby are able to detect (de)formations of the face caused by facial expressions.

2.2.5 Cognitive processes

Whereas the above affect measures are mainly steered directly by the ANS, the CNS
also plays a role in emotions. Although techniques such as Electroencephalogram
(EEG) and functional Magnetic Resonance Imaging (fMRI) can be used to measure
activity of certain parts of the brain, it is currently not possible to objectively me-
asure emotional cognitive processes. To get insight into these processes, the gol-
den standard of measurement are self-reported questionnaires. There are several
cons to this measurement including the time needed to collect this information and
the delay introduced between the cognitive process taking place and filling out the
questionnaire, as well as subjective interpretation of the questions. The imprecision
introduced needs to be taken into account when using this as input to an affective
system, nevertheless these measurements provide an orthogonal view on the other
measurements described above.

2.3 Classifiers

The work described in the following chapters will study and make use of seve-
ral classification techniques. Main focus will be on Learning Vector Quantization
(LVQ) methods; in addition several well known techniques of different nature will
be used for comparison. In the following sections the classification methods used
will be shortly introduced. In its simplest form, the classifiers can be described as a
mapping of samples ξ ∈ RN to classes ỹ. To that end, a training set of Ptr samples
Ξtr = [ξ1, ξ2, . . . , ξPtr ]

> and their respective labels Ytr = [y1, y2, . . . , yPtr ] are available
to infer knowledge from and a test set of Pte (unseen) samples Ξte is available to
evaluate how well the predicted labels Ỹte = [ỹ1, ỹ2, . . . , ỹPte ] represent the actual
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labels Yte. The task of the classifiers is to optimize this mapping.

2.3.1 Learning Vector Quantization

Learning Vector Quantization (LVQ) comprises a family of classifiers that is of open
box nature, that is, they provide direct insight into the information learned by the
classifier. LVQ, initially proposed by Kohonen (1990), defines prototypes in the same
(mathematical) space as the data to represent the classes. These prototypes are di-
rectly interpretable as they show characteristics of classes in terms of the features
chosen to represents the input data. During training, samples are presented sequen-
tially, and for each sample the closest prototype(s) are updated according to the
following general framework in Equation (2.1). We will use the notation w ∈ RN

for a prototype with its class labels c. J,K, S, T are used to index prototypes and
their class labels; hence (wJ , cJ) represents a prototype with its corresponding class
label.

In the on-line algorithm, examples are presented sequentially to the system and
the prototypes are adapted by the following update step:

wµ
S = wµ−1

S +
η

N
fS [dµ1 , . . . , d

µ
K , y

µ
σ , . . .]

(
ξµ −wµ−1

S

)
, (2.1)

where wµ
S denotes the prototype representing class S after presentation of µ

examples and the learning rate η is rescaled withN . We use the shorthand fS for the
modulation function which controls, along with the learning rate η, the magnitude
of the update of wS towards or away from the current example. Typically, squared
Euclidean distance is used as distance measure (dµT ), as defined in Equation (2.2).

dµT = (ξµ −wµ
T )>(ξµ −wµ

T ) (2.2)

The number of prototypes can be chosen arbitrarily, at least one prototype per
class. We have chosen to initialize the prototypes close to the center of the data, i.e.,
close to the position of all samples in the training set, according to:

w0
T =

1

N

N∑

i=1

ξi + δT , with δT ∼ N(0, σ), (2.3)

where N is the amount of samples in the training set and σ = 0.1 was chosen to
represent only a small deviation from the data center. In case of two-class classifica-
tion, as e.g. in Chapter 4, an Area Under the Curve (AUC) of the Receiver Operating
Characteristic (ROC) can be obtained by considering various configurations by mo-
ving the prototypes wS and wT along the line connecting them. By doing so, the
decision boundary is moved along this line, while remaining perpendicular.
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Within this framework, different variants have been proposed, using different
strategies for choosing the update strength and distance measure. We conside-
red the following selection, which we implemented using a combination of Matlab
(R2013a) and C++: LVQ 2.1, LFM, GLVQ, RSLVQ, GRLVQ and GMLVQ. The follo-
wing sections will discuss these variants in further detail.

LVQ 2.1

LVQ 2.1 was proposed by Kohonen aiming at efficient separation between proto-
types of different classes and has been shown to provide good classification re-
sults (Kohonen 1990, Neural Networks Research Centre, Helsinki 2002). Given an
example ξµ, two nearest prototypes wS and wT are updated if the following condi-
tions are met: (i) the classes cS and cT are different, and (ii) either cS or cT is equal to
yµσ . The prototype with the correct class is moved towards the data while the other
is moved farther away with fS = 1, fT = −1 if cS = yµσ ; fS = −1, fT = +1 else.

It is well known that such learning rule has stability problems for unbalanced
data sets, resulting in diverging prototypes with deteriorating performance (Kohonen
1990). Therefore, LVQ 2.1 restricts updates to examples ξµ which fall into a window
around the decision boundary.

min

(
dµT
dµS
,
dµS
dµT

)
> ρ, with ρ =

1− ω
1 + ω

(2.4)

where ω is a window parameter, 0 < ω ≤ 1 and therefore 1 > ρ ≥ 0.

LFM

A simple modification to overcome the stability problems of LVQ 2.1 is restricting
updates only on misclassified examples. Analogous to perceptron learning, we term
this update rule as Learning From Mistakes (LFM). Here, the closest prototype wJ

with the same class cJ = yµσ (correct winner) and closest prototype wK with a dif-
ferent class cK 6= yµσ (incorrect winner) are updated with fJ = +1 and fK = −1, if
the example is misclassified. On the contrary, if the winning prototype is already
correct, the configuration is left unchanged. This prescription can be interpreted as
a limiting case of the cost function based RSLVQ, which will be explained later in
this section. Because the cost function of RSLVQ is bounded from below, stability
can also be expected in LFM.

Generalized LVQ

Earlier LVQ prescriptions, including LVQ 2.1, were based on heuristic grounds. In
contrast, a popular variant termed the Generalized Learning Vector Quantization
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(GLVQ) was proposed in Sato and Yamada (1995) which introduced the cost func-
tion

E =
∑

µ

Φ(τ(ξµ)) with τ(ξµ) = C · d
µ
J − dµK
dµJ + dµK

(2.5)

where Φ(τ) is a (usually non-linear) monotonically increasing function, dJ is dis-
tance from the nearest correct prototype and dK from the nearest incorrect prototype
to the example ξµ. We insert the scaling parameterC which will be required for high
dimensions. Stochastic gradient procedure on (2.5) yields the learning rule

fJ = 2C
∂Φ(τ)

∂τ

dµK

(dµJ + dµK)
2 , fK = −2C

∂Φ(τ)

∂τ

dµJ

(dµJ + dµK)
2 . (2.6)

where dJ is the distance to the closest correct prototype with matching class la-
bel and dK the distance to the closest prototype with mismatching label. Φ(τ) is a
monotonically increasing function, often chosen to be a sigmoid function. We chose
Φ(τ) to be the sigmoid function described by Equation (2.7). This leads to the expli-
cit update function in Equation (2.8).

Φ(τ) =
1

1 + exp(−τ)
(2.7)

wµ+1
J = wµ

J + η
Φ′(τ)dµK

(dµJ + dµK)2
(ξµ −wµ

J),

wµ+1
K = wµ

K − η
Φ′(τ)dµJ

(dµJ + dµK)2
(ξµ −wµ

K), (2.8)

where the derivative of Φ(τ) (Equation (2.7)) is given by:

Φ′(τ) = Φ(τ) ∗ (1− Φ(τ)) (2.9)

Robust Soft LVQ

The Robust Soft Learning Vector Quantization (RSLVQ) algorithm (Seo and Obermayer
2003) was derived using a statistical modeling of the data and designed to overcome
the stability problem of LVQ 2.1. RSLVQ introduces soft prototype assignments
which act similarly to a soft window around the decision boundary. This algorithm
minimizes a bounded cost function E = − ln(L) where L is based on a likelihood
ratio function of a mixture model, described as

L =
∏

µ

p(ξµ, σµ|W )

p(ξµ|W )
with p(ξµ|W ) =

Nσ∑

σ=1

∑

j:cj=σ

Pj p(ξ
µ|j), (2.10)
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where p(ξµ|W ) approximates the actual probability density P (ξ), c.f. (3.1). It is
assumed that every component j of the mixture generates examples which belong
to one class, viz. cj . Nσ is the number of classes and Pj is the probability that the
examples are generated by a particular component j and p(ξµ|j) is the conditional
probability that j generates a particular example ξµ.

The learning rule is obtained by performing stochastic gradient descent on the
cost function E with respect to wS . We examine it for a Gaussian mixture ansatz as
in Seo and Obermayer (2003), where it is chosen p(ξµ|j) = (2πvj)

(N/2) exp(−dµj /2vj).
Furthermore, every component is assumed to have equal probability P (j) = 1/K,
∀j and equal variance vj = vsoft, ∀j where vsoft is called the softness hyperparameter.
This gives the following modulation function

fS =
1

vsoft

{
Pσ(S|ξµ)− P (S|ξµ), if cS = yµσ
−P (S|ξµ), else.

(2.11)

with the assignment probabilities

Pσ(S|ξµ) =
exp (−dµS/2vsoft)∑

j:cj=σµ
exp

(
−dµj /2vsoft

) , P (S|ξµ) =
exp (−dµS/2vsoft)∑
j exp

(
−dµj /2vsoft

) , (2.12)

see Seo and Obermayer (2003) for the derivations. Pσ(S|ξµ) describes the pos-
terior probability that ξµ is assigned to the component S of the mixture, given that
the example is generated by the correct class. P (S|ξµ) describes the posterior pro-
bability that ξµ is assigned to the component S of the complete mixture using all
classes.

This yields the following explicit update step for RSLVQ:

wµ+1
J = wµ

J +
η

vsoft
(PJ(S|ξµ)− P (S|ξµ)) (ξµ −wµ

J),

wµ+1
K = wµ

K − ηP (S|ξµ)(ξµ −wµ
K), (2.13)

In experiments, we found that the softness in RSLVQ allows the prototypes to
move away from cluster centers in the data. As long as the relative distances bet-
ween prototypes and the decision boundary does not change, this will not affect the
assignments made by the classifier. It, however, does allow the classifier to impli-
citly add more weight to certain dimensions by moving the prototypes away from
the decision boundary in those dimensions. By doing so, it increases the contri-
bution of that dimension to the calculation of distances between prototypes and
samples as described in Equation (2.2). This observation allows the interpretation
of the difference vector of pairs of prototypes (i.e., wS −wT ) as an implicitly trained
weight vector similar to the explicitly trained relevance vector of GRLVQ as will be
described in the following section.
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Generalized Relevance LVQ

As an extension to GLVQ, Generalized Relevance Learning Vector Quantization
(GRLVQ) was proposed by Hammer and Villmann (2002), which assigns and trains
a relevance per data dimension by integrating a relevance vector into the distance
measure, i.e., Equation (2.2) is replaced by the following weighted distance measure:

dµλ,T =
N∑

i=1

λµi (ξµi −wµ
T,i)

2 (2.14)

Both the prototypes and the relevance matrix are updated at the same time du-
ring training using an update scheme similar to GLVQ:

wµ+1
J = wµ

J + 2η
Φ′(τλ)dµλ,K

(dµλ,J + dµλ,K)2
λµ(ξµ −wµ

J),

wµ+1
K = wµ

K − 2η
Φ′(τλ)dµλ,J

(dµλ,J + dµλ,K)2
λµ(ξµ −wµ

K), (2.15)

where τλ, is defined as in Equation (2.5), replacing dµT by dµλ,T . The update of the
relevance vector is given by Equation (2.16), where wS is the closest prototype.

λµ+1 = λµ − 2εΦ′(τλ)

(
dµλ,K · λµ−1(ξµ −wµ

J)

(dµλ,J + dµλ,K)2

−
dµλ,J · λµ−1(ξµ −wµ

K)

(dµλ,J + dµλ,K)2

) (2.16)

The relevance vector λwas initialized using random samples drawn from on the
interval [0, 1], i.e., λ0 ∼ UN (0, 1), and normalized such that the elements of λ0 sum
up to 1.

Generalized Matrix LVQ

Generalized Matrix Learning Vector Quantization (GMLVQ), proposed by Schnei-
der et al. (2009a), uses a generalized distance measure that takes into account re-
levances of individual, but also cross-relevances of multiple, data dimensions by
extending the Euclidean distance measure with a N × N relevance matrix Λ, see
Equation (2.17). Regularization reduces the learning capacity and is obtained by
limiting the size (M ) of the M ×N matrix Ω. We choose M = 2 in our analyses.
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dµΛ,T = (ξµ −wµ
T )>Λµ(ξµ −wµ

T ), (2.17)

with Λµ = (Ωµ)>Ωµ

Both the prototypes and the relevance matrix are updated at the same time du-
ring training using an update scheme similar to GLVQ and GRLVQ:

wµ+1
J = wµ

J + 2η
Φ′(τΛ)dµΛ,K

(dµΛ,J + dµΛ,K)2
Λµ(ξµ −wµ

J),

wµ+1
K = wµ

K − 2η
Φ′(τΛ)dµΛ,J

(dµΛ,J + dµΛ,K)2
Λµ(ξµ −wµ

K), (2.18)

where τΛ, is defined as in Equation (2.5), replacing dµT by dµΛ,T . The update of the
relevance matrix is given by Equation (2.19).

Ωµ+1 = Ωµ − 2εΦ′(τΛ)

(
dµΛ,K · Ωµ−1(ξµ −wµ

J)

(dµΛ,J + dµΛ,K)2

−
dµΛ,J · Ωµ−1(ξµ −wµ

K)

(dµΛ,J + dµΛ,K)2

) (2.19)

The relevance matrix Ω was initialized using random samples drawn from on
the interval [−1, 1], i.e., Ω0 ∼ UM×N (−1, 1), and normalized such that the diagonal
of Λ0 = Ω0(Ω0)> equals 1.

After training, the relevance matrix Λ = ΩΩ> can be inspected to find the most
influential features for the decisions taken by the classifier. In essence Ω forms a
linear transformation ΩΞ of the original input space to an M ≤ N -dimensional
space that allows for optimal separation of classes. Such linear transformations Ω

are uniquely defined if and only if the matrix of training data Ξtr has rank N , i.e., it
provides anN dimensional basis. Often Ξtr has a smaller rank due to correlated data
or the availability of less data samples than there are data dimensions. As reasoned
by Strickert et al. (2013), if C = ΞΞ> has eigenvectors with eigenvalues zero, these
correspond to directions in the feature space in which the data shows no variation.
Adding arbitrary linear combinations of these vectors to the rows of Ω will not effect
the projection ΩΞ. Hence, random effects can be observed in Ω, hence Λ obtained
from GMLVQ. As outlined in Strickert et al. (2013), a transformation of Ω is required
to eliminate the effect of randomness and find a unique solution for Ω and hence Λ.
We apply the following post-processing:
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Ω̂ = ΩΨ

Λ̂ = Ψ>Ω>ΩΨ (2.20)

where Ψ is constructed as:

Ψ = [
J∑

j=1

uju
>
j ] = [I −

N∑

j=J+1

uju
>
j ] (2.21)

from the J non-vanishing eigenvectors u1 . . .uJ of C = ΞΞ> given data Ξ.

2.3.2 Class-conditional means

Rather than training prototypes using an LVQ scheme, we also use the class condi-
tional means as prototypes. This method can be considered a reference technique,
and has e.g., been applied to Appraisal data by Scherer (1993), as is further outlined
in Chapter 6. In a similar fashion to LVQ, unseen data is classified by returning the
label of the prototype closest by. We chose to use squared Euclidean distance as dis-
tance measure, and implemented the method within our LVQ framework in Matlab
(R2013a).

2.3.3 k-Nearest Neighbors

k-Nearest Neighbors (kNN) (see e.g., Duda et al. (2000)) is a technique in which
all training data constitutes the knowledge of the classifier. Whenever a new data
sample is provided, kNN searches for the k closest training samples and performs a
majority vote. We used Euclidean distance as distance measure. We used the Matlab
(R2013a) implementation of kNN from the Bioinformatics Toolbox (version 4.3).

2.3.4 Artificial Neural Network

Artificial Neural Networks (ANNs) (see e.g., Duda et al. (2000)) link input and out-
put through a network consisting of layers of nodes. Each node is connected to all
nodes of the previous layer and combines their input using a weighted sum and
applies a transfer function. The input and output layers are directly observable,
while the layers in between are not, therefore these are referred to as hidden layers.
During training, errors on the output layer are propagated to previous layers by
adjusting the weight factors. We used a three layer feed forward, back propagation
network with the hyperbolic tangent transfer function on the hidden layer. In our



20 2. PROBLEM DEFINITIONS AND METHODS

analyses we varied the number of nodes in the hidden layer (Nhidden). We used the
implementation of ANN in the Neural Network Toolbox (version 8.0.1) of Matlab
(R2013a).

2.3.5 Support Vector Machine

Support Vector Machine (SVM), introduced by Vapnik (1998), is a popular techni-
que that optimizes the margin between data of two classes, i.e., it finds the optimal
hyperplane separating data of two classes. It does so by first applying a transforma-
tion of data samples to a higher dimensional space using a kernel (we used linear
and Radial Basis Function (RBF) kernels). Misclassification is penalized with a cost
factor. Thereby, SVM minimizes:

1

2
‖w‖2 + C

∑

i

ζi (2.22)

subject to:
yi(w · xi + b) ≥ 1− ζi, with ζi > 0, (2.23)

where w is the hyperplane separating data samples xi = K(ξi) (already trans-
formed using the kernel function K) with corresponding class membership indica-
tors yi = ±1, and cost (of misclassification) parameter C, which we varied in our
analyses. In order to apply SVM to a multi-class problem, it requires an ensemble
learning strategy. We have chosen to apply one-vs-rest in which for each class a clas-
sifier is created to distinguish it from all other classes, because it brings certain com-
putational advantages while performing on par with other techniques (Rifkin and
Klautau 2004). When classifying an unseen sample, all SVMs are applied and the
class label corresponding to the SVM with largest margin (i.e., distance between the
sample and the separating hyperplane) is returned. We used the LIBSVM (Chang
and Lin 2011) implementation through an interface in Matlab (R2013a).
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Hoofdstuk 3
LEARNING DYNAMICS OF LEARNING

VECTOR QUANTIZATION

Abstract

A variety of modifications has been employed to Learning Vector Quantization (LVQ)
algorithms using either crisp or soft windows for selection of data. Although these
schemes have been shown in practice to improve performance, a theoretical study on the
influence of windows has so far been limited. Here we rigorously analyse the influence
of windows in a controlled environment of Gaussian mixtures in high dimensions. Con-
cepts from statistical physics and the theory of on-line learning allow for an exact descrip-
tion of the training dynamics, yielding typical learning curves, convergence properties
and achievable generalization abilities. We compare the performance and demonstrate
the advantages of various algorithms, including LVQ 2.1, Generalized Learning Vector
Quantization (GLVQ), Learning From Mistakes (LFM) and Robust Soft Learning Vec-
tor Quantization (RSLVQ). We find that the selection of the window parameter highly
influences the learning curves, but surprisingly not the asymptotic performances of LVQ
2.1 and RSLVQ. Although the prototypes of LVQ 2.1 exhibit divergent behavior, the re-
sulting decision boundary coincides with the optimal decision boundary thus yielding
optimal generalization ability.

3.1 Introduction

O
ut of many methods for classification, Learning Vector Quantization constitutes
a family of learning algorithms for nearest prototype classification of potenti-

ally high dimensional data (Kohonen 2001). The intuitive approach and computati-
onal efficiency of LVQ classifiers have motivated its application in various discipli-
nes, see e.g. Neural Networks Research Centre, Helsinki (2002). Prototypes in LVQ
algorithms represent typical features within a data set using the same feature space
instead of the black-box approach practiced in many other classifiers, e.g. feedfor-
ward neural networks or support vector machines. This makes them attractive to
researchers outside the field of machine learning. Other advantages of LVQ algo-
rithms are (1) they are easy to implement for multi-class classification tasks and (2)
the algorithm complexity can be adjusted during training as required.
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Numerous variants of the original LVQ prescriptions have been proposed to-
wards achieving better performance, such as LVQ 2.1 (Kohonen 1990, Kohonen
2001), LVQ 3 (Kohonen 1990, Kohonen 2001), GLVQ (Hammer and Villmann 2002,
Sato and Yamada 1995) and RSLVQ (Seo and Obermayer 2003). Common themes
of these modifications include an additional parameter which controls the selection
of data to which the system is adapted and variation of the magnitude of prototype
updates. We refer to these in general as window schemes. In the limiting case of
hard or crisp learning schemes, updates are restricted only to examples which fall
into this window. For instance, LVQ 2.1 allows updates as long as the example is
in the vicinity of the current decision boundary. Alternatively, learning schemes
can implement a soft window, e.g. RSLVQ and GLVQ, which considers all examples
but adapts the magnitude of the update according to their relative distances to the
current decision boundary.

In general, the learning behavior of these strategies is not well understood. It is
unclear how the convergence, stability and achievable generalization ability com-
pare for the different strategies. Fortunately, methods from statistical physics and
theory of on-line learning recently allowed a systematic investigation of very large
systems in the so-called thermodynamic limit. This has been successfully applied
in, among others, feedforward neural networks, perceptron training and principal
component analysis (Biehl and Caticha 2003, Engel and van den Broeck 2001, Saad
1999). A similar approach to LVQ-type algorithms, e.g. LVQ 1, unsupervised Vector
Quantization (VQ) and rank-based Neural Gas, was treated in Biehl et al. (2007) and
Witoelar et al. (2008).

In this work, we closely examine the influence of window schemes for LVQ al-
gorithms. Typical learning behavior is studied within a model situation of high di-
mensional Gaussian clusters and competing prototypes. From this analysis, we can
observe typical learning curves and the convergence properties, i.e. the asymptotic
behavior in the limit of an arbitrarily large number of examples.

Typically the window parameters are selected either heuristically or derived
from prior knowledge of the data and kept fixed during training. The optimal pa-
rameter settings are chosen according to a computationally expensive validation
procedure. It is also possible to treat the hyperparameters as dynamic properties
during learning, e.g. by means of an annealing schedule (Seo and Obermayer 2006)
or a gradient-based optimization method (Bengio 2000). Using the model described
in this paper, one can investigate the optimality of the parameters for both fixed and
dynamic settings in representative model situations.
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3.2 Model

Throughout the paper, we study LVQ algorithms in a model situation: high dimen-
sional data are generated from a mixture of M Gaussian clusters and presented to
a system of two or three prototypes. We restrict ourselves to the analysis of isotro-
pic and homogeneous clusters, i.e. each cluster σ generates only data with one of the
class labels yσ ∈ {1, 2, . . . , Nc}whereNc is the number of classes. Examples {ξµ, yµσ}
with ξµ ∈ R are drawn independently according to the probability density function

P (ξ) =
M∑

σ=1

pσP (ξ|σ) with P (ξ|σ) =
1

(2πvσ)N/2
exp

[
− 1

2vσ
(ξ − `σBσ)2

]
(3.1)

where pσ are the cluster-wise prior probabilities and
∑
σ pσ = 1. The compo-

nents of vectors ξµ from cluster σµ are random numbers with mean vectors `σBσ

and variance υσ . The unit vectors Bσ determine the orientation of cluster centers.
Similar densities have been studied in Barkai et al. (1993), Biehl (1994), Biehl et al.
(2007) and Meir (1995).

In this framework we formally exploit the thermodynamic limit N →∞ corres-
ponding to very high dimensional data. This has simplifying consequences which
will be present throughout the paper. Note that on random subspace projections,
data from different clusters completely overlap and are not separable. The clusters
become apparent only in the, at most, M -dimensional space spanned by vectors
{Bσ}Mσ=1. The non-trivial goal is to identify this subspace from the N -dimensional
data.

We bring attention to the readers on the scaling of the model. The anisotropy of
this data distribution is very weak: while the mean of cluster σ, given by `σBσ , is a
vector of length O(1), the average squared length of the data vectors (ξ)2 is in the
order O(N).

Obviously, this model is greatly simplified from practical situations. However
it represents an ideal scenario to analyse the considered learning algorithms and
Gaussian modeling of feature vectors which is a common technique in many practi-
cal scenarios. While more complex behaviors are expected in practical applications,
the non-trivial effects already observed in this model will clearly influence the out-
come under more general circumstances.

3.3 Algorithms

We shortly review LVQ algorithms and their corresponding window schemes. For
the two-class model defined in Section 3.2, we define an LVQ system as a set of K
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prototypes W = {wS , cS}KS=1 with wS ∈ R and cS = {1, 2, . . . , Nc}. Classification is
implemented through a nearest prototype scheme: novel examples will be assigned
to the class of the closest prototype according to a dissimilarity measure. Here we
restrict the measure to the squared Euclidean distance dµS = (ξµ −wS)

2 for a given
novel example ξµ. In this chapter, we investigate several LVQ prescriptions which
include window schemes.

3.3.1 LVQ 2.1

The algorithm of LVQ 2.1 has been presented in Chapter 2 describing the update
step and window used to restrain stability issues. However, this window is inef-
fective for very high dimensional data, as we obtain limN→∞(ξµ − wS)2 ≈ (ξµ)

2

because (ξµ)
2

= O(N) terms dominate the otherO(1)-terms, i.e. (wS · ξµ) and (w2
S).

Consequently, this window definition does not work in very high dimensions, evi-
denced by

lim
N→∞

min




(
ξµ −wµ−1

T

)2

(
ξµ −wµ−1

S

)2 ,

(
ξµ −wµ−1

S

)2

(
ξµ −wµ−1

T

)2


 = 1, (3.2)

which implies that every example falls into the window. Therefore, in the follo-
wing we implement the constraint

∣∣(ξµ −wT )2 − (ξµ −wS)2
∣∣ ≤ k min

(
(ξµ −wS)2, (ξµ −wT )2

)
(3.3)

where k is a small positive number. Note that the term (ξµ)2 = O(N) cancels
out on the left hand side, while it dominates on the right hand side for N → ∞.
Thus, the right hand side becomes k · (ξµ)2 and the condition is non-trivial only if
k = O(1/N). We introduce the rescaled window parameter δ = k · (ξµ)2 = O(1) so
that the window scheme is−δ ≤ (dµT −dµS) ≤ δ; δ is positive. We describe these rules
as the following modulation function

fS = χ(cS , y
µ
σ)

∑

T :cT 6=cS

(
Θ−δST −Θ+δ

ST

) ∏

U 6=S,T
ΘSUΘTU (3.4)

with χ(cS , y
µ
σ) = 1 if cS = yµσ and χ(cS , y

µ
σ) = −1 else. We use the short-

hand notation Θδ
ji ≡ Θ(dµi − dµj − δ), where Θ(x) is the Heaviside function Θ(x) =

1 if x > 0; 0 else. We sum over prototypes {wT |cT 6= cS} and terms
(
Θ−δST −Θ+δ

ST

)
=

Θ(dµT − dµS + δ)−Θ(dµT − dµS − δ) enforce the window condition. The product term∏
U 6=S,T ΘSUΘTU singles out instances where wS and wT are the two closest proto-

types. This form of fS allows for the analysis given in Section 3.4.
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3.3.2 LFM-W

The performance of LFM, as described in Chapter 2 can be improved by including
data selection of data using the window rule in Equation (3.3). We refer to this
algorithm as LFM-W, represented by the modulation function

fS =





∑

K:cK 6=yσ

(
ΘKS −Θδ

KS

)
ψ(S,K) if cS = yµσ

∑

J:cJ=yσ

(
ΘSJ −Θδ

SJ

)
ψ(J, S) else.

(3.5)

with Θji ≡ Θ(dµi − dµj ) and ψ(J,K) =
∏
T :cT=yσ

ΘJT

∏
U :cU 6=yσΘKU which iden-

tifies cases with wJ being the correct winner and wK being the incorrect winner:
ψ(J,K) = 1 if this condition is fulfilled and ψ(J,K) = 0 else. Terms in parentheses
single out misclassified examples which fall into the window.

3.3.3 GLVQ

GLVQ, as presented in Chapter 2, where Φ(τ) can be used to define a window
around the decision boundary. Here the usefulness of selecting a non-linear Φ(τ) is
shown. For instance, in Hammer and Villmann (2002) and Sato and Yamada (1995),
the sigmoid function is chosen: Φ(τ) = 1/(1 + exp(−τ)). The form of ∂Φ(τ)/∂τ ,
which has a single peak at τ = 0, can be interpreted as a soft window around the
decision boundary.

In the high dimensional limit, we notice that (dµJ + dµK) is dominated by (ξµ)2-
terms and, effectively, becomes a constantO(N)-term: 1/N(dµJ +dµK) = 1 +O(1/N).
Therefore the denominator term in (2.5) becomes constant:

lim
N→∞

E = lim
N→∞

∑

µ

Φ

(
C

dµJ + dµK
(dµJ − dµK)

)
=
∑

µ

Φ

(
1

vG
(dµJ − dµK)

)
. (3.6)

To obtain a non-zero argument, C must also be in the orderO(N), and we rescale
using vG = (dµJ + dµK)/C = O(1). The parameter vG determines the softness of the
window, provided that an appropriate non-linear Φ(τ) is chosen. Note that GLVQ
can be simplified to LVQ 2.1 without a window using the identity function Φ(τ) = τ .
The cost function in (2.5) becomes E =

∑
µ (dµJ − dµK) /vG, where vG could be set to

1 without changing its learning behavior. The modulation function is then reduced
to fJ = +1, fK = −1.

In this chapter, we choose the cumulative normal distribution

Φ(τ) =

∫ τ

−∞

1√
2π

exp

(
− t

2

2

)
dt (3.7)
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Figure 3.1: Left panel: The form of the chosen Φ(τ) in GLVQ, in comparison to the sigmoidal
function Sig(τ). The derivatives produce a soft window. Middle and right panel: The RSLVQ
modulation function fS for class 1 (◦) when presented with data from class 1. The figures
display the difference between smaller vsoft (left) and larger vsoft (right).

where ∂Φ(τ)/∂τ = φ(τ) =
(
1/
√

2π
)

exp
(
−τ2/2

)
. Note that this form imple-

ments a Gaussian window similar to the sigmoidal cost described in Hammer and
Villmann (2002) and Sato and Yamada (1995) and therefore produces a qualitatively
similar behavior, see Figure 3.1 for the comparison.

Plugging in the form of (3.6), we obtain the learning rules

fJ = +
2

vG
φ

(
dJ − dK
vG

)
, fK = − 2

vG
φ

(
dJ − dK
vG

)
(3.8)

We can write the modulation function as

fS =





∑

K:cK 6=yσ

(
2

vG
φ

(
dS − dK
vG

))
ψ(S,K) if cS = yµσ

−
∑

J:cJ=yσ

(
2

vG
φ

(
dJ − dS
vG

))
ψ(J, S) else.

(3.9)

with ψ(J,K) =
∏

T :cT=yσ

ΘJT

∏

U :cU 6=yσ
ΘKU .

3.3.4 RSLVQ

In addition to the description of RSLVQ in Chapter 2, we can make the following
observations: As vsoft becomes smaller, the updates become smaller for correctly
classified examples and larger for incorrectly classified examples, see Figure 3.1.
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Note than the limiting case of vsoft is particularly simple. The assignments of
Equation (2.12) become hard assignments, i.e.

Pσ(S|ξµ) =

{
1, if dµS = min

{j:cj=σµ}

{
dµj
}

0, else
, P (S|ξµ) =

{
1, if dµS = min

{j}

{
dµj
}

0, else
(3.10)

Plugging the above into (2.11), we obtain the learning rule for LFM, described in
Section 3.3.2.

3.4 Analysis

In this section we describe the methods to analyse the learning dynamics in LVQ
algorithms. Following the lines of the theory of on-line learning, see e.g. Biehl and
Mietzner (1993), Biehl and Schwarze (1993), Engel and van den Broeck (2001) or
Saad (1999), the system can be fully described in terms of a few characteristic quan-
tities, so-called order parameters, in the thermodynamic limit N → ∞. A suitable
set of order parameters for the considered learning model is:

RµSσ = wµ
S ·Bσ QµST = wµ

S ·wµ
T . (3.11)

Note that RSσ are the projections of prototype vectors wµ
S on the center vectors

Bσ and QµST correspond to the self- and cross- overlaps of the prototype vectors.
From the generic update rule defined above, Equation (2.1), we can derive the follo-
wing recursions in terms of the order parameters:

RµSσ −Rµ−1
Sσ

1/N
= ηfS

(
bµσ −Rµ−1

Sσ

)

QµST −Qµ−1
ST

1/N
= η

[
fT
(
hµS −Qµ−1

ST

)
+ fS

(
hµT −Qµ−1

ST

)]
+ η2 fSfT (ξµ)2

N
+O
(

1

N

)
(3.12)

where the input data vectors ξµ enter the system as their projections hµS and bµσ ,
defined as

hµS = wµ−1
S · ξµ bµσ = Bσ · ξµ. (3.13)

In the limit N → ∞, the O(1/N) term can be neglected and the order parame-
ters self average (Reents and Urbanczik 1998) with respect to the random sequence
of examples. This means that fluctuations of the order parameters vanish and the
system dynamics can be described exactly in terms of their mean values. Also for
N → ∞, the rescaled quantity α ≡ µ/N can be conceived as a continuous time
variable. Accordingly, the dynamics can be described by a set of coupled Ordinary



28 3. LEARNING DYNAMICS OF LEARNING VECTOR QUANTIZATION

Differential Equations (ODE) (Ghosh et al. 2006) after performing an average over
the sequence of input data:

dRSσ
dα

= η
(
〈bσfS〉 − 〈fS〉RSσ

)

dQST
dα

= η
(
〈hSfT 〉 − 〈fT 〉QST + 〈hT fS〉 − 〈fS〉QST

)
+ η2

∑

σ

pσυσ〈fSfT 〉σ(3.14)

where 〈.〉 and 〈.〉σ are the averages over the density P (ξ) and P (ξ|σ). To simplify
the last term of Equation (3.14), we used

lim
N→∞

〈fSfT ξ2〉/N = lim
N→∞

∑

σ

pσ(υσN + `2)〈fSfT 〉σ/N =
∑

σ

pσυσ〈fSfT 〉σ.

In various sections in this paper, we investigate learning behaviors using small
learning rates η → 0 and neglect the η2 terms in Equation (3.14). Non trivial beha-
vior is only expected by taking the simultaneous limit η → 0, α → ∞ and rescaling
α̃ = ηα in Equation (3.14).

Exploiting the limit N → ∞ once more, the quantities hµS , b
µ
σ become correlated

Gaussian quantities by means of the Central Limit Theorem. Therefore, they are
fully specified by first and second moments, detailed in Appendix 3.A:

〈hµS〉σ = `σR
µ−1
Sσ , 〈bµτ 〉σ = `σδτσ, 〈hµShµT 〉σ − 〈hµS〉σ〈hµT 〉σ = υσQ

µ−1
ST

〈bµτ bµρ 〉σ − 〈bµτ 〉σ〈bµρ 〉σ = υσTτρ, 〈hµi bµτ 〉σ − 〈hµi 〉σ〈bµτ 〉σ = υσR
µ−1
iτ . (3.15)

where S, T are prototype indices, τ, ρ, σ are cluster indices, δ is the Kronecker
delta and Tτρ ≡ Bτ ·Bρ is an overlap measure between clusters.

Thus, the above averages 〈fS〉, 〈hT fS〉 and 〈bT fS〉 reduce to Gaussian integrati-
ons in K + M dimensions and can be expressed in {RSσ, QST }, see Appendix 3.B.
For various algorithms and a system with two competing prototypes, the averages
can be calculated analytically. For three or more prototypes, the mathematical treat-
ment becomes more involved and requires multiple numerical integrations.

Given the averages for a specific modulation function fS , we obtain a closed set
of ODE. Using initial conditions {RSσ(0), QST (0)}, we integrate this system for a gi-
ven algorithm and obtain the evolution of order parameters in the course of training,
{RSσ(α), QST (α)}. The generalization error εg , i.e. the probability of the closest pro-
totype wS carrying an incorrect label, is determined by considering the contribution
from each cluster separately:

εg =
M∑

σ=1

pσεg,σ with εg,σ =
K∑

S:cS 6=yσ

〈 K∏

T 6=S
ΘST

〉

σ

, (3.16)
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Figure 3.2: Left panel: Evolution of the order parameters {RSσ, QST } for LVQ 2.1 with K =

2, M = 2, `1 = `2 = 1, p1 = 0.7, v1 = v2 = 1 and learning parameters η = 0.1 and δ = 1.
Solid lines represent {RSσ, QST } obtained from the theoretical analysis, while bars represent
the variance as produced by Monte Carlo simulations for N = 100 over 100 independent
runs. Right panel: Influence of a window on LVQ 2.1 at learning time α = 40. Prototypes are
projected on the (B+,B−) subspace for δ = 1 (◦), δ = 5 (4) and unrestricted LVQ 2.1 (�). In
the latter, one prototype strongly diverges. The resulting decision boundaries are indicated
by chained lines. The origin is marked by (·) and the cluster centers are marked by (∗).

which can be calculated from {Riσ(α), Qij(α)}. For instance, for the simplest
system with two clusters σ = {+,−} and prototypes w+ and w−, the generalization
error is written explicitly in terms of order parameters as

εg,σ= Φ

(
Qσσ−Q−σ,−σ−2`σ(Rσ,σ−R−σ,σ)

2
√
vσ
√
Qσσ − 2Qσ,−σ +Q−σ,−σ

)
, (3.17)

with Φ(x) =
∫ x
−∞ dt 1√

2π
exp(−t2/2), detailed in Appendix 3.D. The form of εg,σ

for systems with more prototypes is more involved, and we refer the final result of
the calculations to Appendix 3.D. We obtain the learning curve εg(α) which quan-
tifies the success of training. This method of analysis shows excellent agreement
with Monte Carlo simulations of the learning system for dimensionality as low as
N = 100, as demonstrated in Figure 3.2.
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3.5 A simple case: two prototypes, two clusters

In this section we discuss in detail the results of the analysis for the simplest non-
trivial problem: two-prototype LVQ 2.1, GLVQ, LFM-W and RSLVQ systems and
M = 2 with one Gaussian cluster per class. The model data is given in Section
3.2. For simplicity, we denote the two clusters as σ = {+,−} and without loss of
generality can choose `+ = `− = ` and orthonormal Bσ , i.e. Bi · Bj = 1 if i = j; 0

else.

We place an emphasis on the asymptotic behavior in the limit α → ∞, i.e. the
achieved performance for an arbitrarily large number of examples. The asymptotic
generalization error εg(∞) scales with the learning rate, analogous to minimizing a
cost function in stochastic gradient descent procedures. For LVQ 2.1 and RSLVQ, the
best achievable generalization error is obtained in the simultaneous limit of small
learning rates η → 0, α → ∞ and rescaling α̃ = ηα → ∞. However this limit is not
meaningful for LFM, as will be explained later.

In this simple scenario, it is possible to exactly calculate the Best Linear Deci-
sion (BLD) boundaries by linear approximation of the Bayesian optimal decision
boundary, see Biehl et al. (2004) for the calculations. We compare the results from
each algorithm to the best linearly achievable error εgbld.
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3.5.1 LVQ 2.1

We first examine two-prototype systems, i.e. K = 2. Figures 3.2 illustrate the evolu-
tion of order parameters under the influence of a window and the trajectories of the
prototypes projected onto the (B+,B−) subspace. Without additional constraints,
LVQ 2.1 with two prototypes displays a strong divergent behavior in a system with
unbalanced data, i.e. p+ 6= p−. The repulsion factor dominates for the prototype
representing the weaker cluster, here w2. The order parameters associated with
this prototype increase exponentially with α̃. As α̃ → ∞, w2 will be arbitrarily
far away from the cluster centers and the asymptotic generalization error is trivial,
εg(∞) = min(p+, p−).

Implementing the window scheme, w2 is repulsed until the data densities of
both classes within the window become more balanced. Subsequently, the order pa-
rameters change with more balance between both prototypes. The repulsion factor
still dominates its counterpart, therefore both prototypes still diverge, viz. RSσ for
both prototypes display a linear change with α̃ at large α̃, but the decision boundary
remains stable. Trivial classification is prevented, see the generalization error cur-
ves εg vs. α̃ in the left panel of Figure 3.3. Obviously, for smaller δ a considerable
amount of data is filtered out and the initial learning stages slow down significantly.
Meanwhile for large δ, εg becomes non-monotonic and converges more slowly.

Hence the performance at finite α̃ is dependent on δ, displayed in Figure 3.3,
and parameter settings are highly critical in practical applications. Given learning
time α̃, an optimal choice of fixed δ exists, which clearly depends on the proper-
ties of the data. With larger α̃, εg becomes less sensitive towards δ and the optimal
setting of δ is smaller. Surprisingly, δ only influences the convergence speed while
the non-trivial asymptotic generalization error εg(∞) is insensitive to the choice of
δ and equals the best achievable error εgbld for each setting. This can be explained
as follows. We can compare the asymptotic decision boundary to the BLD: the an-
gle between them is equal to the angle between (w1 −w2) and (B+ −B−). This is
calculated, using (3.11) and the orthonormality of B+ and B−, as

ϕ = arccos

(
R1+ +R1− −R2+ +R2−√

2 (Q11 − 2Q12 +Q22)

)
, (3.18)

which is found to be zero for large α̃. Hence, the decision boundary becomes pa-
rallel to the BLD and only its offset produces the difference between εg(∞) and εgbld.
In low dimensions, this offset oscillates around zero due to the window rule. In the
thermodynamic limit, the fluctuations vanish and the LVQ 2.1 decision boundary
coincides with the BLD.
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3.5.2 LFM-W
The LFM scheme performs updates identical to LVQ 2.1 with the condition that the
example is misclassified. A detailed investigation into the characteristics of K = 2

unrestricted LFM has been presented in Biehl et al. (2007). There, it was shown
that LFM produces stable prototype configurations for finite learning rates η. The
projection of the prototypes lies parallel to the symmetry axis `(B+−B−), displayed
in Figure 3.4. However the prototypes w1 and w2 retain components orthogonal to
the two dimensional subspace spanned by the cluster centers, indicated by QST >

RS+RT+ +RS−RT− which implies

|wS |2 > |RS+B+ +RS−B−|2.

The asymptotic generalization error εg(∞) is suboptimal and insensitive to η: the
asymptotic decision boundary remains at an angle ϕ from the optimal hyperplane,
c.f. Equation (3.18), independent of η. The Euclidean distance between prototypes
is given by the quantity

∆q =
√

(w1 −w2)2 =
√
Q11 − 2Q12 +Q22 , (3.19)

which is found to be proportional to η for α → ∞. At η → 0, ∆q → 0 and the
prototypes coincide, and this limit is not meaningful in LFM.

In this analysis, we observe that window schemes can dramatically improve per-
formance of LFM. Using a window, the tilt of the decision boundary from the op-
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timal hyperplane, i.e ϕ in (3.18), is reduced, resulting in lower εg(∞). We observe
that εg(∞) decreases along with reducing δ, displayed in the right panel of Figure
3.4. However, a critical window size δc exists where the LFM unexpectedly becomes
divergent and no stationary state exists. Smaller windows filter examples which
produce more repulsion in the orientation of the cluster centers, and we observe
asymptotically larger ∆q as δ decreases. This is clearly observed in Figure 3.4. Gi-
ven a sufficiently small δ, it is possible that the repulsion factor entirely outweighs
the attractive factor. At δ < δc, it performs similar to LVQ 2.1: the angle ϕ becomes
zero and εg(∞) is close to the best achievable error.

Unlike the unrestricted case, the learning rate η can influence the asymptotic
performance. The learning rate and window size are indirectly related, as shown in
the right panel of Figure 3.4. For example, learning with small learning rates requi-
res smaller windows to achieve optimal asymptotic error. Note that the influence
of the window size depends heavily on the structure of the data. For various data
models, efficient window settings may only exist on a very limited range and win-
dow schemes may be ineffective to improve generalization performance while still
maintaining stability.

3.5.3 GLVQ
Apart from the influence of vG to the overall learning rate, small vG corresponds to
a sharp peak around the decision boundary while large vG corresponds to a very
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large window. Figure 3.5 displays the prototype lengths while using GLVQ: the soft
window slows down the strong repulsion of the prototype of the weaker cluster, as
opposed to unrestricted LVQ 2.1. While both prototypes still diverge because the
cost function at N → ∞ is not bounded, c.f. (3.6), the asymptotic εg remains non-
trivial, see Figure 3.5.

Note that vG directly relates to the overall learning rate η/vG, refer to Equation
(3.9), which influences the level of noise in stochastic gradient procedures. We com-
pare results with respect to vG, while maintaining at equal overall learning rate by
keeping η/vG constant, in Figure 3.5. Performance deteriorates at smaller vG, where
training slows down at intermediate stages and converges at a higher error. Howe-
ver, very large vG allows strong repulsion of the weaker prototype which results
in non-monotonic εg and long learning convergence times. Surprisingly, the soft
GLVQ window is outperformed by the simple hard or crisp window of LVQ 2.1.
This is caused by the long tail of the modulation function which sums up into a
large repulsion, whereas in the crisp window, only data near the decision boundary
are considered.

Figure 3.6 displays the cost function during learning. In the initial learning sta-
ges, the minimization of the cost function E leads to fast decrease of εg . Howe-
ver, while the cost function continues to decrease monotonically, εg behaves non-
monotonically. While many techniques are developed to improve minimization
procedures of E, it is important to evaluate the choice of E and its correlation to
the desired generalization performance.
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3.5.4 RSLVQ
Finally in this section, we study the influence of the softness parameter vsoft in the
RSLVQ algorithm. Note that in Seo and Obermayer (2003), the learning rate η and
softness parameter vsoft are treated independently using separate annealing sche-
dules. In this section, we assume η decreases proportionally with vsoft, i.e. a fixed
overall learning rate η/vsoft is maintained.

We first investigate model scenarios with equal variance clusters v+ = v− and
unbalanced data p+ 6= p−. We observe the influence of vsoft on the learning curves,
displayed on the left panel of Figure 3.7. The generalization error curve depends on
vsoft: at large vsoft, εg may exhibit non-monotonic behavior, reminiscent of LVQ 2.1.
Because of this behavior, the learning process may require long learning times before
reaching the asymptotic configuration. This is an important consideration for prac-
tical applications which often uses early stopping strategies to avoid overtraining.
Meanwhile, the algorithm minimizes the cost functionE in (2.10) monotonically, see
Figure 3.6. Thus, the decrease in E does not always result in a decrease of εg .

A major advantage of the RSLVQ algorithm is the convergence of prototypes, i.e.
a stationary configuration of order parameters exists for finite vsoft. The asymptotic
configuration of prototypes are displayed in Figure 3.8. At α̃ → ∞, the softness
parameter controls only the distance between the two prototypes: ∆q as defined
in Equation (3.19), decreases linearly with vsoft. Note that under the conditions
p+ = 0.5, vsoft = v+ = v− and initialization of prototypes on the symmetry axis,
each prototype is located at its corresponding cluster center, i.e. the RSLVQ mixture
model matches exactly to the actual input density.

Figures 3.7 compare the asymptotic errors in the case of η/vsoft = 1 (left panel)
and small learning rates η/vsoft → 0 (right panel). In the former case, performance
improves with large vsoft: at small vsoft, the system converges at high εg similar to
LFM, while at larger vsoft, it approaches the best linear decision. Meanwhile, at small
learning rates, the asymptotic error becomes independent to vsoft. Therefore, given
sufficiently small learning rates, RSLVQ becomes robust wrt. its softness parameter.

In the equal variance scenario, the asymptotic decision boundary always con-
verges to the best linear decision boundary for all settings of {p+, p−} and RSLVQ
outperforms both LFM and LVQ 2.1, as it provides robustness, stability and low
generalization error.

On the other hand, a scenario with unequal class variances presents an interes-
ting case where RSLVQ with global vsoft fails to match the model. RSLVQ remains
robust, i.e. the decision boundary converges to identical configurations for all set-
tings of vsoft, see Figure 3.8. However, the asymptotic results are suboptimal. While
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RSLVQ is insensitive to the priors of the clusters, its performance wrt. the best achie-
vable error is sensitive to the cluster variances, e.g. at highly unbalanced σ+/σ−,
RSLVQ generalizes poorly and is outperformed by the simpler LVQ 2.1. In prac-
tical applications, vsoft may be set locally for each prototype to accomodate such
scenarios, but this case cannot be treated along the lines of the present analysis in a
straightforward way.
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3.6 Optimal window schedules

We have observed in Sections 3.5.1 and 3.5.2 the learning curves and asymptotics of
LVQ 2.1 and LFM-W wrt. fixed window parameters. In this section we treat the win-
dow parameter as dynamic properties during learning, viz. δ(α). Although small
windows allow optimal εg(α → ∞), their obvious disadvantage is their slower ini-
tial learning and convergence speed. This suggests that dynamic performance can
be improved by adjusting the window along with the number of examples presen-
ted.

We calculate the locally optimal δ∗(α)-schedule by formally minimizing dεg(α)/dα

with respect to δ using the knowledge of the input density and finding the condition

δ∗(α) arg min
δ

(
u(α) · dO(α)

dα

)
= 0 with u(α) =

M∑

σ=1

pσ
dεg,σ(α)

dO
(3.20)

where we use the shorthand O for the set of order parameters. For a system with
two prototypes {w+.w−} and two clusters σ = {+,−}, O = {R++, R+−, R−+, R−−, Q++,
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Q+−, Q−−}T and derivating from (3.17), we obtain

dεgσ(α)

dO
=

1

2
√
vσ∆q

φ

(
Zσ

2
√
vσ∆q

)
.Aσ with

A+ =




−2`

0

+2`

0

1− Z+/(2∆2
q)

Z+/∆
2
q

−1− Z+/(2∆2
q)




, A− =




0

+2`

0

−2`

−1− Z−/(2∆2
q)

Z−/∆
2
q

1− Z−/(2∆2
q)




with Zσ = Qσσ − Q−σ,−σ − 2`(Rσσ − R−σσ) and ∆q defined in Equation (3.19),
see Appendix 3.D for the calculations.

We plug in dO/dα for the corresponding algorithm and numerically calculate
δ∗(α) from Equation (3.20) at each learning step. We find that the learning curve
is improved with initially large δ which is decreased during training, following the
curve in Figure 3.9. This suggests that practical schedules with gradual reduction of
window sizes are indeed suitable for this particular learning problem.

While this approach locally minimizes generalization error, this strategy does
not always lead to minimization of εg over a time span, i.e. a globally optimal sche-
dule, which requires calculations along the lines of variational optimization, see e.g.
Biehl (1994) or Saad and Rattray (1997), for its application of optimal learning rates
in multilayered neural networks. Obviously, a priori knowledge of the input den-
sity is not available in practical situations. Nevertheless, this minimization techni-
que provides an upper bound of the achievable performance of the learning scheme
for a given model.

Figure 3.7 displays that although large vsoft for RSLVQ allows for a faster ini-
tial learning, it also can yield non-monotonic learning curves. We can avoid the
non-monotonic behavior and maximize the decrease of εg by applying a variatio-
nal approach analogous to (3.20) in order to calculate the locally optimal softness
parameter schedule v∗soft(α). While fixing the value of η/vsoft, we produce the lo-
cally optimal softness schedule v∗soft(α) in Figure 3.9, where v∗soft(α) is initially large
and decreases to saturate at a constant value. Note that this value depends on the
learning rate, e.g. it decreases with η/vsoft. In calculations with η → 0, we obtain the
limit v∗soft(∞) → 0, which is the clearly suboptimal LFM. Therefore an analysis of
optimal RSLVQ schedule requires η > 0.
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Figure 3.10: Left panel: Snapshot at α = 50 of an LVQ 2.1 system, δ = 1 with K = 3 and
M = 6 randomly generated isotropic clusters projected on the (B1,B3) subspace. The solid
dot marks the initial position of all prototypes and solid lines mark the trajectories of the
prototypes. Right panel: p4 = 0.5, p� = 0.3, p◦ = 0.2. Solid lines represent, from bottom to
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3.7 Three-prototype systems

In this section we look at more generic analyses of LVQ algorithms by extending
the previous systems to K = 3 prototypes and M clusters, requiring a much larger
set of order parameters. This allows an initial study on two important issues con-
cerning practical applications of LVQ: multi-class problems and the use of multiple
prototypes within a class.

We first look at multi-class problems with Nc = 3 classes, an example is shown
in Figure 3.10 for LVQ 2.1 with M = 6 clusters selected with random variances and
random deviation from the original class centers. The clusters are separable only in
M out ofN dimensions. In all our observations, we find that the behaviors ofK = 3

systems are qualitatively similar to K = 2 systems. For LVQ 2.1, the learning curves
vary according to the window sizes, but its asymptotic generalization error is inde-
pendent of δ. Due to the presence of other prototypes, the repulsion on a weaker
class prototype are reduced. However, the prototypes remain divergent, e.g. Figure
3.10. Meanwhile for LFM-W, the asymptotic performance is sensitive to δ whose
range of effective window sizes depend strongly on the learning parameters. For
GLVQ, the prototypes are divergent with a higher asymptotic error than LVQ 2.1,
and thus it performs poorly. Finally, for RSLVQ, the prototypes remain stable and
the asymptotic generalization performance is robust wrt. settings of vsoft, but it is
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outperformed by LVQ 2.1. Hence, the results are consistent with the K = 2 system
and the preceding analysis is valid qualitatively to, at least, systems of M clusters
and one prototype per class within the model restrictions.

To allow more complex decision boundaries, practical LVQ applications frequently
employ several prototypes within a class. We investigate a two-class system Nc =

2, yσ = {+,−} using K = 3 prototypes with labels cS = {+,+,−} and observe the
non-trivial interaction between similarly labeled prototypes, here w1 and w2. While
prototypes of different classes immediately separate in the initial training phase,
prototypes of the same class remain identical in the M dimensional space, see Fi-
gure 3.11. The latter prototypes differ only in dimensions which are not related for
classification and produce a suboptimal decision boundary. This may proceed for a
long learning period before these prototypes begin to specialize, i.e. each prototype
produces a bigger overlap RSσ with a distinct group of clusters. The specializa-
tion phase produces a sudden decrease of εg , displayed in the right panel of Figure
3.11. This phenomenon is highly reminiscent of symmetry breaking effects obser-
ved in unsupervised learning, such as Winner-Takes-All VQ (Biehl 1994, Witoelar
et al. 2008) or multilayer neural networks (Saad and Solla 1995).

Learning parameters highly influence the nature of the transition, e.g. large learning
rates and smaller windows prolong the unspecialized phase, and therefore they are
critical to the success of learning. Symmetry breaking may require exceedingly long
learning times, resulting in learning plateaus which dominate the training process
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and present a challenge in practical situations with very high dimensional data. In
more extreme circumstances, the system may not escape the unspecialized state at
all and the optimal classification cannot be obtained. Details of the symmetry brea-
king properties wrt. parameters will be investigated in following publications.

3.8 Conclusion

We have investigated the learning behavior of LVQ 2.1, GLVQ, LFM-W and RSLVQ
using window schemes which work in high dimensions. The analysis is based on
the theory of on-line learning on a model of high dimensional isotropic clusters.
Our findings demonstrate that the selection of proper window sizes is critical to
efficient learning for all algorithms. Given more available data and allowance for
costly learning times, parameter selection becomes much less important.

Our analysis demonstrates the influence of windows on the learning curves and
the advantages and drawbacks of each algorithm within the model scenarios. A
summary is described in Table 3.1. Asymptotically, LVQ 2.1 achieves optimal per-
formance in all scenarios, but stability remains an issue in terms of diverging proto-
types. LFM-W shows a remarkable improvement in performance over LFM. Unfor-
tunately, the introduction of a window may also influence its stability, and therefore
it is highly parameter sensitive, i.e., only a narrow range of window size can im-
prove the overall performance. GLVQ behaves similarly to LVQ 2.1. While GLVQ
reduces the initial strong overshooting of LVQ 2.1, the prototypes remain diver-
gent and GLVQ produces higher generalization errors or long convergence times.
RSLVQ attempts to combine the advantages of both LFM and LVQ 2.1 by providing
both stability and optimal performance. However, an important issue of RSLVQ lies
on its approximation of the data structure, e.g., it performs well when the actual in-
put density are isotropic Gaussian clusters with equal variance. If the assumptions
depart from the input density, the results become suboptimal and RSLVQ can even
be outperformed by the simpler LVQ 2.1 and LFM-W. In all scenarios, RSLVQ dis-
plays robustness of its classification behavior with respect to the softness parameter,
given sufficiently low learning rates.

This analysis also allows a formal optimization of the window size during learning
to ensure fast convergence. While in general, various window sizes for LVQ 2.1 pro-
duce equal asymptotic errors, initial window sizes should be chosen large for faster
convergence speed and decreased in the course of learning. Similarly, an optimal
schedule for RSLVQ points to a gradual decrease of the softness parameter to a par-
ticular saturation value, which agrees well with many practical scheduling schemes.
However, locally optimal schedules do not always lead to the globally optimal sche-
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Table 3.1: Asymptotic properties of LVQ algorithms.

LVQ 2.1 LFM-W GLVQ RSLVQ

Stability divergent convergent* divergent convergent
Sensitivity wrt. parameters robust dependent dependent robust
Gen. ability optimal suboptimal suboptimal suboptimal

* under the condition that δ is larger than critical window size δc.

dules see, for instance, Saad and Rattray (1997). In further work, we will develop
efficient dynamic parameter adaptations, i.e., optimal window schedules during on-
line training along the lines of variational optimization.

We show that the analysis remains valid for multi-class systems and arbitrary
number of isotropic clusters. Additionally, using multiple prototype assignments
within a class, we already observe the presence of learning plateaus in this highly
simplified scenario. These phenomena carry on and could dominate the training
process in any practical situations with high degrees of freedom. Further investi-
gations of more complex network architectures and non-trivial input distributions
may also yield additional phenomena, e.g., competing stationary states of the sys-
tem, and provide further insights to general LVQ behaviors.

3.A Statistics of the projections

For convenience, we combine the projections hS = wS · ξ and bσ = Bσ · ξ defined in
(3.13) into a D-dimensional vector, where D = K +M , as

x =
(
hµ1 hµ2 . . . hµK bµ1 bµ2 . . . bµM

)T
(3.21)

In our analysis of on-line learning, we assume that ξ is statistically independent
from wS , because ξµ is uncorrelated to all previous data and wµ−1

S . Therefore we
observe that hS and bσ become correlated Gaussian random quantities following
the Central Limit Theorem and can be fully described by their first and second mo-
ments, i.e. its conditional averages µσ = 〈x〉σ and conditional covariance matrix
Cσ = 〈x · xT 〉σ . We compute these averages in the following.



3.A. Statistics of the projections 43

3.A.1 First order statistics

We compute the averages of the components of x as follows:

〈hi〉σ =

∫

RN
ξ ·wip(ξ|σ)dξ = wi ·

∫

RN
ξp(ξ|σ)dξ = wi · `σBσ = `σRiσ (3.22)

〈bτ 〉σ =

∫

RN
ξ ·Bτp(ξ|σ)dξ = Bτ ·

∫

RN
ξp(ξ|σ)dξ = Bτ · `σBσ = `σTτσ(3.23)

with Tτσ = Bτ · Bσ . To a large extent, we utilize orthonormal cluster center
vectors, i.e. Bτ ·Bσ = δτσ where δ is the Kronecker delta. The conditional first order
moments µσ = 〈x〉σ can be expressed in terms of order parameters as

µ = `σ
(
R1σ R2σ . . . RKσ T1σ T2σ . . . TMσ

)T
(3.24)

3.A.2 Second order statistics

To compute the conditional variance 〈xnxm〉σ − 〈xn〉σ 〈xm〉σ we first look at the
average

〈hihj〉σ =

〈(
N∑

k=1

(wi)k(ξ)k

)(
N∑

l=1

(wj)l(ξ)l

)〉

σ

=

〈
N∑

k=1

(wi)k(wj)k(ξ)k(ξ)k +
N∑

k=1

N∑

l=1,l 6=k
(wi)k(wj)l(ξ)k(ξ)l

〉

σ

=

N∑

k=1

(wi)k(wj)k 〈(ξ)k(ξ)k〉σ +

N∑

k=1

N∑

l=1,l 6=k
(wi)k(wj)l 〈(ξ)k(ξ)l〉σ

=
N∑

k=1

(wi)k(wj)k
(
υσ+`

2
σ(Bσ)k(Bσ)k

)
+

N∑

k=1

N∑

l=1,l 6=k
(wi)k(wj)l`

2
σ(Bσ)k(Bσ)l

= υσ

N∑

k=1

(wi)k(wj)k + `2σ

N∑

k=1

N∑

l=1

(wi)k(wj)l(Bσ)k(Bσ)l

= υσwi ·wj + `2σ(wi ·Bσ)(wj ·Bσ) = υσQij + `2σRiσRjσ (3.25)

Here we exploit the following

〈(ξ)k(ξ)k〉σ = υσ + 〈(ξ)k〉σ 〈(ξ)k〉σ = υσ + `2σ(Bσ)k(Bσ)k

and 〈(ξ)k(ξ)l〉σ = 〈(ξ)k〉σ 〈(ξ)l〉σ = `2σ(Bσ)k(Bσ)l

Hence we obtain the conditional second order moment, from Eqs. (3.25) and
(3.22),

〈hihj〉σ − 〈hi〉σ 〈hj〉σ = υσQij + `2σRiσRjσ − `σRiσ`σRjσ = υσQij (3.26)
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Analogously, we get the second order statistics of b and the covariance as follows:

〈bτ bρ〉σ − 〈bτ 〉σ 〈bρ〉σ = υσTτρ + `2σTτσTρσ − `σTτσ`σTρσ = υσTτρ (3.27)

〈hibτ 〉σ − 〈hi〉σ 〈bτ 〉σ = υσRiτ + `2σRiσTτσ − `σRiσ`σTτσ = υσRiτ (3.28)

The conditional covariance matrixCσ = 〈x·xT 〉σ can be written in terms of order
parameters as

Cσ = υσ




Q11 · · · Q1K R11 · · · R1M

...
. . .

...
...

. . .
...

Q1K · · · QKK RK1 · · · RKM
R11 · · · RK1 T11 · · · T1M

...
. . .

...
...

. . .
...

R1M · · · RKM TM1 · · · TMM




(3.29)

3.B Form of the Differential Equations

In order to perform the ordinary differential equations described in (3.14), we need
to plug in the values of

〈fS〉, 〈xnfS〉 and 〈fSfT 〉 (3.30)

Note that 〈fSfT 〉 is not required in the limit η → 0, where terms proportional
to η2 can be neglected. We write the forms for the following algorithms: LVQ 2.1,
LFM-W, GLVQ and RSLVQ.

LVQ 2.1
The general modulation function for LVQ 2.1 is described in Equation (3.4) as

fS = χ(cS , y
µ
σ)

∑

T :cT 6=cS

(
Θ−δST −Θ+δ

ST

) ∏

U 6=S,T
ΘSUΘTU ,

with χ(cS , y
µ
σ) = 1 if cS = yµσ and χ(cS , y

µ
σ) = −1 else. We can rewrite

Θδ
ST = Θ (dT − dS − δ)

= Θ
(
−2wT · ξµ + w2

T + 2wS · ξµ −w2
S − δ

)

= Θ (−2hµT + 2hµS +QTT −QSS − δ)
= Θ

(
αST · x− βδST

)
, (3.31)

with αST = (0, . . . , +2︸︷︷︸
at S

, . . . , −2︸︷︷︸
at T

, . . . , 0) and βδST = QSS −QTT − δ .
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For two prototype systems with labels wS and wT , we can simplify the above as

fS = χ(cS , y
µ
σ)
(
Θ−δST −Θ+δ

ST

)
. (3.32)

And the required averages over the joint density (3.30) are calculated as

〈fS〉 =
〈
χ(cS , y

µ
σ)
(
Θ−δST −Θ+δ

ST

)〉
=

M∑

σ=1

pσχ(cS , yσ)
〈
Θ−δST −Θ+δ

ST

〉
σ

〈xnfS〉 =
M∑

σ=1

pσχ(cS , yσ)
〈
xn(Θ−δST −Θ+δ

ST )
〉
σ

〈fSfS〉 =
〈
χ(cS , y

µ
σ)2
(
Θ−δST −Θ+δ

ST

)2〉
=

M∑

σ=1

pσ
〈
Θ−δST −Θ+δ

ST

〉
σ

〈fSfT 〉 =
〈
χ(cS , y

µ
σ)χ(cT , y

µ
σ)
(
Θ−δST −Θ+δ

ST

)2〉
= −

M∑

σ=1

pσ
〈
Θ−δST −Θ+δ

ST

〉
σ
(3.33)

The quantities 〈(Θ−δST−Θ+δ
ST )〉σ and 〈xn(Θ−δST−Θ+δ

ST )〉σ are calculated in Appendix
3.C.

LFM-W
The general modulation function for LFM-W is described in Equation (3.5) as

fS =





∑

K:cK 6=yσ

(
ΘKS −Θδ

KS

)
ψ(S,K) if cS = yµσ

∑

J:cJ=yσ

(
ΘSJ −Θδ

SJ

)
ψ(J, S) else.

(3.34)

with ψ(J,K) =
∏
T :cT=yσ

ΘJT

∏
U :cU 6=yσΘKU . With only two prototypes, both wS

and wT are winners of their respective class, thus ψ(.) = 1 and the averages are

〈fS〉 =
M∑

σ:yσ=cS

pσ〈ΘTS −Θδ
TS〉σ +

M∑

σ:yσ 6=cS
pσ〈ΘST −Θδ

ST 〉σ

〈xnfS〉 =
M∑

σ:yσ=cS

pσ〈xn(ΘTS −Θδ
TS)〉σ +

M∑

σ:yσ 6=cS
pσ〈xn(ΘST −Θδ

ST )〉σ(3.35)

GLVQ
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The general modulation function for GLVQ is described in Equation (3.9) as

fS =





∑

K:cK 6=yσ

(
2

vG
φ

(
dS − dK
vG

))
ψ(S,K) if cS = yµσ

−
∑

J:cJ=yσ

(
2

vG
φ

(
dJ − dS
vG

))
ψ(J, S) else.

(3.36)

For two prototypes,

〈fS〉 =
M∑

σ:yσ=cS

pσ
2

vG
〈φ (αST · x− βST )〉σ −

M∑

σ:yσ 6=cS
pσ

2

vG
〈φ (αST · x− βST )〉σ

〈xnfS〉 =
M∑

σ:yσ=cS

pσ
2

vG
〈φ (αST · x− βST )〉σ −

M∑

σ:yσ 6=cS
pσ

2

vG
〈φ (αST · x− βST )〉σ

(3.37)

with αST = {. . . ,− 2

vG︸ ︷︷ ︸
at S

, . . . ,+
2

vG︸ ︷︷ ︸
at T

, . . . 0, 0}, βST = −QSS −QTT
vG

.

The quantities 〈φ (αST · x− βST )〉σ are found in Equation (3.48) in Appendix 3.C.

RSLVQ
With one prototype representing each class, (2.12) become

Pσ(S|ξµ) =
exp

(
−(ξµ −wµ

S)2/2vsoft
)

exp (−(ξµ −wµ
S)2/2vsoft)

= 1

P (S|ξµ) =
exp

(
−(ξµ −wµ

S)2/2vsoft
)

∑K
T=1 exp (−(ξµ −wµ

T )2/2vsoft)

=
1

1 +
∑K
T 6=S exp

(
1

2vsoft
(−2ξµwµ

S + (wµ
S)2 + 2ξµwµ

T − (wµ
T )2)

)

=
1

1 +
∑K
T 6=S exp

(
1

2vsoft
(−2hS +QSS + 2hT −QTT )

)

=
1

1 +
∑K
T 6=S exp (αST · x− βST )

(3.38)
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where we defined

αST = {. . . ,− 1

vsoft︸ ︷︷ ︸
at S

, . . . ,+
1

vsoft︸ ︷︷ ︸
at T

, . . . 0, 0}, βST = −QSS −QTT
2vsoft

Therefore the RSLVQ modulation function becomes

fS =
1

vsoft
(δ(cS , y

µ
σ)− ΩS) (3.39)

where δ(x, y) is the Kronecker delta and

ΩS =
1

1 +
∑K
T 6=S exp (αST · x− βST )

(3.40)

We obtain the averages

〈fS〉 =
1

vsoft
〈δ(cS , yσ)− ΩS〉 =

1

vsoft

( ∑

σ:yσ=cS

pσ −
∑

σ

pσ 〈ΩS〉σ

)

〈xnfS〉 =





1
vsoft

(∑
σ:yσ=cS

pσ〈hn〉σ −
∑
σ pσ 〈xnΩS〉σ

)
if n ≤ K

1
vsoft

(∑
σ:yσ=cS

pσ〈bn−K〉σ −
∑
σ pσ 〈xnΩS〉σ

)
if n > K

=





1
vsoft

(∑
σ:yσ=cS

pσ`σRnσ −
∑
σ pσ 〈xnΩS〉σ

)
if n ≤ K

1
vsoft

(∑
σ:yσ=cS

pσ`σT(n−K)σ −
∑
σ pσ 〈xnΩS〉σ

)
if n > K

(3.41)

The required quantities 〈ΩS〉σ and 〈xnΩS〉σ are supplied in Appendix 3.C.
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3.C Gaussian Averages

3.C.1 Two prototypes

For generic functions fab ≡ f (αab · x− βab), the quantities 〈fab〉σ and 〈xnfab〉σ are
required.

〈fab〉σ =
1

(2π)D/2(det(Cσ))1/2

∫

RD
f (αab · x− βab)

exp

(
−1

2
(x− µ)TC−1

σ (x− µ)

)
dx

=
1

(2π)D/2(det(Cσ))1/2

∫

RD
f (αab · x′ + αab · µ− βab)

exp

(
−1

2
(x′)TC−1

σ (x′)

)
dx′

=
1

(2π)D/2

∫

RD
f
(
αabC

−1/2
σ y + β̃ab,σ

)
exp

(
−1

2
y2

)
dy (3.42)

with β̃ab,σ = αab · x− βab. Rotating the coordinate system, we obtain

〈fab〉σ =
1√
2π

∫

R
f
(
‖αabC−1/2

σ ‖ỹ + β̃ab,σ

)
exp

(
−1

2
ỹ2

)
dỹ

=
1√
2π

∫

R
f
(
α̃ab,σ ỹ + β̃ab,σ

)
exp

(
−1

2
ỹ2

)
dỹ (3.43)

with α̃ab,σ = ‖αabC−1/2
σ ‖. Next we calculate the quantity

〈xnfab〉σ =
1

(2π)D/2(det(Cσ))1/2

∫

RD
xnf (αab · x− βab)

exp

(
−1

2
(x− µ)TC−1

σ (x− µ)

)
dx

=
1

(2π)D/2

∫

RD

(
C1/2
σ y + µ

)
n
f
(
αabC

−1/2
σ y + β̃ab,σ

)
exp

(
−1

2
y2

)
dy

=
1

(2π)D/2

∫

RD

(
C1/2
σ y

)
n
f
(
αabC

−1/2
σ y + β̃ab,σ

)
exp

(
−1

2
y2

)
dy

+ (µ)n 〈fab〉σ (3.44)

LVQ 2.1, LFM-W
The following quantities are required for two prototype LVQ 2.1 and LFM-W:

〈
Θδ
ab −Θγ

ab

〉
σ

= Φ

(
β̃δab,σ
α̃ab,σ

)
− Φ

(
β̃γab,σ
α̃ab,σ

)
(3.45)
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〈
xn
(
Θδ
ab −Θγ

ab

)〉
σ

=
(Cσαab)n√

2πα̃ab,σ



exp


−1

2

(
β̃δab,σ
α̃ab,σ

)2

− exp


−1

2

(
β̃γab,σ
α̃ab,σ

)2






+(µσ)n

[
Φ

(
β̃δab,σ
α̃ab,σ

)
− Φ

(
β̃γab,σ
α̃ab,σ

)]
(3.46)

GLVQ

For GLVQ, the quantities 〈φab〉σ and 〈xnφab〉σ are required.

〈φab〉σ =
1√
2π

∫

R
φ
(
α̃ab,σ ỹ + β̃ab,σ

)
exp

(
−1

2
ỹ2

)
dỹ

=
1√
2π

exp

(
−1

2
β̃2
ab,σ

)∫

R

1√
2π

exp

(
−1

2
(α̃2
ab,σ + 1)ỹ2 − α̃ab,σβ̃ab,σ ỹ

)
dỹ

(3.47)

Here we can use the substitution
∫∞
−∞

dx√
2π

exp
(
− 1

2ax
2 + bx

)
= 1√

a
exp

(
b2

2a

)
to

obtain

〈φab〉σ =
1√
2π

exp

(
−1

2
β̃2
ab,σ

)
1√

α̃2
ab,σ + 1

exp

(
α̃2
ab,σβ̃

2
ab,σ

2(α̃2
ab,σ + 1)

)

=
1√
2π

1√
α̃2
ab,σ + 1

exp

(
−1

2
β̃2
ab,σ

(
1−

α̃2
ab,σ

(α̃2
ab,σ + 1)

))

=
1√
2π

1√
α̃2
ab,σ + 1

exp

(
−1

2

β̃2
ab,σ

α̃2
ab,σ + 1

)
(3.48)

RSLVQ

For RSLVQ, the quantities 〈Ωab〉σ and 〈xnΩab〉σ are required.

〈Ωab〉σ =
1√
2π

∫

R

1

1 + exp(α̃ab,σ ỹ + β̃ab,σ)
exp

(
−1

2
ỹ2

)
dỹ (3.49)

This one-dim. integration has to be solved numerically.
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〈xnΩab〉σ =
1

(2π)D/2

∫

RD

(
C

1/2
σ y

)
n

1 + exp(αabC
−1/2
σ y + β̃ab,σ)

exp

(
−1

2
y2

)
dy

+ (µ)n 〈Ωab〉σ

=
1

(2π)D/2

D∑

j=1

Ij + (µ)n 〈Ωab〉σ (3.50)

where

Ij =
1

(2π)D/2

∫

R

(C
1/2
σ )nj(y)n

1 + exp(αabC
−1/2
σ y + β̃ab,σ)

exp

(
−1

2
(yj)

2

)
d(y)j (3.51)

Applying integration by parts
∫
udv = uv −

∫
vdu with

u =
1

1 + exp(αabC
−1/2
σ y + β̃ab,σ)

v = (C1/2
σ )nj exp

(
−1

2
(yj)

2

)

du = − exp(αabC
−1/2
σ y + β̃ab,σ)

(
1 + exp(αabC

−1/2
σ y + β̃ab,σ)

)2

∂

∂(y)j)

(
αabC

−1/2
σ y

)
d(y)j

dv = −(C1/2
σ )nj(y)j exp

(
−1

2
(yj)

2

)
d(y)j , (3.52)

we obtain

Ij =

[
1

1 + exp(αabC
−1/2
σ y + β̃ab,σ)

(C1/2
σ )nj exp

(
−1

2
(yj)

2

)]∞

−∞

−
∫

R

(C
1/2
σ )nj exp(αabC

−1/2
σ y + β̃ab,σ)

(
1 + exp(αabC

−1/2
σ y + β̃ab,σ)

)2

∂

∂(y)j)

(
αabC

−1/2
σ y

)
exp

(
−1

2
(yj)

2

)
d(y)j

(3.53)
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〈xnΩab〉σ = − 1

(2π)D/2

D∑

j=1

∫

R

(C
1/2
σ )nj exp

(
αabC

−1/2
σ y + β̃ab,σ

)

(
1 + exp

(
αabC

−1/2
σ y + β̃ab,σ

))2

∂

∂(y)j

(
αabC

−1/2
σ y

)
exp

(
−1

2
(yj)

2

)
d(y)j + (µ)n 〈Ωab〉σ

= − 1

(2π)D/2
(Ckαab)n

∫

R

exp
(
αabC

−1/2
σ y + β̃ab,σ

)

(
1 + exp

(
(αabC

−1/2
σ y + β̃ab,σ

))2

exp

(
−1

2
(yj)

2

)
d(y)j (3.54)

After applying rotation,

〈xnΩab〉σ = − (Ckαab)n√
2π

∫

R

exp ‖αabC−1/2
σ ‖ỹ + β̃ab,σ)

(
1 + exp

(
‖αabC−1/2

σ ‖ỹ + β̃ab,σ

))2

× exp

(
−1

2
ỹ2

)
dỹ + (µk)n 〈Ωab〉σ

= − (Ckαab)n√
2π

∫

R

exp
(
α̃ab,σ ỹ + β̃ab,σ

)

(
1 + exp

(
α̃ab,σ ỹ + β̃ab,σ

))2 exp

(
−1

2
ỹ2

)
dỹ

+ (µk)n 〈Ωab〉σ (3.55)

which is also solved numerically.

3.C.2 Three prototypes

For generic function fabfcd ≡ f (αab · x− βab) f (αcd · x− βcd), the quantities 〈fabfcd〉k
and 〈xnfabfcd〉k are required.

〈fabfcd〉σ =
1

(2π)D/2

∫

RD
f
(
αabC

−1/2
σ y + β̃ab,σ

)
f
(
αcdC

−1/2
σ y + β̃cd

)

× exp

(
−1

2
y2

)
dy (3.56)

Next we calculate the quantity

〈xnfabfcd〉σ =
1

(2π)D/2

∫

RD

(
C1/2
σ y

)
n
f
(
αabC

−1/2
σ y + β̃ab,σ

)
f
(
αcdC

−1/2
σ y + β̃cd

)

× exp

(
−1

2
y2

)
dy + (µ)n 〈fabfcd〉σ (3.57)
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The quantities 〈ΘabΘcd〉σ and 〈xnΘabΘcd〉σ have been calculated in Witoelar et al.
(2008), as follows:

〈ΘabΘcd〉σ =
1√
2π

∫ ∞

− β̃ab,σα̃ab,σ

exp

(
−1

2
y′21

)
Φ


 β̃cd,σα̃ab,σ + (αcdCσαab)y

′
1√

α̃2
cd,σα̃

2
ab,σ − (αcdCσαab)2


 dy′1

(3.58)

〈(x)nΘabΘcd〉σ =
(Cσαab)n√
(2π)α̃ab,σ

exp

(
−1

2

β̃2
ab,σ

α̃2
ab,σ

)
Φ


 β̃cd,σα̃

2
ab,σ − β̃ab,σ(αcdCσαab)

α̃ab,σ
√
α̃2
cd,σα̃

2
ab,σ − (αcdCσαab)2




+
(Cσαcd)n√
(2π)α̃cd,σ

exp

(
−1

2

β̃2
cd,σ

α̃2
cd,σ

)
Φ


 β̃ab,σα̃

2
cd,σ − β̃cd,σ(αabCσαcd)

α̃cd,σ
√
α̃2
cd,σα̃

2
ab,σ − (αcdCσαab)2




+ (µσ)n〈ΘabΘcd〉σ. (3.59)

With the addition of a window, these quantities are required:

〈(Θδ
ab −Θγ

ab)Θcd〉σ =
1√
2π

∫ − β̃
γ
ab,σ
α̃ab,σ

−
β̃δ
ab,σ
α̃ab,σ

exp

(
−1

2
y′21

)
Φ


 β̃cd,σα̃ab,σ + (αcdCσαab)y

′
1√

α̃2
cd,σα̃

2
ab,σ − (αcdCσαab)2


 dy′1

〈(x)n(Θδ
ab −Θγ

ab)Θcd〉σ

=
(Cσαab)n√
(2π)α̃ab,σ

exp

(
−1

2

(β̃δab,σ)2

α̃2
ab,σ

)
Φ


 β̃cd,σα̃

2
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For LVQ 2.1, the following average is required:
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3.D Generalization error

Two prototypes
We compute the generalization error from Equation (3.16) as follows. For two pro-
totypes w+ and w−, we calculate εg =

∑
pσεg,σ with

εg,σ = 〈Θ−σσ〉+ = Φ

(
β̃−σσ,σ
α̃−σσ,σ

)
(3.67)
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with α̃ST,σ =
√
αSTCσαST and β̃ST,σ = αSTµσ − βST . We refer the calculations

to Biehl et al. (2004). Plugging in the values, we obtain
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By usingZσ = Qσσ−Q−σ,−σ−2`(Rσσ−R−σσ) and ∆q =
√
Q++ − 2Q+− +Q−−,

we can calculate the derivative of the generalization error with respect to the order
parameters O = {R++, R+−, R−+, R−−, Q++, Q+−, Q−−}T as follows:
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In the special case of p+ = p− = 0.5 and v+ = v− = v, one obtains
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Three prototypes
To compute the generalization error in systems with three prototypes wS ,wT ,wU ,

we require the quantity

εg,σ =
K∑

S:cS 6=yσ
〈ΘSTΘSU 〉σ , (3.72)

where the averages are written in Equation (3.58).
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Abstract

Stress in daily life can lead to severe conditions as burn-out and depression and has a ma-
jor impact on society. Being able to measure mental stress reliably opens up the ability
to intervene in an early stage. We performed a large-scale study in which skin conduct-
ance, respiration and electrocardiogram were measured in semi-controlled conditions.
Using Learning Vector Quantization techniques, we obtained up to 88% accuracy in
the classification task to separate stress from relaxation. Relevance learning was used
to identify the most informative features, indicating that most information is embedded
in the cardiac signals. In addition to commonly used features, we also explored various
novel features, of which the very-high frequency band of the power spectrum was found
to be a very relevant addition.

4.1 Introduction

The harsh reality of daily life is that it becomes increasingly stressful. While
certain levels of psychological stress help us perform optimally, prolonged ex-

posure to stressors can have severe effects on wellbeing. Chronic stress is known
to contribute to the development of, among others, cardiovascular diseases (Backé
et al. 2012, Kivimäki et al. 2006) and has been found to contribute to high socie-
tal costs. In the US, for example, it has been estimated that job stress costs ”over
$300 billion annually due to increased absenteeism, employee turnover, diminished
productivity, medical, legal and insurance expenses, and workers’ compensation
payments” (Rosch 2001).

The fine balance between the positive effects of short term stress and the detri-
mental effects of chronic stress on the one hand, and an increasingly demanding
society on the other hand, indicate the need for assistance in balancing workload.
Various products are available to help regulate mental stress (Heber et al. 2013,
Westerink et al. 2014) including various biofeedback systems. One such biofeed-
back method is the stimulation of alpha-frequency brain waves, i.e., alpha neuro-
feedback (Dempster and Vernon 2009). Alpha brain waves are related to relaxation
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during wake, and stimulation of these waves are known to increase relaxation le-
vels (Gruzelier 2002). The effects have been studied in the lab quite extensively,
but only limitedly in circumstances that better reflect daily life. The application of
neuro-feedback in a consumer device using the paradigm of music listening was
researched (van Boxtel et al. 2012) in a double-blinded experiment with two types
of control, as one aim of a comprehensive study. The effectiveness of such methods
can, however, be further improved by providing them at the right moment to the
right people. To that end, an objective method of measuring stress using easily and
unobtrusively measurable physiological parameters is needed. This lead to the se-
cond aim of the aforementioned study: the development of such a method; which is
subject of the present manuscript.

Several studies have attempted to classify stress from physiological measure-
ments (Healey and Picard 2005, Zhai et al. 2005, Zhai and Barreto 2006, Choi and
Gutierrez-Osuna 2009, Wijsman et al. 2011, Giakoumis et al. 2013) using various
classification techniques. Among the more popular are Support Vector Machine
(SVM) and Artificial Neural Network (ANN) (Sharma and Gedeon 2012). LVQ is a
relatively novel technique that has been applied successfully to a wide range of clas-
sification challenges (Neural Networks Research Centre, Helsinki 2002), but rarely
to classification of affect, and to the best of our knowledge, not yet to stress classifi-
cation. The family of LVQ classification techniques use prototypes that are defined
in the same mathematical space as the input data. The intuitive nature and ease of
inspection give LVQ an advantage over less open-box methods such as SVM and
ANN. We exploit this property of LVQ to gain new insights in the field of mental
stress detection, where further understanding of the domain can help improve de-
scriptive models (Sharma and Gedeon 2012).

In the present study, we set out to build classifiers to distinguish stress from re-
laxation using the three modalities of Electrocardiogram (ECG), Galvanic Skin Res-
ponse (GSR), and Respiration (RSP). To that end we employ LVQ methods as well
as SVM. We will use these methods to explore performance of uni-modal and multi-
modal classifiers in order to find out which signal is most rich in information to
distinguish stressful reactions and investigate how individual features contribute.
In the following, we will first create an overview of published affective and stress
classifiers, then we describe the methods used, followed by results, discussion and
conclusion.
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4.2 Affect and Stress Classification

Whereas there are multiple definitions of stress that differ in various subtleties, an
often used definition is that of Lazarus & Folkman: ”Psychological stress is a rela-
tionship between the person and the environment that is appraised by the person
as taxing or exceeding his or her resources and endangering his or her well-being”
(Lazarus and Folkman 1984). Stress can be measured through a variety of physiolo-
gical signals, among which Skin Conductance (SC), Skin Temperature (ST), Electro-
cardiogram (ECG), Blood Volume Pulse (BVP), Blood Pressure (BP), Electroencep-
halogram (EEG) and Electromyogram (EMG) (Sharma and Gedeon 2012). Because
emotions and other affective states can also be measured using these signals, it is
worth positioning our work in the light of other affective classifications as well.

Table 4.1 shows shows a snapshot of ten affect classification studies from phy-
siology. It can be seen that a variety of physiological modalities is used as input,
various techniques are applied and a variety of target classes are used. Because the
number of classes, number of participants, prior probability of classes and methods
used for validation vary between these studies, their performance cannot be com-
pared directly. Nevertheless one can observe that there is room for improvement
in terms of performance, which ranges between 61% and 86%, with the majority of
performances between 70 and 80%.

Table 4.2 shows a detailed overview of studies that specifically classify mental
stress. We observe that the performances reported are slightly higher than those
reported for other affective states (Table 4.1). We observe that most studies report
’ordinary’ cross validation in which data of participants is shared over training and
test set, only a limited number of studies report participant-wise cross validation
results in which participants are strictly separated over training and test set (i.e., no
data of test-participants is used for training). The latter is generally more difficult
than the former, which becomes also apparent in the performances in Table 4.2, but
does better reflect the generalization performance (i.e., performance of the method
for unseen users).
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Table 4.1: Review of ten machine learning studies employing different physiological signals
to recognize various affective states.

Reference Modalities1 Ss2 Feat.3 Techni-
que

Targets Perf4

Sinha and Parsons
(1996)

M 27 18 LDA 2
emotions

86%

Picard et al. (2001) C,E,R,M 1 40 LDA 8
emotions

81%

Kim et al. (2004) C,E,S 175 SVM 3
emotions

73%

Lisetti and Nasoz
(2004)

C,E,S 29 kNN,
LDA,
ANN

6
emotions

86%

Rani et al. (2006) C,E,S,M,P 15 46 kNN,
SVM, RT,

BN

3
emotions

86%

Kim and André
(2008)

C,E,M,R 3 110 LDA,
EMDC5

4
emotions

79%

Chanel et al. (2009) C,E,R 11 18 3
emotions

66%

B 18720 3
emotions

73%

B,C,E,R 18738 3
emotions

70%

Hosseini et al.
(2010)

C,E,R 15 38 SVM 2 arousal
levels

77%

B 15 21 LDA,
SVM

2 arousal
levels

85%

van den Broek,
Lisý, Janssen,
Westerink, Schut
and Tuinenbreijer
(2010)

E,M 21 10 kNN,
SVM,
ANN

4
emotions

61%

Katsis et al. (2008) C,E,M,R 10 15 SVM,
ANFIS

4 affect
states

79%

1 Abbreviations used: B Brain activity (EEG); C Cardiovascular activity (e.g., ECG and BVP);E Elec-
trodermal activity (EDA); M Electromyogram (EMG); P Blood pressure; R Respiration; S Skin tem-
perature

2 Number of subjects
3 Number of features
4 Performance (accuracy)
5 A tailored ensemble of binary classifiers
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Table 4.2: Review of machine learning studies employing different physiological signals to
recognize stress.

Reference Modalities1 Ss2 Technique Targets Val.3 Perf4

Healey and Picard
(2005)

C,E,R,M 9 LDA 3-level CV 97%

Zhai et al. (2005) E,C,O 6 SVM (linear
kernel)

2-class CV 57%

SVM (RBF kernel) 60%
SVM (sigmoid

kernel)
80%

Zhai and Barreto
(2006)

E,C,O,S 32 SVM 2-class CV 90%

C,O,S 90%
E,O,S 90%
E,C,S 61%
E,C,O 89%

Choi and
Gutierrez-Osuna
(2009)

C,R 3 unspecified 2-class CV within pp 83%

pp-wise CV 69%
Wijsman et al.
(2011)

C,R,E,M 21 Linear Bayes 2-class CV 78%

Quadratic Bayes 78%
kNN 76%

Fisher’s Least
Square

79%

Giakoumis et al.
(2013)

E 24 LDA 2-class CV 83%

C 74%
E,C 95%
E,C pp-wise CV 86%

1 Abbreviations used: B Brain activity (EEG); C Cardiovascular activity (e.g., ECG and BVP);E Electrodermal
activity (EDA); M Electromyogram (EMG); O Ocular Response (e.g., Pupil diameter); P Blood pressure; R
Respiration; S Skin temperature

2 Number of subjects
3 Type of validation
4 Performance (accuracy)



60 4. EMOTION FROM A BODILY PERSPECTIVE

The study of Healey and Picard (2005) provided an exceptionally high perfor-
mance of 97%. It should, however, be noted that their study is limited in the num-
ber of participants used (13) as well as using only one task for each stress level.
Therefore, the high performance they obtained is likely biased by the specific set of
participants and might reflect distinctions between the tasks rather than the stress
levels. In general, we observe that the number of participants used in the studies is
relatively limited: the studies included data from 3 to 32 participants. In our study
we gathered data from more participants to have a more representative set of par-
ticipants. We repeated measurements in 15 sessions to introduce temporal effects
and environmental changes in the dataset that happen in daily life and influence
the physiological measurements. Furthermore, we use multiple stressful tasks to
induce more variety to better represent stressful situations in daily life.

Sharma and Gedeon (2012) made an extensive inventory of various aspects of
stress detection. They conclude that ”Models developed to date that describe stress
are quite simplistic. Generally, established techniques such as ANN and SVM have
been used to model stress. Novel or more complex computational techniques are
needed for stress models”. We believe that the application of LVQ classifiers can
be such a novel computational technique and help gain more direct insight into the
stress classification challenge and thereby provide valuable input to develop models
that describe stress.

4.3 Method

The experiment performed to obtain the data that will be used in the analysis that
is subject of this work is further described in van Boxtel et al. (2012). The following
sections describe the most important details. The current problem is defined as a
binary classification problem in discerning stressful from relaxation episodes from
human physiological signals. Stressful episodes were operationalized as various
mentally demanding tasks, relaxation episodes were operationalised listening to fa-
vourite music. Human physiological signals entail the following modalities: ECG,
GSR and RSP.

4.3.1 Participants

Participants were recruited by means of a website that explained the procedures in-
volved in the research in great detail. A total number of 171 persons indicated on the
website that they wanted to participate in the research. 110 persons either did not



4.3. Method 61

follow up on our request, turned out to be unavailable at the time of the research,
or decided to cancel their participation. The remaining 61 (20 male, 41 female) pro-
vided written informed consent. Their age ranged from 18 to 28 years (mean 21.2
years).

4.3.2 Design and procedure

Each participant returned 15 times within a period of 4 weeks for a session during
which their physiology was measured. The sessions took place in a normal office
room, in which each participant was seated in a comfortable reclining chair in front
of a small table with a laptop on it. There were five such chairs and tables with
laptops in the room, separated by wooden partitions, so that 5 participants could be
trained at the same time by a single experimenter. The whole session was automa-
ted as much as possible. The experimenter supervised the sessions, and only took
action in case something was wrong (usually bad electrode contacts, which were
automatically signalled).

A training session on a particular day always consisted of the same sequence
of tasks. After the signals were determined to be valid, a baseline measurement of
five minutes rest with eyes opened was recorded, followed by 5 minutes with eyes
closed. After that, 3 relaxation intervals of 8 minutes duration were interspersed
by cognitive tasks lasting about 5 minutes each. The sequence of tasks are graphi-
cally represented in Figure 4.1. The (fixed) sequence was: Flanker task, relaxation
1, Stop-signal task, relaxation 2, Stroop task, relaxation 3, N-back task. During the
relaxation intervals subconscious neuro-feedback was provided in three different
ways, two of which are control conditions.

The interleaved task sequence was chosen for several reasons. First, it represents
daily life stress, secondly it enhances changes in stress level which are particularly
of interest for practical applications, and thirdly it provides a platform to test the
relaxation effect of neuro-feedback.

Relaxation with Neuro-feedback

The participants were given a set of headphones that they used for listening to their
favorite music. Participants could either bring their own music for that particular
day on an MP3 player, or they could select that day’s music from a playlist contai-
ning thousands of songs from various artists. There was no limitation to the kind of
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Baseline period

Flanker task

Relaxation 1

Stop-signal task

Relaxation 2

Stroop task

Relaxation 3

N-back task

In
15

sessions

Figure 4.1: Schematic outline of the experiment.

music participants could listen to. Categories included genres like hard rock, easy
listening and classical music.

As one part of this comprehensive study, the effects of neuro-feedback on re-
laxation were studied (van Boxtel et al. 2012). To that end, three conditions were
used: alpha training and two types of controls, where one applies the same stimu-
lation but at different (beta) frequencies that are not associated with relaxation and
another control type where no stimulation is performed. Note that the stimulation
was performed in a very subtle manner, as is described in the next paragraph, uses
exactly the same setup over the three conditions, and has no direct effect on the pe-
ripheral physiological measurements taken (see Section 4.3.3).

The participants were randomly assigned to one of three groups: alpha training
(A), random beta training (B), or control (C, music only); which was used for all
sessions for this participant. Participants in group C listened to unaltered music,
the music for the other two groups was altered by a high-pass filter of which the
cut-off frequency was dynamically chosen. The cut-off frequency was adapted at
real time based upon the frequency spectrum of the participants’ EEG. To that end,
the power in a target frequency range is calculated as relative to the total power
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(i.e., the power in the range 4-35Hz). The higher this relative power, the lower the
cut-off frequency was chosen. The resulting effect is that lower (relative) power in
the target frequency bands causes the low frequencies of the music to be filtered
out, while high (relative) power in the target frequency will pass the music without
much change (in the lower music frequencies). The target frequency ranges in the
EEG spectrum were chosen as follows: The range for group A was based upon the
power of alpha waves (8-12Hz), and for group B it was based upon beta waves (a
randomized 4Hz bin in the range 16-36Hz). The alpha training was expected to in-
crease relaxation while the other two types were not expected to have any effect on
relaxation. These expectations were confirmed by van Boxtel et al. (2012).

From the 61 participants, 50 completed all training sessions (and without techni-
cal problems). The participants were distributed over the three groups as follows: A
(alpha training): N = 18 (12 female; mean age 20.7±1.8 years); B (random beta trai-
ning): N = 12 (9 female; mean age 20.6± 1.5 years); C (control, music only): N = 20

(15 female; mean age 21.0 ± 2.1 years). Further details on the neuro-feedback trai-
ning can be found in van Boxtel et al. (2012), the present study focusses at the stress
and relaxation aspects of this study.

The mentally demanding tasks are further detailed in the following, taken from
the study protocol (Sitskoorn et al. 2009).

Stop-signal task

” The stop-signal task basic choice reaction time task. A green triangle
(0.050 of screen width) on a black background is presented on the com-
puter screen. Subjects have to indicate as a fast as possible the direction
of the triangle. For a triangle to the left, subjects press the most left but-
ton of a button box and when it points to the right, the most right button
has to be pressed. In one third of the trials the green arrow becomes red
for 100ms and no answer has to be given, as depicted in Figure 4.2. When
subjects are able to stop their response, the next time the stop signal will
be given 50ms later to make it more difficult. When subjects give a res-
ponse despite the presence of a stop signal, the signal appears the next
trial 50 ms earlier to make it easier for the subject to stop the response.
The task starts with a stop signal delay time of 250 ms and depending
on the reaction of the subject, the stop signal delay time changes. Lo-
gan and Cowan (1984) fitted performance on this task in a formal model.
The present task will use staircase tracking of response rate to arrive at
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50% of successfully stopped trials, which is an optimal value for estima-
ting inhibitory efficiency (Stop Signal Reaction Time (SSRT)). After one
trial was finished, a fixation cross of 0.004 of the screen width appeared
between 1 and 2 seconds on the screen before the next trial started. ”
(Sitskoorn et al. 2009)

 

Duration at 

least 50 ms. 100 ms 

Start End Stop signal 

Figure 4.2: Example of a Stop-signal task. The trial starts with a green arrow that depending
on the subject’s performance is green for a certain amount of time (at least 50 ms). After this
time, the stop signal is initiated and the arrow becomes red for 100ms. This is followed by a
green arrow that marks the end of the trial. It is the aim of the task that subjects do not give
a response when the arrow becomes red.

Stroop task

” The computerized version of the Stroop Color Word Test (SCWT) (Zysset
et al. 2001) is used as a measure of executive functioning. In the Stroop
task, subjects have to indicate whether the meaning of a word is the same
as the color of which another word is printed in. Both words are not pre-
sented at exactly the same time to make it more difficult for the subject.
In our version of the Stroop task, both words are printed above each
other and the first word is presented 150 ms before the other word. In
the case of Figure 4.3, the word ′′geel′′ is presented 150 ms before the
word ”rood”. Both words are visible during 500 ms. In this period, sub-
jects have to indicate whether the color of the upper word is the same as
the meaning of the lower word. This requires inhibition of the automatic
response to read the color word (Hammes 1971). Hence, this test is con-
sidered a measure of ’disinhibition’ and it generally has high reliability
(Bouma et al. 1996).
In the example, the color of the word ′′geel′′ is red and the meaning of
the lower word is red, so the trial is correct. When the color and color
name correspond subjects press with their index finger the ’yes’-button,
if not, they press the ’no’-button. Whether the right or left index finger
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will be used for the yes and no response is counterbalanced between ses-
sions. Congruent trials are trials in which the color of the upper word is
the same as the meaning of this word. For example, the word ′′Blue′′

is written in blue ink and it means blue. When the color of the upper
word is not the same as its meaning, the trial is called incongruent. In
our experiment, four colors and the corresponding color names are used,
namely red, yellow, blue and green. However, also the sign ′′XXXX′′ is
used as an upper word. The expectation is that subjects will make fewer
mistakes when ′′XXXX′′ is used as the upper word, because this word
has no meaning and therefore subjects only have to deal with the color
and not the meaning of the word. To keep between trials the attention of
the subjects, a fixation cross with a variable duration between 1 and 2 se-
conds is presented on the computer screen. The duration of the fixation
cross is variable to prevent a fixed rhythm of predicting and answering
to the stimulus. ” (Sitskoorn et al. 2009)

 

 

 

  

150 ms 500 ms 1000-2000 ms 

 

1000-2000 ms 

Figure 4.3: An example of an incongruent matching trial in the Stroop task. The word ′′geel′′

means yellow but is written in red ink, so it is incongruent. The upper word is presented 150
ms before the lower word. Both words are visible during 500 ms. Between trials, a fixation
cross with a duration between 1 and 2 seconds is presented on the computer screen.

N-back task

” The N-Back task is a working memory task, introduced by Kirchner
(1958), and requires subjects to decide whether each stimulus in a se-
quence matches the one that appeared N items previously. For example
in a 3-back task subjects have to decide whether a letter currently presen-
ted on the screen is the same as three letters earlier. Our version of the
N-back task is a 2-back task, meaning that subjects should decide whe-
ther the letter on the screen was the same as two letters ago. The used
test set consists of 8 letters, namely B, F, K, H, M, Q, R and X. We decided
not to use vowels to prevent the formation of words, which are more
easily remembered than single letters. Furthermore, we use letters who



66 4. EMOTION FROM A BODILY PERSPECTIVE

are spatially different to be sure that when subjects make an error, it is
caused by the difficulty of the task and not by confusion whether a letter
was a V or W for example. Each letter will be presented for half a second
on the computer screen. Between the end of a stimulus and the begin-
ning of the next one, a fixation cross appeared on the screen. Except the
2-back trials, also lure trials were included in the task, such as depicted
in Figure 4.4. These were trials in which the trial was 1-back or 3-back.
When a trial was 2-back, subjects respond to the target by pressing the
’yes’ button with their index finger. Whether the right or left index finger
has to be used for the yes response is counterbalanced between sessions.
” (Sitskoorn et al. 2009)

 

 R  X  B  X  B 

2-back 

3-back lure trial 

Figure 4.4: An example of a sequence of letters in the N-back task. The last X matches the
letter that was presented two items ago (X) and is therefore a 2-back. In this case subjects
have to press the ijes-button on the button box, indicating that it was a 2-back. The letter B on
the fourth position of the sequence is the same as the first one and is an example of a 3-back
lure trial.

Flanker task

” The Eriksen Flanker task (Eriksen and Eriksen 1974) is a basic choice
reaction time task. In the task, five horizontally aligned arrows (size
arrows: 0.050 of the screen width, space between arrows: 0.050 of the
screen width) are presented on a 15 inch computer screen (resolution
1440 x 900 pixels, refresh rate 60 Hz) and subjects have to indicate the
direction of the middle arrow (see Figure 4.5). Subjects can indicate this
direction with a button box of which the most left button is pressed for
an arrow pointing to the left and the most right button for an arrow
pointing to the right. The two arrows on the left and right side of the
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middle arrow are flanker arrows and presented 150 ms before the middle
arrow. These arrows are meant to distract the subject. The four flanker
arrows always point in the same direction to the left or right. In this
way, two situations can occur, namely that the flankers point in the same
direction as the middle arrow (congruent) or that the flankers point in the
opposite direction of the middle arrow (incongruent). The middle arrow
with flankers will be present for 500 ms. After this period, a fixation
cross (0.004 of screen width) appears at the same position as the middle
arrow, namely in the center of the screen. To prevent that subjects learn
when the next trial will start, the duration of the fixation cross will vary
between 1 and 2 seconds. ” (Sitskoorn et al. 2009)

 

a) b) 

Figure 4.5: Stimuli used in the Flanker task. The two arrows on the left and right side of the
middle arrow are the flanker arrows and presented 150 ms before the middle arrow appears.
The arrows are white and presented on a black background. Subjects have to indicate the
direction of the middle arrow. a) Congruent situation. The flanker arrows point in the same
direction as the middle arrow. b) Incongruent situation. The flanker arrows point into the
opposite direction of the middle arrow.

For the classification analysis described in the Section 4.3.4, we selected the data
gathered during the three relaxation tasks and the Stop-signal, Stroop and N-back
tasks (as mentally stressful tasks). We did not include the Flanker task in the analysis
as it turned out that participants were able to master the Flanker task very well after
only a few attempts, thereby strongly reducing the mental stressfulness of the task
in subsequent sessions. After each task the participants were asked to rate their level
of stress vs relaxation on a visual analogue scale. Effectiveness of the induction of
stress vs relaxation was tested by applying an ANOVA with repeated measures to
these reported levels of stress.

4.3.3 Measurements

GSR was recorded from the left index finger, ECG was recorded from an electrode
placed on the left wrist, and RSP was measured using a chest belt with stretch sen-
sor. The signals were sampled at a rate of 1024 Hz (ECG), and 256 Hz (GSR, and
RSP) by a 24 bit A/D converter on a Nexus-10 portable device (MindMedia B.V.,
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171 pp recruited

110 pp discontinued
61 pp scheduled
for 15 sessions
(=915 sessions)

46 sessions
discontinued

869 sessi-
ons recorded

sessions excluded sessions included

GSR: 96 sessions

ECG: 0 sessions

RSP: 121 sessions

{GSR,ECG,RSP}:
207 sessions

GSR: 772 sessions

ECG: 869 sessions

RSP: 748 sessions

{GSR,ECG,RSP}:
662 sessions

Figure 4.6: Schematic outline of the data selection/exclusion process. Left branches show
exclusion, and right branches inclusion of sessions.

The Netherlands).

For each participant there were 15 sessions scheduled totalling 915 (= 61 ∗ 15)
sessions, of which 46 were discontinued due to technical problems or unconformity
of participants, yielding 869 sessions. Due to bad signal quality (e.g., signals out of
range of the measuring equipment) we further excluded, 96, and 121 sessions for
GSR and RSP respectively, resulting in 772, and 748 sessions from analyses for these
signals. No ECG sessions needed to be excluded. In total 662 sessions contained
valid signals for all modalities. Figure 4.6 depicts the data selection (or exclusion)
schematically.

Preprocessing & Feature extraction

The steps taken during preprocessing and feature extraction are schematically de-
picted in Figure 4.7. As a first step of preprocessing, the signals were downsampled
to 512 Hz (ECG), and 128 Hz (GSR, and RSP). Subsequently, signals were analyzed
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Raw signal

Downsampling

Preprocessing

Peak detectionFiltering Outlier removal
Power spec-

trum analysis

Select time interval

Feature extraction

Normalization

For
all

participants,all
sessions

For
all

intervals
Figure 4.7: Schematic overview of the feature extraction process.

through the following dedicated preprocessing methods:

ECG preprocessing consisted of the following steps (as outlined in de Waele et al.
(2009)): R-peak detection, IBI outlier removal, and Heart Rate Variability (HRV) ana-
lysis. R-peak detection was performed using a pattern matching technique (Poor
1994). The resulting intervals between the R-peaks, called Inter-Beat Interval (IBI),
are filtered for outliers by using a sliding window histogram. In order to estimate
frequency domain HRV features, an Autoregressive-Moving Average (ARMA) time
series model was used to derive power in the frequency bands defined in the HRV
guidelines paper (Malik et al. 1996), ranging from 0.04 to 0.15 Hz, which is known
to vary with parasympathetic nervous system activity (Grossman and Taylor 2007).
Next to the frequency domain HRV features, a variety of time domain HRV featu-
res is calculated, given that no ’golden standard’ for HRV has been defined (Allen
et al. 2007), as well as several features based on plain IBIs.
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GSR was preprocessed using the SCRGauge method described in Kohlish (1992)
which first subsamples the GSR signal to 1 Hz, uses cubic splines interpolation fol-
lowed by a dedicated local maximum detection which is triggered by exceeding a
certain gradient. Backward and forward searches are subsequently applied to detect
the onset of Skin Conductances Responses (SCRs), and half recovery times. The raw
GSR signal was used to derive several Skin Conductance Level (SCL) features from,
the extracted SCRs to derive SCR features from, and from the residual signal that
resides after subtracting SCRs from the raw signal, using the technique described
in de Vries and van der Zwaag (2010) we derived features that represent purely the
tonic part of GSR.

RSP signals were first lowpass filtered (cut-off 0.5Hz) and then analyzed for in-
dividual breaths. Using a localized min/max filter (Lemire 2006), local minima and
maxima are detected. When found in the right order, they characterize a single bre-
ath. Based upon the distribution of identified breath amplitudes in a signal, too
small or too large breaths (outliers) are removed. After this preprocessing the RSP
signal is characterized by a sequence of breaths similar to the IBI signal for ECG.

All features have been calculated over equal length time intervals in order to
avoid bias in duration dependent features (such as standard deviations) towards
certain tasks. To this end, the first 5 minutes (which is the minimal duration of
tasks) of measured signals from each task was taken to derived the feature values.
A complete overview of extracted features can be found in Table 4.3. The specific
features have been chosen such that they express the dynamics known to be rele-
vant (Dawson et al. 2000, Stern et al. 2001, Task Force of the European Society of
Cardiology the North American Society of Pacing Electrophysiology 1996) as they
are modulated by the Autonomous Nervous System (ANS) that responds to stress.
From this large set of features, we compiled a subset of features representing the
most often used features in literature (inspired by the list in van den Broek et al.
(2009)). They are marked with an asterisk in Table 4.3. In order to combine the data
gathered from the different physiological signals to be used by a single classifier, we
applied feature level fusion.

As highlighted in van den Broek, van der Zwaag, Healey, Janssen and Weste-
rink (2010), there are many different techniques for normalization. In addition to
the choice of which correction formula to use, the choice in defining the baseline
period, there is also the choice of correcting on signal or feature level. The aim of
normalization is to reduce the variance that occurs due to differences in physiology
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between participants, but also the long-term changes in physiology over time within
participants, e.g., due to differences in physical fitness or the environment (such as
temperature and humidity) (Boucsein 1992, Boucsein 2012). We have chosen for z-
correction, a technique that compensates both for baseline level and variation, and
is not too sensitive to outliers. Rather than applying the correction to the raw sig-
nals (which would only make sense for the skin conductance level), we apply it to
the features derived, and we use the entire recording (all tasks) as reference signal,
as suggested for e.g., SCR amplitude by Boucsein (Boucsein 1992, Boucsein 2012).
Hence, after computing the features per task, we applied z-correction (xcorr = x−µ

σ )
to compensate for differences in physiological baselines between people and sessi-
ons. In this formula, µ represents the mean of a feature’s values over all tasks within
a single session (for a single participant), and σ the respective standard deviation.



Table 4.3: Features extracted from the raw and preprocessed signals.

ECG IBI min minimal IBI
IBI max maximal IBI
IBI mean * mean IBI
IBI std * standard deviation of IBIs, also referred to as SDNN
IBI amp amplitude of IBIs (max-min)
IBI power VLF * power of IBIs in very low frequency band (0− 0.04 Hz)
IBI power LF * power of IBIs in low frequency band (0.04− 0.15 Hz)
IBI power HF * power of IBIs in high frequency band (0.15− 0.4 Hz)
IBI power VHF power of IBIs in very high frequency band (0.4− 1 Hz)
IBI power LH * ratio between IBI power LF and HF
IBI RMSSD * root mean square of successive differences of IBIs
IBI PNN50 proportion of IBIs > 50 ms
IBI SDSD standard deviation of successive differences of IBIs

GSR SCL mean * mean SCL
SCL std * standard deviation of SCL
SCL grad gradient of SCL (estimated by best linear fit)
SCL min minimal SCL
SCL max maximal SCL
SCR freq * number of SCRs per second
SCR max amp maximal amplitude of SCRs
SCR mean amp * mean amplitude of SCRs
SCR sum amp sum of amplitudes of SCRs
SCR mean rise time * mean rise time of SCRs
SCR mean rec time * mean half recovery time of SCRs
SCR mean rise rec mean ratio of rise time and half recovery time of SCRs
SCR mean rise amp mean ratio of rise time and amplitude of SCRs
SCR mean rec amp mean ratio of half recovery time and amplitude of SCRs
SCRc SCL mean mean SCL after correcting for SCRs
SCRc SCL std standard deviation of SCL after correcting for SCRs
SCRc SCL grad gradient of SCL after correcting for SCRs (estimated by

best linear fit
SCRc SCL min minimal SCL after correcting for SCRs
SCRc SCL max maximal SCL after correcting for SCRs

RSP mean rate * mean respiration rate
median rate median respiration rate
mean amp * mean amplitude of respirations
mean inh time mean inhalation time
mean exh time mean exhalation time
mean cycle mean respiration time
mean duty cycle ratio between mean inhalation time and cycle
mean inh exh ratio between mean inhalation and exhalation time

* This feature is included in the commonly used set of features representing all modalities.
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4.3.4 Classification analysis

In order to answer our research question of discerning stress from relaxation using
physiology as input, we applied a selection of classifiers and further optimized their
parameter settings using data from the individual physiological modalities (GSR,
ECG and RSP) as well as the combined multi-modal dataset. Finally, we used the
trained LVQ classifiers to derive which features were most influential in distinguis-
hing stress from relaxation.

Learning Vector Quantization (LVQ) comprises a family of classifiers that is of
open box nature, that is, they provide direct insight into the information learned
by the classifier. LVQ, initially proposed by Kohonen (1990), defines prototypes wT

in the same (mathematical) space as the data (samples ξ) to represent the classes.
These prototypes are directly interpretable as they show characteristics of classes
in terms of the features chosen. During training, samples are presented sequen-
tially, and for each sample the closest prototype(s) are updated by moving them
towards or away from the presented sample. Several variants have been propo-
sed, amongst which Robust Soft Learning Vector Quantization (RSLVQ) (Seo and
Obermayer 2003), which introduces soft prototype assignments which act similarly
to a soft window around the decision boundary (Witoelar et al. 2011), and Generali-
zed Matrix Learning Vector Quantization (GMLVQ) (Schneider et al. 2009a), which
introduces a relevance matrix Λ that is trained along with the prototypes. Λ = Ω>Ω,
with Ω of size M ×N , is used to adapt the distance measure used by LVQ according
to Equation 2.17. We have trained GMLVQ both with 2 × N and 5 × N sized ma-
trices Ω, but since we observed identical performances, we will only report results
of 2 × N sized Ω. We will present results for RSLVQ and GMLVQ using one pro-
totype per class as using more prototypes per class did not improve the results. In
addition, we apply SVM (Vapnik 1998), a very popular technique in this domain of
biomedical engineering. Next to linear SVM, which will be reported in the results,
we also applied SVM with an RBF kernel, which however, did not improve upon
the results.

Cross validation

In order to estimate generalization performance, we employed a cross validation
scheme. Because physiological data shows large variation between participants
(Gale and Edwards 1983, Boucsein 1992, Boucsein 2012), the most applicable, but
also most challenging classification task is to separate training and test data not
only per sample, but per subject. Hence we used 10 fold participant-wise cross vali-
dation, which divides the set of participants in tenths and repeatedly uses data from
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90% of participants for training and the rest for testing. The results reported are
means and standard deviations over 10× 10-fold participant-wise cross validations.
In addition to the participant-wise cross validation, we also performed ’ordinary’
cross validation in which data of single participants can be split over both training
and test set, thereby leaking some information from ’training participants’ to the test
set.

4.4 Results

Per participant, we have 15 sessions comprising 3 repetitions of 2 tasks, one opera-
ting in a stress condition and one operating in a relaxation condition. As dependent
variable, we asked participants to report stress level using a visual analogue scale
from zero to one (mean for relax condition: 0.29; for stressful condition: 0.38). It is
evident that mean reported stress levels are derived from same participants measu-
red in different sessions, repetitions and tasks, not from different participants. This
refers to a within-subject or repeated measure design for statistical analysis. To de-
monstrate the induction of stress by means of mental and relaxation tasks, the aim of
the analysis is to reject the null hypothesis of no difference in mean ’reported stress
level’ between stress conditioned tasks and relaxation conditioned tasks. We con-
ducted an ANOVA with repeated measures with ’reported stress level’ as dependent
variable, and session (15), repetitions (3) and tasks (2) as within-subject indepen-
dent variables. Missing values in reported stress levels were dealt with by means of
case-based exclusion. We found a significant main effect for tasks (F (1, 36) = 38.3,
p < 0.001) allowing us to reject the null hypothesis of no difference in reported stress
levels.

Tables 4.4 and 4.5 show the means and standard deviations per feature per task.
They indicate, e.g., that the number of SCRs observed in the relaxation tasks is ge-
nerally lower than in the mentally stressful tasks, as is the average SCL, respiration
rate and amplitude. The heart rate variability, measured e.g. through IBI RMSSD,
is generally higher in the stressful tasks. Within the mentally stressful or relaxation
tasks the three subtasks show similar feature values.

The classification results of the participant-wise cross validation are shown in Ta-
ble 4.6 when using data from single modalities, and Table 4.7 when combining data
from multiple modalities. It can be observed that the performances are very similar
over different classification techniques. Comparing the single modalities, the clas-
sifiers perform best on ECG, followed by GSR and RSP. Combining features from
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Table 4.4: Statistics (means and standard deviations) per feature per task of non-normalized
data. See Table 4.3 for explanation of the feature names used.

Feature name | Task Relax 1 Relax 2 Relax 3 N-back Stop-signal Stroop
SCR freq 0.029 ± 0.034 0.029 ± 0.036 0.031 ± 0.036 0.057 ± 0.057 0.059 ± 0.059 0.062 ± 0.063

SCL mean 2.043 ± 1.398 2.122 ± 1.454 2.184 ± 1.460 2.447 ± 1.537 2.304 ± 1.518 2.416 ± 1.554

SCL std 0.248 ± 0.201 0.244 ± 0.197 0.242 ± 0.193 0.215 ± 0.184 0.240 ± 0.209 0.237 ± 0.195

RSP rate 15.432 ± 3.827 15.080 ± 3.867 14.951 ± 3.877 16.303 ± 3.700 16.488 ± 3.391 16.399 ± 3.580

RSP mean amp 6.367 ± 4.755 6.452 ± 5.016 6.419 ± 4.978 6.947 ± 5.124 6.781 ± 5.114 7.048 ± 5.766

IBI mean 0.825 ± 0.112 0.839 ± 0.113 0.853 ± 0.116 0.842 ± 0.115 0.835 ± 0.113 0.836 ± 0.114

IBI RMSSD 0.053 ± 0.034 0.057 ± 0.039 0.060 ± 0.038 0.073 ± 0.056 0.071 ± 0.052 0.071 ± 0.050

Table 4.5: Statistics (means and standard deviations) per feature per task of normalized data.
See Table 4.3 for explanation of the feature names used.

Feature name | Task Relax 1 Relax 2 Relax 3 N-back Stop-signal Stroop
SCR freq −0.343 ± 0.712 −0.269 ± 0.845 −0.199 ± 0.843 0.433 ± 0.977 0.380 ± 0.848 0.441 ± 0.882

SCL mean −0.202 ± 0.645 −0.048 ± 0.727 0.096 ± 0.803 0.647 ± 0.889 0.329 ± 0.650 0.563 ± 0.705

SCL std 0.069 ± 0.887 0.035 ± 0.891 0.031 ± 0.920 −0.205 ± 0.876 0.009 ± 0.854 0.021 ± 0.830

RSP rate −0.279 ± 0.813 −0.449 ± 0.825 −0.522 ± 0.912 0.065 ± 1.050 0.197 ± 0.823 0.164 ± 0.860

RSP mean amp −0.149 ± 0.874 −0.164 ± 0.851 −0.123 ± 1.007 0.139 ± 1.035 0.059 ± 0.849 0.131 ± 0.923

IBI mean −0.065 ± 0.745 0.237 ± 0.793 0.627 ± 0.874 0.348 ± 1.016 0.251 ± 0.716 0.201 ± 0.809

IBI RMSSD −0.238 ± 0.825 −0.114 ± 0.814 0.187 ± 0.917 0.585 ± 0.912 0.463 ± 0.751 0.455 ± 0.805

the three modalities improves performance, and adds an additional 3.5 percentage
points on top of the performance obtained using only ECG features. This, howe-
ver, only when including more than just the set of commonly-used features. For the
richest data set covering all features, GMLVQ performs best with just under 87%
accuracy. The corresponding Area Under the Curve (AUC) of the Receiver Opera-
ting Characteristic (ROC) is 0.95. Using ’ordinary’ cross validation, performance is
slightly higher with accuracies up to 88%.

The training performance is presented in Tables 4.8 and 4.9, again for uni- and
multimodal input, respectively. It can be observed that the training performances
for LVQ and linear SVM are only slightly higher than their respective test perfor-
mances (Tables 4.6 and 4.7), while for the ANN and RBF SVM there is a larger
difference in performance. We also verified whether parameter settings could be
optimized, w.r.t. generalization performance, using only training data (and training
performance) and found that this is possible on the present dataset, within two per-
centage points of the overall optimum, for all classifiers except kNN and ANN.
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Figure 4.8: Relevances trained by GMLVQ. For explanation of the feature names used, see
Table 4.3.

The diagonal elements of the relevance matrix trained by GMLVQ indicate re-
levance of individual features to the classifier’s decisions. Figure 4.8 shows these
relevances and indicates that most informative features come from the ECG moda-
lity, followed by GSR and RSP. The most important individual contributions come
from the time domain HRV measures SDSD and RMSSD, followed by the frequency
domain HRV measured by the power in the VHF range. The most influential GSR
feature is the minimum SCL and for RSP the mean rate.
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4.5 Discussion

The classification performances for uni-modal stress classification range from 71%
for RSP, to 83.4% for ECG indicating that most information can be found in the ECG
signal. By combining modalities the performance is further increased to 86.7% in
participant-wise cross-validation. Using ’ordinary’ cross-validation we obtained an
accuracy of 87.7%. Both LVQ methods we employed (RSLVQ and GMLVQ) perfor-
med well and slightly outperformed the popular SVM, that we included for refe-
rence.

From the training performances we observe that ANN and RBF SVM have the
tendency to overtrain and thereby have a poor generalization performance. The pa-
rameter settings of LVQ variants as well as linear SVM could be optimized using
training performances, thereby enabling to build a classifier solely on training data
without the need for a test or validation set while yielding good generalization per-
formance.

With these accuracies, our methods outperform the affective classifiers that are
listed in Table 4.1. They also outperform the participant-wise validated stress-clas-
sifiers in Table 4.2 as well as most others using other cross validation schemes. In
comparison to other studies, we used data obtained from a larger number of parti-
cipants, and also repeated measurements for every participant in 15 sessions spread
over several weeks. Thereby, we used a more representative sample of participants
and obtained reliable estimates of generalization performance.

The most important feature was found to be the RMSSD. Although it reflects
high frequency modulation of heart rate that, in general, is affected by Respiratory
Sinus Arrhythmia (RSA), RMSSD has been shown to be unaffected of breathing
(Penttilä et al. 2001). The second most influential measure was the related SDSD.
The PNN50 that correlates with RMSSD (Task Force of the European Society of Car-
diology the North American Society of Pacing Electrophysiology 1996), was also
identified as quite relevant. It is worth noting that the two most influential features
(RMSSD and SDSD) have been found earlier to be most reliable measures for short
term intervals (McNames and Aboy 2006), i.e., in the order of 5 minutes, which re-
flects the measurement time in our experiments. The importance of various HRV
measures for distinguishing can be explained by the fact that they reflect parasym-
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pathetic (HF power, RMSSD) and sympathetic (LF power, SDNN) nervous system
responses which are known to relate to the fight-or-flight response and dampening
response, respectively (Task Force of the European Society of Cardiology the North
American Society of Pacing Electrophysiology 1996).

Out of the frequency domain HRV measures VHF power we found most in-
fluential. Many studies that include cardiac activity as measure for stress only use
features from the lower frequency (up to HF) ranges and do not usually consider fre-
quencies above 0.4Hz. This might be due to various reasons. First, the mechanisms
that affect VHF power are not well understood. Second, higher frequency ranges
cannot be measured reliably through the most commonly used modality BVP which
has less sharp peaks, thereby not allowing for a very accurate detection of heart be-
ats which is reflect particularly in inaccuracy in the higher frequencies of HRV. Our
use of ECG enabled the reliable use of VHF power as a measure of stress.

We also inspected the prototypes trained by GMLVQ to verify that the stress
prototype, as compared to the relax prototype, is characterized by higher heart rate
and generally higher HRV values with the exception of RMSSD. Especially for HRV
there are varying results published (Mathewson et al. 2010, Wright et al. 2007, Vuks-
anović and Gal 2007), which is confirmed by Berntson and Caciopo, who obser-
ved that ”it is clear that no single pattern of autonomic adjustments and associated
changes in heart rate variability will apply universally across different stressors”
(Berntson and Cacioppo 2004). In our study we included three different stressors
to induce stressful situations, thereby creating more robustness against this effect.
Further, the stress prototype is characterized by more SCRs, higher maximum SCL
and faster, though deeper, breathing. These findings are in line with observations
made by others (Boucsein 2012, Houtveen et al. 2002).

4.6 Conclusion

We have successfully built classifiers of stress from three physiological modalities
and observed that the cardiac activity made the strongest uni-modal classifier with
over 83% accuracy. Combining the three modalities into a multi-modal classifier im-
proved performance further up to 88% accuracy. By using data from a large sample
of participants and repeated sessions we ensured good generalizability to unseen
users. The LVQ techniques slightly outperformed well-known techniques such as
SVM. These open-box methods allowed us to observe the most important features
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for stress detection. These were the time domain HRV measures RMSSD and SDSD.
The third most important features was found to be very high-frequency HRV from
ECG. Most other studies use BVP to measure cardiac activity, however that does
not allow for accurate VHF HRV measurements. Therefore it might be advisable for
methods that aim at stress detection to use ECG rather than BVP as measurement
modality of cardiac activity.

The classifiers built and the knowledge gained on important features for the dis-
tinction between stress and relaxation using physiological parameters have brought
us one step closer to the realization of a system that can monitor physiology during
the day and help its users to monitor their stressful moments during the day. In case
a certain quota has been reached or a stressful period reaches a certain duration such
a system could trigger the user and offer a means to relief the stress, e.g., a paced
breathing exercise (Westerink et al. 2014).

While we have setup our experiments such that they represent daily life as well
as possible, the measurements were taken during semi-lab circumstances. Future
work should look into the application of the developed classifiers in daily-life me-
asurements and observe their performance. This brings the challenge of reliable
ground truth measurements, however this might become more and more feasible
with the rapid development of various technologies such as Google Glass (Google
2014) that can capture context. It would be interesting to expand the classifier to
also be able to classify other affective phenomena such as emotions and moods.
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Hoofdstuk 5
EMOTION FROM A FACIAL PERSPECTIVE

Abstract

The detection of emotions from facial video or images has been topic of research for se-
veral years, nevertheless the set of applied classification techniques seems limited to a
few popular methods. Benchmark datasets facilitate direct comparison of methods. We
used one such dataset, the Cohn-Kanade database, to build classifiers for facial expression
recognition based upon Local Binary Patterns (LBP) features. We are interested in the
application of Learning Vector Quantization (LVQ) classifiers to this classification task.
These prototype-based classifiers allow to inspect of prototypical features of the emotion
classes, are conceptually intuitive and quick to train. For comparison we also consider
Support Vector Machine (SVM) and observe that LVQ performances exceed those repor-
ted in literature for methods based upon LBP features and are amongst the overall top
performing methods. Most prominent features were found to originate, primarily, from
the mouth region and eye regions. Finally, we explored the specific LBP features that are
found most influential within these regions.

5.1 Introduction

I
n human history, facial expressions have grown as important element of inter-
human communication. Especially since mankind developed social emotions,

estimated to date back to 2 million years ago at the time of the early Homo Erec-
tus (Dubreuil 2010), the face became the primary means for emotional expression.
Many applications, especially in human-computer interaction can benefit from fa-
cial expression recognition of its users (Peter and Beale 2008), ranging from affective
content selection to adaptive system behavior to the affective state of the user. For
many of such applications, users have restricted range of motion, enabling the me-
asurement of affect through unobtrusive measurement using video or photo came-
ras. Examples of such systems range from affective music players (van der Zwaag
et al. 2012) to intelligent car safety systems (Lisetti and Nasoz 2005) and air traffic
control (Pantic et al. 2005).
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Various studies have been performed using data obtained through video, using
either still images, or a temporal sequence of images; with varying levels of success.
Table 5.1 shows a brief summary of ten emotion classification studies from video. It
can be seen that various parts of the body have been used to derive features from,
that the number of features used varies heavily and performance ranges from 20%
to 98% on various tasks. With exception of the 20% performance by Cottrell and
Metcalfe (1991), the performances can be considered relatively high. Because the
number of classes, number of participants, prior probability of classes and methods
used for validation vary between these studies, their performance cannot be com-
pared directly. In order to overcome this problem we choose a standard database
for facial emotion recognition enabling us to benchmark our classifier performance.

As addressed by van den Broek et al. (2009), publicly available data sets that
can be used as benchmarks are scarce in affective computing. For facial emotion
recognition, however, such benchmark databases are available. Kanade, Cohn and
Tian published a ′′Comprehensive Database for Facial Expression Analysis′′ in 2000
(Kanade et al. 2000), later known as the Cohn-Kanade database. It consists of image
sequences displaying the faces of participants who were instructed to show a range
of ′′facial displays′′ consisting of at least one Action Unit (AU). The participants
were university students between 18 and 50 years of age, 69% of them female, and
represented of a mix of ethnicities. The image sequences are labeled per still image
with AUs that are active, which can be translated to emotion labels using a set of
rules provided by Ekman et al. (2002). For 100 of the participants at least one of
the prototypic emotions (Anger, Disgust, Fear, Joy, Sadness, and Surprise) has been
recorded and can be used for the classification of emotions from facial expressions.

We observe that SVM is a very popular technique applied at this boundary of
affective computing and computer vision. While SVMs have been applied succes-
sfully to various classification tasks, there are various reasons to investigate how
alternative classification methods perform as affective classifiers. LVQ methods
have been successfully applied in many settings (Neural Networks Research Cen-
tre, Helsinki 2002), but to the best of our knowledge, not to the task of recognizing
facial expressions from the Cohn-Kanade database. This type of classifier has seve-
ral benefits, such as low computational complexity resulting in fast training times,
conceptually intuitive nature, and possibility to inspect relevant features without
performing additional analyses. In order to put our work into perspective, we per-
formed a comprehensive literature review of methods applied to the Cohn-Kanade
database which will be treated in the next section. After that, we present the me-
thods used for our affective classifiers and results obtained. Finally, we present a
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Table 5.1: Review of ten machine learning studies employing facial characteristics to recog-
nize emotions.

Reference Input1 Ss2 Feat.3 Technique Targets Perf4

Cottrell & Metcalfe
(1991)

Face [S] 20 4096 ANN 8 emotions 20%

Essa & Pentland
(1995; 1997)

FACS
[ST]

8 5 emotions 98%

Yacoob & Davis
(1996)

Face
[ST]

32 16 7 emotions 70%

Lien et al. (2000) FACS
[ST]

100 38 LDA,
HMM

9 action
units

80%

Cohen et al. (2003) Motion
Units
[ST]

53 12 BN 7 emotions 83%

Pantic & Patras
(2006)

FACS
[ST]

19 24 27 action
units

87%

Littlewort et al.
(2006)

Face [S] 100 900 LDA, SVM 7 emotions 93%

Gunes & Piccardi
(2009)

Head,
hands,
body
[ST]

10 172 DT, BN,
SVM,
ANN,

AdaBoost

12
emotions

85%

Sanchez et al.
(2010)

Face
[ST]

52 84 SVM 6 emotions 83%

Xiao et al. (2011) Face [S] ≤100 4320 kNN,
SVM

6 emotions 97%

1 Abbreviations used: S(patial), T(emporal)
2 Number of subjects
3 Number of features
4 Performance (accuracy)

discussion and conclusion.

5.2 Cohn-Kanade database

The Cohn-Kanade database has been widely used to develop and validate techni-
ques for facial emotion recognition. To obtain an overview of techniques and their
performances, we have searched the literature systematically using Web of Science
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Table 5.2: Meta analysis of 150 models from literature.

Nr. of
Classes

Classes1 Validation method
Number
of models

Accuracy
min mean max

7 A,D,F,J,N,Sa,Su cross-validation 31 78.90% 90.75% 99.40%
7 A,D,F,J,N,Sa,Su pp-cross-validation 26 73.40% 85.94% 94.88%
6 A,D,F,J,Sa,Su cross-validation 20 82.52% 89.21% 96.70%
6 A,D,F,J,Sa,Su pp-cross-validation 17 76.12% 86.54% 96.40%
6 A,D,F,J,Sa,Su single split 2 83.05% 87.43% 91.81%
1 Abbreviations used: A(nger), D(isgust), F(ear), J(oy), (N)eutral, (Sa)dness, (Su)rprise

(Thomson Reuters 2014). The search terms ′′Cohn AND Kanade′′ resulted in 153
publications. We selected 43 publications for full analysis by excluding e.g., those
using temporal information (video). In these papers we identified 199 classification
schemes for 6 or 7 emotion classes, which were trained using the Cohn-Kanade da-
tabase (Kanade et al. 2000) and for which a performance was reported.

We applied the following criteria for further filtering: accuracy of a model should
be reported; and it should be validated using data from at least 50 participants,
which is half of the available participants in the Cohn-Kanade database. These cri-
teria were satisfied by 96 models, of which Table 5.2 shows a summary. First of
all, it shows that the task of classifying unseen faces (using per person (pp)-cross-
validation) is more difficult than classifying unseen instances of known faces (using
cross-validation). Many studies concern the 6-class problem, considering the ex-
pressions Anger (A), Disgust (D), Fear (F), Joy (J), Sadness (Sa), and Surprise (Su).
Alternatively, a 7-class problem which also includes a Neutral (N) expression has
been investigated in a majority of studies. With exception of one study (Zavaschi
et al. 2013) which reports exceptionally high performance of ensembles of SVMs:
99.40% accuracy, 3% more than the second best published result, the latter appears
more difficult when judged by maximum performance. With respect to mean per-
formances, however, this does not hold. This might be explained by the majority of
research focussing on the 7-class problem.



Table 5.3: Literature overview of studies that classify 7 emotion classes using the Cohn-
Kanade database and validated using participant wise cross validation, grouped by feature
type.

Citation Features Classifier
type

Accuracy #pp used in
validation

#images
used in

validation
Zhao and Zhang (2011) KDIsomap SVM 94.88% 96 1409
Zhao and Zhang (2011) KIsomap SVM 75.81% 96 1409
Zhao and Zhang (2011) KLDA SVM 93.32% 96 1409
Zhao and Zhang (2011) LDA SVM 90.18% 96 1409
Zhao and Zhang (2011) KPCA SVM 92.59% 96 1409
Zhao and Zhang (2011) PCA SVM 92.43% 96 1409
Jabid et al. (2010b) LDP SVM 93.40% 96 1632
Jabid et al. (2010b) LDP Template

matching
86.90% 96 1632

Jabid et al. (2010b) LBP SVM 88.90% 96 1632
Shan et al. (2009) LBP SVM 88.90% 96 1280
Lajevardi and Hussain
(2010)

LBP LDA 88.40% 100 ?

Zavaschi et al. (2013) LBP SVM 84.30% 100 1281
Shan et al. (2009) LBP Linear pro-

gramming
82.30% 96 1280

Jabid et al. (2010b) LBP Template
matching

79.10% 96 1632

Shan et al. (2009) LBP Template
matching

79.10% 96 1280

Shan et al. (2009) LBP LDA 73.40% 96 1280
Shan et al. (2009) LBP LDA&ANN 73.40% 96 1280
Zavaschi et al. (2013) LBP & Gabor SVM

ensemble
88.90% 100 1281

Zavaschi et al. (2013) LBP & Gabor SVM 79.20% 100 1281
Lajevardi and Hussain
(2010)

HLACLF LDA 91.60% 100 ?

Lajevardi and Hussain
(2010)

HLAC LDA 89.90% 100 ?

Lajevardi and Hussain
(2010)

Gabor LDA 89.70% 100 ?

Jabid et al. (2010b) Gabor SVM 86.80% 96 1632
Shan et al. (2009) Gabor SVM 86.80% 96 1280
Lu et al. (2006) Gabor NKFDA 85.59% 93 ≤ 651

Zavaschi et al. (2013) Gabor SVM 78.70% 100 1281
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Table 5.4: Literature overview of studies that classify 6 emotion classes using the Cohn-
Kanade database and validated using participant wise cross validation, grouped by feature
type.

Citation Features Classifier
type

Accuracy #pp used in
validation

#images
used in

validation
Jabid et al. (2010b) LDP SVM 96.40% 96 1224
Jabid et al. (2010b) LDP Template

matching
89.20% 96 1224

Li et al. (2009) SIFT SVM 96.33% 90 300
Jabid et al. (2010b) LBP SVM 92.60% 96 1224
Shan et al. (2009) LBP SVM 92.60% 96 960
Shan et al. (2009) LBP Linear pro-

gramming
89.60% 96 960

Jabid et al. (2010b) LBP Template
matching

84.50% 96 1224

Shan et al. (2009) LBP Template
matching

84.50% 96 960

Shan et al. (2009) LBP LDA 79.20% 96 960
Shan et al. (2009) LBP LDA&ANN 79.20% 96 960
Jabid et al. (2010b) Gabor SVM 89.80% 96 1224
Shan et al. (2009) Gabor SVM 89.80% 96 960
Fazli et al. (2009) Gabor & PCA&LDA PNN 89.00% 70 192
Wang and Yin (2007) facial feature points LDA 82.68% 53 864
Wang and Yin (2007) facial feature points QDC 81.96% 53 864
Wang and Yin (2007) facial feature points SVC 77.68% 53 864
Wang and Yin (2007) facial feature points NBN 76.12% 53 864

We focus on the most difficult cross validation type (pp-cross-validation) that as-
sesses the performance on classifying emotions from unseen faces. Table 5.3 shows
the 26 classifiers that are published for the 7-class problem, showing that accuracy
ranges between 73.40% (Shan et al. 2009) and 94.88% (Zhao and Zhang 2011). The
most used feature-type is LBP followed by Gabor features. Highest performance
is obtained by methods that use (non-)linear projections of the original images to
some lower dimensional space, such as KDIsomap, LDA and PCA. Slightly infe-
rior are the methods based upon feature extraction such as LDP and LBP and less
successful are methods based upon Gabor features. The most popular classification
techniques are SVM and LDA.

Table 5.4 shows the 16 classifiers found for the 6-class problem showing perfor-
mances ranging from 76.12% (Wang and Yin 2007) to 96.40% (Jabid et al. 2010b). Si-
milar trends as for the 7-class problem can be observed where LBP features are most
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used. LDP features reach highest performance closely followed by Scale-Invariant
Feature Transform (SIFT) features (Li et al. 2009) and LBP. Again, Gabor features
perform worse, followed by facial features points; and SVM dominates among the
types of classifier used.

In this work, we will explore the application of LVQ classifiers to this classifi-
cation problem and will use the open box nature of these classifiers to gain more
insight into the classification problem. We will use LBP-features because they have
been used most often, can be obtained relatively efficiently and have been demon-
strated to give good performance.

Figure 5.1: Examples of cropped images (Kanade et al. 2000) representing (from left to right)
Anger, Disgust, Fear, Joy, Sadness and Surprise.

5.3 Methods

From the Cohn-Kanade database we selected 310 image sequences, coming from
95 subjects, that could be labeled as one of the emotions Anger, Disgust, Fear, Joy,
Sadness or Surprise. For each sequence, the neutral face and three peak frames, i.e.,
those with highest emotional intensity, were used for emotional expression recog-
nition. Following Shan et al. (Shan et al. 2009, Gritti et al. 2008) and Tian (2004),
we used the distance between manually annotated location of the eyes to rotate,
crop and scale the images to 108x147 pixels, which were used as input to the fur-
ther preprocessing. First, the images were rotated to ensure horizontal alignment of
the eyes. The distance between the eyes (deyes) was determined and then the images
were cropped such that they measured 2deyes by 3deyes, and finally they were resized
to 108x147 pixels. Figure 5.1 shows examples of resized images from several parti-
cipants. As discussed in the previous section, the most used feature type is LBP,
which is the one of our choice. We derived the LBP-features from the scaled images
in the following way:
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Per grey valued pixel (ic) the LBP-value is calculated by comparing the pixel to
its eight neighbors, resulting in a binary string of which the decimal value is taken,
according to:

LBP (xc, yc) =
7∑

n=0

s(in − ic) 2n (5.1)

where s is the Heaviside step function. The 28−1 possible outcomes are reduced
to L = 59 by regarding only those LBP values with at most 2 bitwise transitions
when considered as a circular pattern, as proposed by Ojala et al. (2002). The pat-
terns in this subset are termed ′′Uniform′′ patterns and represent bright and dark
spots, corners and edges.

Figure 5.2: Subdivision of an image into 42 regions. The numbers indicate the ordering used
in the concatenation of the feature vectors.

The images are divided into (6 ∗ 7 = 42) regions Rj of size 18x21 pixels, as in-
dicated by Figure 5.2, where per region a histogram Hi =

∑
x,y δLBP (x,y),i (with

(x, y) ∈ Rj , i = 0, . . . , L − 1) is built. These histograms are placed next to each
other, forming a single vector of length N = 42 ∗ 59 = 2478. Another variant uses



5.4. Results 91

11∗13 = 143 overlapping regions, resulting in a vector of lengthN = 143∗59 = 8437.

Validation was performed using 10x10-fold participant-wise cross validation,
i.e., 10 repetitions of randomly chosen 10-fold cross validation, where participants
are strictly separated in training and test data. In this way, the performances ob-
tained reflect the generalization performances to unseen participants. We applied
the classifiers to both 6- and 7-class facial expression recognition tasks, compared
their generalization performances, and inspected the confusion matrices. Finally,
we inspected the prototypes trained by Robust Soft Learning Vector Quantization
(RSLVQ), with specific attention for the relevances it (implicitly) assigns to the fea-
tures. To this end, we inspected differences between the ’Neutral’ prototype and
other prototypes.

5.4 Results

The results, given in Table 5.5 and 5.6 show that for the subtask of classifying 7 emo-
tion classes, our classifiers reach over 91% accuracy. RSLVQ competes well with
SVM, the latter reaching slightly higher performance, especially when using the
LBP features with overlapping regions. On the other hand, the results over the 10
times 10-folds are slightly more stable for RSLVQ. For the 6-class classification task,
we observe a similar pattern: very good performance of RSLVQ (93.3%) and even
slightly better accuracy by SVM (up to 94.5%). Tables 5.7 and 5.8 report the training
performances obtained for the 7-class and 6-class tasks, respectively. We observe
that both SVM and RSLVQ manage to achieve perfect training performance.
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Table 5.5: Test performances on 10 × 10 fold participant-wise cross validation on the 7-class
facial expression data.

LBP overlap LBP no overlap
Method Hyper-

parameter
Accuracy Hyper-

parameter
Accuracy

Baseline 21.6% 21.6%

kNN k = 11 73.8%± 0.7% k = 11 72.2%± 0.7%

SVM - linear C = 0.1 92.2%± 0.5% C = 0.1 91.4%± 0.5%

Means 83.1%± 0.6% 82.8%± 0.4%

GLVQ 84.0%± 0.3% 82.9%± 0.4%

RSLVQ vsoft = 5 91.3%± 0.3% vsoft = 0.6 91.2%± 0.5%

Table 5.6: Test performances on 10 × 10 fold participant-wise cross validation on the 6-class
facial expression data.

LBP overlap LBP no overlap
Method Hyper-

parameter
Accuracy Hyper-

parameter
Accuracy

Baseline 26.2% 26.2%

kNN k = 11 79.6%± 0.7% k = 11 78.7%± 0.7%

SVM - linear C = 0.01 94.5%± 0.6% C = 0.1 94.0%± 0.4%

Means 88.5%± 0.4% 87.2%± 0.3%

GLVQ 85.4%± 0.4% 84.5%± 0.3%

RSLVQ vsoft = 5 93.2%± 0.5% vsoft = 0.9 93.3%± 0.2%
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Table 5.7: Training performances on 10 × 10 fold participant-wise cross validation on the
7-class facial expression data.

LBP overlap LBP no overlap
Method Hyper-

parameter
Accuracy Hyper-

parameter
Accuracy

Baseline 21.6% 21.6%

kNN k = 11 87.7%± 0.0% k = 11 88.0%± 0.0%

SVM - linear C = 0.1 100.0%±0.0% C = 0.1 100.0%±0.0%

Means 90.9%± 0.1% 90.3%± 0.1%

GLVQ 93.9%± 0.1% 93.3%± 0.1%

RSLVQ vsoft = 5 100.0%±0.0% vsoft = 0.6 100.0%±0.0%

Table 5.8: Training performances on 10 × 10 fold participant-wise cross validation on the
6-class facial expression data.

LBP overlap LBP no overlap
Method Hyper-

parameter
Accuracy Hyper-

parameter
Accuracy

Baseline 26.2% 26.2%

kNN k = 11 87.3%± 0.1% k = 11 87.9%± 0.0%

SVM - linear C = 0.01 100.0%±0.0% C = 0.1 100.0%±0.0%

Means 93.7%± 0.1% 93.1%± 0.1%

GLVQ 93.5%± 0.1% 93.6%± 0.0%

RSLVQ vsoft = 5 100.0%±0.0% vsoft = 0.9 100.0%±0.0%

Confusion matrices of SVM and RSLVQ are available in Tables 5.9 and 5.10. Dif-
ferences between the confusions made by both classifiers are small and for both we
observe that most errors correspond to misclassifying various emotions as ’Neu-
tral’. This might suggest that the classifiers have most difficulty with low-intensity
instances of emotions (other than Neutral) while the emotions themselves are quite
well separable. Most difficult emotions are Fear, of which 13% is misclassified as
Joy, and Anger, which is often mistaken with Neutral and Sadness. We also inspec-
ted the confusion matrices for 6-class classification (see Tables 5.11 and 5.12) and
noticed that the misclassifications as Neutral are mainly compensated by increased
class-wise accuracy of Sadness and slight increases for the other emotions, of which
Surprise can be detected flawlessly.

In order to inspect the (implicit) relevances assigned by RSLVQ, we summed up
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Table 5.9: Confusion matrix (averaged over 10x10-fold cross validation) for 7class classifica-
tion by SVM. Entries are percentages per actual emotion.

Actual \ Predicted A D F J N Sa Su
Anger 78.8 3.3 0 0.1 10.7 7.1 0
Disgust 3.6 90.3 0 0 2.3 3.7 0
Fear 0 0 78.6 12.6 6.8 1.9 0.1
Joy 0 0 0.2 99 0.9 0 0
Neutral 0.5 0 0 1 94.5 2.7 1.3
Sadness 2.6 0.3 0 0 9 85.6 2.5
Surprise 0 0 0 0 1 0 99

Table 5.10: Confusion matrix (averaged over 10x10-fold cross validation) for 7class classifi-
cation by RSLVQ. Entries are percentages per actual emotion.

Actual \ Predicted A D F J N Sa Su
Anger 81.8 5.9 0 0.6 7.9 3.7 0
Disgust 2.1 93.3 0 0 1.8 2.8 0
Fear 1.2 0.4 79.4 13.5 2.3 2.2 1
Joy 0.4 0 0.7 97.7 1.3 0 0
Neutral 1 0.2 0 1.5 93.2 2.4 1.8
Sadness 3.9 0.8 0 0.3 7.8 84 3.2
Surprise 0 0 0 0 1.4 0 98.6

all absolute pairwise differences between the prototype representing ’Neutral’ faces
and the other emotions. The difference vector of two prototypes corresponds to the
direction in feature space along which the two classes are discriminated. The abso-
lute value of its components can be interpreted as to measure the relevance of the
corresponding feature. Figure 5.3 shows this information aggregated per region (as
used in the building of the LBP histograms). It indicates that most informative to
the classifier are the regions around the mouth, followed by the eyes and eye-brows.

The feature vectors we used represent the frequency of observing certain textural
elements within 42 different regions of the face. Figure 5.4 shows the LBP-features
linked to the 48 most relevant histogram entries. We see that, out of the 42 regions,
the regions around the mouth are best represented. Regions 20 and 27 represent the
upper side of the mouth and the LBP-features represented in the top 48 indicate the
importance of textural components that are lighter at the top than on the bottom.
Similarly, regions 21 and 28 represent the lower side of the mouth, from which LBP-
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Table 5.11: Confusion matrix (averaged over 10x10-fold cross validation) for 6class classifi-
cation by SVM. Entries are percentages per actual emotion.

Actual \ Predicted A D F J Sa Su
Anger 83.7 3.2 0 2.5 10.6 0
Disgust 3.1 93.3 0 0 3.6 0
Fear 0 0 83.5 14 2.3 0.1
Joy 0.3 0 0.2 99.4 0.2 0
Sadness 3.4 0.4 0 0.1 94.1 2
Surprise 0 0 0 0 0 100

Table 5.12: Confusion matrix (averaged over 10x10-fold cross validation) for 6class classifi-
cation by RSLVQ. Entries are percentages per actual emotion.

Actual \ Predicted A D F J Sa Su
Anger 82.5 6 0 2.4 9.1 0.1
Disgust 1 96.4 0 0 2.6 0
Fear 0.3 0 79.9 15.4 2.6 1.8
Joy 0.4 0 0.6 99 0 0
Sadness 3 1 0 0.1 91.8 4.1
Surprise 0 0 0 0 0 100

features that indicate lighter bottom and darker top are present. Finally, we observe
that regions 13 and 34, corresponding to the left and right side of the mouth, are
mostly represented by textural components that have darker right and left sides,
respectively. These observations seem to indicate that opening of the mouth, which
is accompanied by dark pixels in the center of the mouth-region, is the most impor-
tant distinction between various emotions.

Figure 5.5 shows the aggregated relevances per region for each of the emotions
in isolation, i.e., representing the difference to the ’Neutral’ emotion. We observe
that the relevances for Surprise are quite distributed, and more expressive around
the central mouth regions and chin. Sadness shows even higher relevance of the
chin areas; Joy is most different from Neutal in the outer and upper mouth regions,
while Fear differs in the outer and central mouth regions. Finally, the relevances
of Anger and Disgust are more scattered, but in comparison to the other emotions
have relatively high contributions of the features from the eyes, brows and forehead.
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Figure 5.3: Relevance of image regions in the RSLVQ classifier (left;white levels indicate rele-
vance), and example picture for reference (right).

5.5 Discussion

The results we obtained show high accuracy on the tasks of classifying facial ex-
pressions, represented as LBP feature vectors, into emotions. We used two different
representations, one using non-overlapping regions in the facial pictures, the other
using overlapping regions. The non-overlapping regions yield more intuitively in-
terpretable feature vectors, while the overlapping regions contain more informa-
tion, but also increase the dimensionality of the feature vectors almost by a factor
4. Using non-overlapping regions, the 6-class classification task was best performed
by SVM with 94.0% accuracy. Second best was RSLVQ with 93.2%. Slightly better
performances were obtained using the overlapping regions (maximum accuracy of
94.5%). When comparing these to the performances reported in literature on the
same data set and classification task, we observe that there are two attempts that
gained better performance. Both use SVM and either use LDP (Jabid et al. 2010b) or
SIFT features (Li et al. 2009). The SIFT-based study, however uses only a subset of
300 pictures, indicating that they left out pictures, which might be suitably chosen,
rather than the full data set. If we compare our method with other methods using
LBP features, we outperform them by 1.9 percentage points.

For the 7-class classification task, which includes the neutral face as a class, our
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Figure 5.4: Top 48 most relevant LBP-features used the RSLVQ classifier; ordered from let to
right, top to bottom. The block numbers refer to the regions as numbered in Figure 5.3.

Figure 5.5: Relevance of image regions in the RSLVQ classifier for Anger, Disgust, Fear, Joy,
Sadness and Surprise (from left to right).

classifiers reached an accuracy of 91.4% for SVM and 90.9% for RSLVQ. Again,
slightly better performances were obtained using the overlapping regions (maxi-
mum accuracy of 92.2%). Four techniques (Zhao and Zhang 2011) from one paper
show better performances when using SVM and different feature sets. In compa-
rison to the methods that use LBP features, our classifiers perform better by 3.3
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percentage points.

The prototype based classifiers we used enabled us to inspect the prototypes and
infer which features are considered most influential by the classifiers. The mouth
region turned out to be most influential. Within this region the LBP features that
correspond to various mouth openings were most important. While eye-brows are
known to be activated in many different emotions (Ekman 1979), and they are found
to be the prominent facial elements to highlight prosody (Swerts and Krahmer 2008),
our results suggest that for automated facial expression recognition, the mouth-
region is more important. The regions representing the eye-brows and forehead,
however do help our classifier in distinguishing especially Anger and Disgust from
the other emotions. Shan and colleagues (Shan et al. 2009) used AdaBoost in com-
bination with pattern matching to determine the most influential LBP histograms
from an exhaustive set of 16640 facial regions and identified most discriminant regi-
ons around the eyes and mouth. With our approach, we obtained these indications
of relevance directly from the trained classifier, rather than performing additional
and computationally intensive analyses.

We also observed that not only the occurrence frequencies of uniform LBP featu-
res are relevant for the classification, but also the frequency of non-uniform patterns,
which were joined together in one bin in each histogram representing a photo re-
gion, were represented in the list of most influential features. Moreover, the 1st, 3rd
and 29th most influential features were such non-uniform patterns. On the other
hand, the use of uniform patterns rather than all LBPs reduced the feature space
with more than a factor 4 and helps keeping the search space manageable.

5.6 Conclusion

We have performed a comprehensive literature overview of attempts to classify fa-
cial expressions from the Cohn-Kanade database and observed that generalization
performances on the 7 and 6 class tasks average at 85.9% and 86.5%, respectively.
Maximum reported accuracies on these tasks were 94.9% and 96.4%. While being
the most popular, or at least most frequently used, type of features, LBP features
reached only up to 88.9% and 92.6%, respectively for 7 and 6 classes.

To the best of our knowledge, we have applied LVQ classifiers for the first time
to the task of facial expression recognition using the Cohn-Kanade database. The
generalization accuracies obtained (91.3% for 7-class, and 93.3% for 6-class classifi-
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cation) show that RSLVQ is among the most successful classifiers overall and out-
performs all reported efforts using LBP features. As a reference we used SVM, which
showed even slightly better performances (92.2% for 7-class, and 94.5% for 6-class
classification) but, in contrast to RSLVQ, does not allow for direct inspection of the
knowledge learned and used by the classifiers. By inspecting the prototypes trained
by RSLVQ we noticed that the most prominent features originate from the mouth
region, followed by the eye-regions. The specific LBP features that are used most
prominently by the classifier confirm that mouth opening/closing is discriminative
for various emotions.

In the present work, we have used implicit relevances obtained from difference
vectors of RSLVQ prototypes. Other LVQ variants can be designed that explicitly
train relevance vectors along with prototypes; examples are Generalized Matrix
Learning Vector Quantization (GMLVQ) (Schneider et al. 2009a) and Matrix Robust
Soft Learning Vector Quantization (MRSLVQ) (Schneider et al. 2009b). Future work
includes the application of such methods to the challenge of facial expression recog-
nition. Another interesting future extension of the current work is to observe how
our methods perform on spontaneous emotions. Although being more challenging,
recent developments (Wan and Aggarwal 2014) indicate that results obtained in one
setting can be transferred successfully to the other. Finally, the literature review we
performed indicates that performances might be further improved by considering
different feature sets such as LDP or SIFT.

The high performances obtained indicate that implementation in consumer pro-
ducts starts to become feasible. Natural choices of first applications include real time
behavior adaptation of laptops or tablets to their users’ emotions. By, for example,
being able to distinguish frustration from happiness, human-computer interaction
can be greatly improved because it allows for detection of suboptimal interactions
and adapt at real time by offering alternative actions when frustration is detected.
The limited complexity of LVQ, that can directly handle multi-class classification
(i.e., without requiring classification schemes such as ’one-vs-all’ that are needed by
binary classifiers), allows for quick training times and opens up the ability to train
user specifics and personalize the model by learning at real time. Such personalized
systems should be able to obtain even better performances for facial expression re-
cognition.
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Hoofdstuk 6
EMOTION FROM A COGNITIVE

PERSPECTIVE

Abstract

We studied whether a two-step approach based on appraisal modeling could help in im-
proving performance of emotion classification from sensor data that is typically executed
in a one-stage approach in which sensor data is directly classified into a (discrete) emotion
label. We propose a two-stage method in which sensor data are first represented in terms
of appraisal dimensions and only then classified to emotion labels. The proposed inter-
mediate step is inspired by appraisal models in which emotions are characterized using
appraisal dimensions (Scherer 1993), and subdivides the task in a person-dependent and
person-independent stage.

A two-stage approach has two main benefits: it can use dedicated techniques to deal with
the specifics of both stages (e.g., person-dependency) and by design, appraisal models
should work in all affective contexts, enabling re-use of the second-stage classifiers in
other affective applications.

In this paper we assessed feasibility of this second stage: the classification of emotion
from appraisal data. To this end, we gathered data from 134 participants that empathi-
zed with emotional events visualized on photos, and scored both appraisal dimensions
and emotion labels for the emotions that they experienced. We applied a variety of ma-
chine learning techniques and used visualization techniques to gain further insight into
the classification task. Appraisal theory assumes the second step to be independent of
the individual. Results obtained are promising, but do indicate that not all emotions
can be equally well classified, perhaps indicating that the second stage is not as person-
independent as proposed in the literature.

6.1 Introduction

O
ne type of challenges within the domain of affective computing are various
classification challenges like for instance affective annotation of images, video,

or written text; or the recognition of various affective states given sensor data. In
this work we focus at the subdomain of emotion classification from sensor data,
which can be based on many different input signals. The field is dominated by
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three main input types, all measuring signals from the human body: video, audio
and physiology. Emotional states can be derived from video through facial expres-
sions, postures or movements (Gunes and Piccardi 2009, Sanchez et al. 2010, Xiao
et al. 2011, van Kuilenburg et al. 2008); from audio through utterances (Sobol-Shikler
and Robinson 2010, van den Broek et al. 2011, Wu et al. 2011); and from physiology
through a variety of bodily signals such as cardiac activity, skin conductance and
respiration (Chanel et al. 2009, Hosseini et al. 2010, van den Broek, Lisý, Janssen,
Westerink, Schut and Tuinenbreijer 2010). We refer to Janssen, Tacken, de Vries,
van den Broek, Westerink, Haselager and IJsselsteijn (2013) for a more comprehen-
sive overview of studies that use one or more of these input signals for emotion
classification.

Despite various advances in the field, performances are generally below those in
other fields of automated classification, such as finger print recognition, restricted
cases of handwriting recognition, etc. This indicates that affective classification tasks
are generally difficult. We also observe that most automated affective recognition
systems use a one-step approach, directly mapping measured features to emotion
labels. As suggested by some (Ptaszynski et al. 2009), the integration of contextual
information in a multi-step approach might aid in the interpretation of various in-
put signals. Because this approach might be applicable to a wide range of different
affect recognition systems it calls for a structural approach.

We hypothesize that models coming from appraisal theory might provide such
a reasoning framework in which factual contextual information can be combined
with other sensor data that carry information about the personal interpretation of
the person being measured. We propose a system that uses an appraisal model in a
two-step approach, in which the first step maps measurement data to an appraisal
representation, and a second step maps the appraisal representation onto emotion
labels. Several appraisal theories have been coined (Ortony et al. 1988, Scherer 2001,
Frijda 1987, Lazarus 1991, Marsella et al. 2010) that have in common that they pro-
pose the process towards appraisal of stimuli to be person dependent whereas the
generation of emotion from an appraisal is proposed to be person-independent. This
means that interpersonal differences can be taken into account in the first step of the
suggested two-step approach, while the second step is independent of the user of
the system.

Regarding the mapping of sensor data to appraisal, several studies have shown
that various appraisal dimensions can be obtained from, e.g., physiological mea-
surements (Aue et al. 2007, Grandjean and Scherer 2008, Bradley et al. 1993, Smith
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1989, van Reekum et al. 2004). The second step of mapping appraisals to emo-
tion labels, has been studied to certain extent by the authors of appraisal models
(Scherer 1993, Scherer et al. 2006), but apart from one recent publication (Meuleman
and Scherer 2013) did not involve more sophisticated classification techniques from
machine learning research. Our aim is to research the potential use of appraisal
models in a two-step approach to emotion classification. In the present study we
will provide an independent assessment of one such appraisal model using a vari-
ety of machine learning techniques and use visualization techniques to gain further
insight into the classification task.

Given the limited performance observed in existing affective classification sys-
tems, the benefit of the two-step approach we propose is that it will separate the
person-dependent and person-independent variability in the data. In the two se-
parate steps, dedicated classification techniques can be applied that specifically ad-
dress the different sources of variation. Thereby the overall system could come to a
better performance than the one-size-fits-all approach of one-step classification can
achieve. In addition, from a research perspective, the two-step approach enables
separate study of both steps while still enabling easy integration (presuming a com-
mon framework).

In the next section, we will continue with an overview of appraisal theory. Sec-
tion 6.3 sketches the field of emotion classification and the potential of appraisal
theory in this respect. In Section 6.4 we will discuss the experiment performed, of
which the results are presented in Section 6.5. Finally we end with a discussion,
conclusion and outlook in Sections 6.6 and 6.7.

6.2 Appraisal Theory

An appraisal (sometimes also called a construal) is an interpretation of the causes
and consequences of a stimulus given the perceiver’s personal goals, standards, and
attitudes (Ortony et al. 1988). Because of the involvement of personalized cogniti-
ons like goals, such stimuli are often interpreted as being beneficial or a hindrance
in achieving a goal. Thus, the element of valence, a positive or negative connota-
tion of a stimulus, is introduced. This element is what distinguishes an emotional
from a non-emotional response that both can result from observing and mentally
processing a stimulus. An elaborate overview of computational models of emoti-
ons, including those based on appraisal theory is provided by Marsella et al. (2010).
Currently, two theories dominate the field: Scherer’s Component Process Model
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(CPM) (Scherer 2001) versus the OCC model of Ortony et al. (1988). In addition to
the CPM and OCC model, the theories of Frijda (1987) and Lazarus (1991) theories
complete the palette of appraisal theories. The OCC model is particularly focused
on describing the concepts and their inter-relations that are needed to explain how
the construal of stimuli results in an emotion. We chose to use Scherer’s CPM to
build our predictive computational model of the appraisal process because it de-
scribes the relation between stimulus and emotion in more detail and on different
levels of granularity. A more recent elaboration by Grandjean and Scherer (2008)
also links the cognitive states of the CPM to neuronal systems.

Stimulus 1−→ Appraisal

dimensions
2−→ Emotions

Figure 6.1: Appraisal model represented as a two-stage process.

Similar to Scherer (1993), we reduced the complex CPM to a two-stage strategy
to cover the steps that are between the perception of a stimulus and the (overt) dis-
play of an emotion (see Figure 6.1). This simplification obviously removes many
elements that are characteristic for the CPM but enables us to formulate a computa-
tional model that can be validated using collected data. Furthermore, the two-stage
strategy applied in the current study is in line with the main computational apprai-
sal architecture presented in Marsella et al. (2010), except for the feedback loop that
enables complex emotions to build up from sequences of (other) emotional reacti-
ons. Because we are more interested in single emotional responses instead of the
complex interaction between sequential emotions, this simplification is not limiting
our research goals.

The first stage of the process builds up a representation of the stimulus in terms
of the appraisal dimensions, as specified by the CPM model. This stage results in
the specification of what we call an appraisal vector which is a collection of values
for each of the appraisal dimensions. This vector is used in the second stage to map
the appraisal dimensions onto an emotion. The experiments described in this paper
focus on the second stage. That is, given an appraisal, to determine the correspon-
ding emotion.

Marsella et al. (2010) also consider a two stage approach but takes as input the
’person-environment-relationship’, rather than a ’stimulus’. One might argue that
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a ’stimulus’ is only part of the ’person-environment-relationship’. However, follo-
wing the theory of appraisal, the personal interpretation based upon the context
will be part of the first stage. This implies that the person-environment-relationship
will be reflected in the appraisal vectors. Through this mechanism the other aspects
of the ’person-environment-relationship’ are represented and taken into account in
our approach.

For the experiments, we used the full set of 15 appraisal dimensions: Novelty,
Time, Intrinsic Pleasantness, Relevance, Expectedness, Conduciveness, Urgency,
Causality by self, Causality by other, Causality by Chance, Control, Power, Adjust-
ment, External Normative Significance and Intrinsic Normative Significance. The
emotions covered by the appraisal model are Enjoyment, Joy, Disgust, Contempt,
Sadness, Desperation, Anxiety, Fear, Irritation, Anger, Indifference, Shame, Guilt,
and Pride (Scherer 1993).

6.3 Emotion Classification

Over the years, many different approaches have been tried to classify collected data
that describes the current state of a user into emotion categories. These include
a wide variety of measuring modalities, ranging from physiological parameters to
audio and video captured from users. Janssen, IJsselsteijn, Westerink, Tacken and
de Vries (2013) provides a literature overview on the classification of emotions using
different measurement modalities and shows that performances between 50 and
70% are quite common, while also reports of 21% and, on the other extreme, 98%

are available. To fully interpret and compare the reported performances, a more
thorough study would be needed that also takes into account the number of clas-
ses used, circumstances during which the data was collected and protocols used for
classifier validation. This goes beyond the scope of this paper; nevertheless, the ob-
served performances clearly indicate that emotion recognition as classification task
has not been resolved yet and that there is room for improvement.

We investigated whether the framework of appraisal models provided a use-
ful divide-and-conquer approach for emotion recognition. In such an approach the
classification task is turned into a two-stage classification in which first a mapping
is made of a measurement of the stimulus to an appraisal vector, and from that, a se-
cond classification transforms the appraisal vector into a discrete emotion label. We
specifically studied the second step not because the first step is trivial but because
we think that it is in this step that significant performance gains can be achieved.
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In itself, the required performance for an affective classifier is difficult to esta-
blish as it heavily depends on the application. Let us therefore consider accuracy
of humans judging emotional cues. To our knowledge, there is no experiment that
shares appraisal data to participants with the task to classify that into emotions.
This might be due to the latent, non-observable character of appraisal. In another
experiment (Janssen, Tacken, de Vries, van den Broek, Westerink, Haselager and
IJsselsteijn 2013) participants had to categorize another person describing an emo-
tional experience into one of 5 emotional classes (Happy, Relaxed, Sad, Angry, and
Neutral). They had access to video and audio material (but the ability to judge from
semantic information was taken out by only including participants that did not un-
derstand the language spoken by the participants in the video and audio material).
Janssen and colleagues found that humans reach an accuracy of up to 31.0%, and
less when only one modality was provided (22.7%, and 26.1% for audio- and video-
only, respectively). The 5 classes were fully balanced; therefore random guessing
would lead to a performance of 20%, thus humans performed hardly above random
guessing when provided with information from a single modality. It is safe to as-
sume that any computerized system should at least perform on par with humans
in order to be accepted. While it is difficult to extrapolate these performances to
the classification task involving appraisal data because we would compare full (hu-
man) emotion recognition from signals versus step two of a two-stage automated
classification involving appraisal data, we believe it is safe to assume that the hu-
man performance could indicate a lower bound on the performance we should aim
at for the complete two-step emotion classification.

6.4 Method

We carried out two experiments to gather sufficient data to be able to apply machine-
learning techniques. Most of the data was gathered via a web-based experiment, but
an experiment in the lab served as a precursor for developing the web-based ver-
sion.

6.4.1 Lab Experiment

Participants

In the lab experiment, data were collected from 33 voluntary participants. The data
of one participant was left out because this participant indicated afterwards that he
did not understand all questions. Therefore the remaining data set contained data



6.4. Method 107

from 32 participants (18 were male; mean age 27 years). Each participant rated 5
pictures, yielding 160 appraisals of which one instance was discarded because all
questions were answered with ′′not applicable′′ (yielding 159 appraisals in total).

Stimuli

For each of the 14 emotions covered by the appraisal model we selected two pictures
resulting in 28 pictures used. Twelve of the pictures (marked in Figure 6.2) originate
from a validated picture set of Overbeek et al. (2007) and targeted the emotions
of Disgust, Enjoyment, Fear, Irritation, Joy and Sadness. Because not all emotions
covered by the appraisal model were present in this picture set, we added pictures
found on the web, targeting at the remaining emotions of Anger, Anxiety, Contempt,
Desperation, Indifference, Pride, Shame, and Guilt. Out of this set of 28 photos,
depicted in Figure 6.2, for each subject a number of photos were chosen randomly
(with the restriction that no photo should be chosen more than once per subject)
in such a way that over all participants all photos were presented an approximately
equal number of times. The number of photos to be rated per participant was chosen
to be five.

Procedure

The experiment started with general demographic questions (i.e., gender and age).
Subsequently, one of the five randomly selected photos was shown full screen for 6
seconds. For each photo, the participants were asked to imagine being in the event
during which the photo was taken, to assume a role in that event, and to fill in an
18-item questionnaire. Questions 1 and 2 probed for the most prominent emotion
triggered by a photo and how strong it was experienced. This emotion label will
be used in the classification task as ground truth. The third question was to give
a description of the assumed role of the participant and the situation s/he imagi-
ned. This question was added to help a participant stick to a single role while filling
in the remaining 15 items of the questionnaire. These fifteen questions, that mea-
sure the fifteen appraisal dimensions, were taken from Scherer (1993), and adapted
to fit the photo experiment (rather than recollection). They are listed in Table 6.1,
and used the same 6-item Likert scales as the original. We only changed original
labels ′′not pertinent′′ to ′′not applicable′′ because we found out in a pilot that many
participants were familiar with the phrasing. Note that while all questions use uni-
polar or bipolar scales for the answer, the phrasing of the questions suggest a binary
(yes/no) answer. Although we consider this questionnaire suboptimal, we stayed
as close as possible to the original to be able to compare the results.
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* *

* *

* * *

* *

* *
*

Figure 6.2: Thumbnails of the pictures used for emotion induction. Pictures marked with an
asterisk (* on the right top), have been taken from Overbeek et al. (2007).
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During the questionnaires a thumbnail of the corresponding photo was shown
in the upper left corner of the screen, again to help participants stick to a single in-
terpretation throughout the questionnaire. We used the answers to the first three
questions to study the range of interpretations of (a particular) photo(s) and to ve-
rify that answers on the appraisal questions that followed could be expected. Note
that, by following this procedure, we fully isolated the process of obtaining ground
truth from the validation of the classifier performance to avoid biased performance
estimation.

Table 6.1: Questions used to measure the fifteen appraisal dimensions, adapted from (Scherer
1993).

Appraisal
dimension

Corresponding question

Novelty Did the situation showed by the picture happen very suddenly or abruptly?
Time Did the situation concern an event or an action that had happened in the past,

that had just happened or that was to be expected for the future?
Pleasantness This type of event, independent of your personal evaluation, would it be

generally considered as pleasant or unpleasant?
Relevance Was the event relevant for your general well-being, for urgent needs you felt, or

for specific goals or plans you were pursuing at the time?
Expectedness Did you expect the event and its consequences before the situation actually

happened?
Conduciveness Did the event help or hinder you in satisfying your needs, in pursuing your

plans or in attaining your goals?
Urgency Did you feel that action on your part was urgently required to cope with the

event and its consequences?
Ego Cause Was the event caused by your own actions - in other words, were you partially

or fully responsible for what happened?
Other Cause Was the event caused by one or several other persons - in other words, were

other people partially or fully responsible for what happened?
Chance Cause Was the event mainly due to chance?
Control Can the occurrence and the consequences of this type of event generally be

controlled or modified by human action?
Power Did you feel that you had enough power to cope with the event - i.e. being able

to influence what was happening or to modify the consequences?
Adjustment Did you feel that, after having used all your means of intervention, you could

live with the situation and adapt to the consequences?
Ext. Norm Would the large majority of people consider what happened to be quite in

accordance with social norms and morally acceptable?
Int. Norm If you were personally responsible for what happened, did your action

correspond to your self-image?

Each participant was invited to take place in front of a personal computer loca-
ted in a lab room, and received an introduction, by the experimenter, on what was
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to be expected and were asked to provide their informed-consent. The experimen-
ter remained available for questions, but retreated to another part of the lab room
such that the participant could fill in the questionnaire privately. In this experiment,
each participant answered the 18 questions for five different, randomly chosen pho-
tos. The experiment took 25-30 minutes to complete. At the end of the experiment
participants were debriefed.

6.4.2 Web experiment

Participants

The web-based experiment resulted in the acquisition of 79 completed online sur-
veys (out of 436 invitations). Another 129 respondents completed the survey only
partially. Often the incomplete sets of answers contained complete subsets corres-
ponding to the appraisals of individual pictures. We compared these subsets with
the appraisals from completed surveys and found that they were not statistically
different and thus sufficiently similar to be included in the data set. Therefore we
selected all (picture-wise) complete appraisals with the restriction that not all ans-
wers were indicated as ”not applicable”. This resulted in 261 appraisals, originating
from 102 participants (74 male; overall age range 25-64 years, mean age 37) who
appraised on average 2.6 pictures.

Stimuli

The set of 28 photos of the lab experiment were also used for the web experiment.
Again, for each subject a number of photos were chosen randomly (with the restric-
tion that no photo should be chosen more than once per subject) in such a way that
over all participants all photos were presented an approximately equal number of
times. In order to reduce the time required for completion of the questionnaire, the
number of photos per participant was limited to three.

Procedure

With the exception of the number of photos shown (three in the web-based expe-
riment versus five in the lab experiment), the procedure from the lab experiment
was copied as much as possible to the web-based experiment, where the oral in-
structions of the lab experiment were presented as written text on the screen. In
total the survey took 15-20 minutes to complete. LimeSurvey, as a back-end of the
www.simplicitylabs.net environment, was used as environment to perform
the survey in.

www.simplicitylabs.net
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6.4.3 Classification Techniques

Primary focus of our analysis is the classification task of providing the correct emo-
tion label given an appraisal vector. For this task we selected seven techniques of
different nature: k-Nearest Neighbors, Artificial Neural Network, Support Vector
Machine (linear and Radial Basis Function (RBF) kernel, Generalized Learning Vec-
tor Quantization, Generalized Matrix Learning Vector Quantization, Robust Soft
Learning Vector Quantization, and class conditional means. The techniques have
been described in detail in Chapter 1. The method of using class conditional means
as prototypes will be used as reference technique as it was applied by Scherer (1993).

6.4.4 Data analysis

First we assessed whether the results of both experiments (lab and web) were suffi-
ciently similar to be grouped into a single data set by performing t-tests per emotion
per appraisal dimension. Furthermore, several of the below outlined analyses were
performed on both datasets in separation.

The analyses proceeded as follows. In order to verify proper use of the scales
used to measure the appraisal dimensions, we inspected the distributions of ans-
wers given per appraisal question, and compared our results with those found in
previous work. After that, we analyzed the structure of the data and the discri-
minative strength of appraisal in terms of different emotions by applying Principal
Component Analysis (PCA). Finally, we applied the data in a classification task and
compared performance of several classification methods.

Comparison to previous work

With small exceptions in setup, our study was quite similar to the work of Sche-
rer (1993). We determined whether this is also reflected in the results by apply-
ing t-tests on the means and standard deviations from our experiment and those
in Scherer (1993) that were based on approximately 200 participants scoring the 15
appraisal dimensions based on recollecting a personal emotional memory. For each
combination of emotion and appraisal dimension we performed a Student’s t-test
from the means and standard deviations. In a recent publication (Meuleman and
Scherer 2013) performed similar analysis of classifying appraisal vectors into emo-
tions, again from recollection of emotional events. They, however, only used 12
emotions classes and expanded the set of appraisal dimensions to 25 and explicitly
and extensively included pairwise and three-way interactions.
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PCA analysis and reduction of dimensions

We carried out a PCA (including several rotational variants) to investigate whe-
ther we needed all fifteen appraisal dimensions to explain most of the variance in
the data from the questionnaires. The principal components found, we compared
to the dimensions Valence, Arousal, and Dominance of Bradley and Lang (1994).
The dimensions of this dimensional emotion model were inspired by the dimensi-
onal Pleasure, Arousal, Dominance (PAD) model by Russell and Mehrabian (1977),
which has originally been found through component analysis.

Classification

Primary focus of our analysis is the classification task of providing the correct emo-
tion label as indicated by the participant, given an appraisal vector. For this task
we selected classification techniques of different nature (see e.g., Duda et al. (2000)):
kNN, ANN, LVQ variants (Witoelar et al. 2011), and class conditional means. The
method of using class conditional means as prototypes will be used as reference
technique as it was applied by Scherer (1993). For all distance based methods we
used squared Euclidean distance as distance measure. LVQ classifiers were chosen
because they are of open box nature, that is, they provide direct insight into the in-
formation learned by the classifier, as prototypes that are represented in the same
space as the data can be inspected (similar to class conditional means).

As measures of performance, we report both Accuracy and Cohen’s Kappa, the
two most suitable measures for multi-class classification. Note that Cohen’s Kappa
was selected because it explicitly takes into account imbalance in the dataset.

All classifiers were applied using 10-fold participant-wise cross validation (i.e.,
all data from a subject is either used for training or for validation) used and the
results reported are averages over 10 × 10-fold cross validations. As a baseline re-
ference we used a baseline classifier that returned the label of the class with highest
prior probability, as specified by Equation (6.1). It describes the best guess one can
do without inferring any knowledge about the structure of the data, nevertheless it
corrects for unbalanced class sizes.

γ = arg max
c
pc, where pc =

nc∑
c̃ nc̃

, (6.1)

where pc is the class prior, inferred from the number of samples nc representing
class c.

In order to address imbalance in the dataset, we also trained classifiers on subsets
of data labeled with emotions that had been rated at least 20 times, 10 times, and 5
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times, leaving out underrepresented classes. Finally we trained classifiers using
only the ’basic’ emotions (Anger, Disgust, Fear, Joy, and Sadness) of Ekman (1972).
For each of these classification tasks we used all 15 appraisal dimensions as input;
the number of data samples used and class labels predicted will be listed in the table
with results.

We optimize for testing accuracy (percentage of correctly classified samples), and
next to that, will report the accuracy taking not only the best hit, but also second
hit into account (such that direct comparison with the work of Scherer (1993) is
possible). Note that for SVM we did not include second hit performance because
the SVM implementation we used does not offer that functionality and could not
easily be extended.
We analyzed the confusion matrices to study whether particular emotions being
classified incorrectly were responsible for the classifiers’ performance, or whether
classification errors were more generally spread over the classes.

Finally, we used the inherent transparency of prototype-based learning by asses-
sing the (relative) positions of the prototypes to get a better understanding of how
the data was structured.
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Figure 6.3: The distributions of answers given per appraisal dimension.

6.5 Results

First we compared the data originating from the lab and web experiment. t-tests per
emotion per appraisal dimension indicated only 4 (out of 14 ∗ 15 = 210) significant
differences (p < 0.05) between the two experiments. We also compared the outco-
mes of PCA analysis on both datasets in isolation, which showed that the two data
sets were highly similar. In fact similar to such an extent that they could be mer-
ged, resulting in a data set containing 420 appraisals obtained from 134 individual
participants, summarized in Table 6.2. The t-tests to compare our dataset with that
in Scherer (1993) revealed no significant (p < 0.05) differences, only one marginally
insignificant difference (p = 0.055) was found for (Joy, Ext. Norm.).

We inspected the answers given per appraisal question in order to verify that the
scales are used as expected. The distributions per appraisal question are depicted in
Figure 6.3, normalized for the number of answers. Most distributions are fairly uni-
formly distributed. The distribution of Control is skewed to the right, Pleasantness
to the left, as is Ego Cause, and Time shows a larger contribution of the mid-section
of the range. We observe that the scales were completely used rather than just the
outer ends of the scale. In the following analyses we will interpret the data as inter-
val data.
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Figure 6.4: The percentage of variance explained per principal component (bars) and total
percentage of variance with each additional component (line).

6.5.1 Component analysis

The PCA revealed that the first principal component (i.e., the direction in which the
variance of the data is largest) described 27% of the data and that the first three com-
ponents sum up to 51%. In order to get above 80% of variance explained, the first 9
principal components were needed (see Figure 6.4).

Projecting the original (appraisal) dimensions onto the dimensions found by
PCA, as depicted in Figure 6.5, provided insight in the interrelations of appraisal
dimensions. The length and orientation of the line segments indicate how much
the appraisal dimension contributed to the first and second PCA components. For
instance, appraisal dimensions Conduciveness and Expectedness were closely alig-
ned along the first component. Other combinations of appraisal dimensions that
have similar contributions to the first two principal components are Ego Cause and
Power, Adjustment and Internal Normative Significance, and Relevance and Urg-
ency. It also shows that Novelty and Causality by Chance were rather opposite to
Control. Time is less prominently represented in the first two principal components.

Because components 1-3 collectively explained a little over half of the variance,
we tried to label these components to come to a better understanding of how the
data was structured. An initial visual inspection hinted that components 1-3 could
perhaps be related to the Valence, Arousal, and Dominance dimensions of Bradley
and Lang (1994). In an attempt to label the principal components found in our da-
taset, we tested this hypothesis.
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Table 6.3: Correlations between the first three principal components and affective dimensions
(*p < 0.01, **p < 0.001).

Principal
components

Affective
dimensions

V
al

en
ce

A
ro

us
al

D
om

in
an

ce

1 ** 0.92 0.39 * 0.60
2 -0.45 -0.07 ** -0.71
3 -0.16 -0.05 * -0.55

We asked a new group of participants (N = 29) to rate each of the 14 emotion
words on a Valence, Arousal, Dominance (VAD) scale and used these data to as-
sess whether any of the three components would correlate to one of these affective
dimensions. These participants did not participate in the experiment described in
section 6.4, but had similar education level, age, and gender distribution. The in-
structions used can be found in Table 6.4. We calculated correlations between the
three components and the three affective dimensions (see Table 6.3) and observed
that the first principle component correlates very highly (ρ = 0.92) with valence and
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the second component correlates with dominance (ρ = −0.71).1 Dominance was
also present (though with less strength) in the first and third principal component.
Arousal was not found to correlate with any of the first three principal components.

Valence is known to be related to conduciveness and intrinsic pleasure (Broekens
2012). From Figure 6.5 we observe that these appraisal dimensions are present in the
first principal component which highly correlates with valence. Similarly, Domi-
nance is known to be related to be related to Power-to-cope and Control (Broekens
2012), which are present in both first and second principal component that both
correlate with dominance.

Table 6.4: The instructions used to assess Valence, Arousal and Dominance.

Please rate the following emotion words on valence, arousal and dominance,
using numbers [1..10]. It is ok to give multiple emotions the same number.
These scales are defined as follows:

• Low valence means that the emotion feels negative;

• High valence means that the emotion feels positive.

• Low arousal means that the emotion does not excite you;

• High arousal means that the emotion does excite you very much.

• Low dominance means that you do not feel in control of the emotion;

• High dominance means that you do feel in control of the emotion.

1Note that due to an administrative error different results were obtained in earlier analysis performed
and reported about in de Vries et al. (2009).
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6.5.2 Classification

We trained various classifiers, and collected their performances in Table 6.5, which
shows that the accuracy of the classifiers ranged from 14.4% to 25.6% on the com-
plete data set. Corresponding Cohen’s Kappa values range from 0.06 to 0.18. The
baseline classifier obtained 14.9% accuracy. The linear Support Vector Machine (RBF
kernel did not improve upon the linear kernel) outperforms the other classifiers in
terms of accuracy, followed by RSLVQ and ANN. Using class-conditional means
as prototypes only reaches 21.1% accuracy. GMLVQ seems to struggle with this
classification task. When also considering second-hit a success, we observe per-
formances between 25.5% and 47.0%, where the baseline classifier reached 27.4%

accuracy. Based upon Cohen’s Kappa, we observe that RSLVQ reaches best perfor-
mance (κ = 0.18), followed by the SVM and class conditional means.

The data set showed non-uniform priors, indicating that some classes were un-
derrepresented. Therefore, the classifiers might not be able to learn the properties
of these small classes to a sufficient degree. To reduce this effect, we focused on
the data samples labeled with emotions that had been rated at least 20 times, con-
taining 10 emotion classes, as well as the subset of emotions that had been rated at
least 35 times, consisting of 5 emotion classes (Enjoyment, Joy, Disgust, Sadness, and
Fear). For the 10-class classification, results are reported in the sixth column of Table
6.5. All classifiers are able to reach higher performances on this classification task,
and RSLVQ almost catches up with the SVM, which is still leading (with 28.0% and
28.7%, respectively). In terms of Cohen’s Kappa, RSLVQ is still leading, now with
κ = 0.20. Reducing the data set further to only the top 5 most rated classes (rated
at least 35 times) showed a large increase of accuracy (third column of Table 6.6),
up to 51.8% (κ = 0.39). The baseline performance also increased significantly (to
26.4%) because of the reduced number of classes. GMLVQ has caught up with the
other methods and shows only shows slightly worse performance than the other
LVQ methods. When classifying only ’basic’ emotions (Anger, Disgust, Fear, Joy,
and Sadness) of Ekman (1972), we found similar results, where SVM and RSLVQ
reached top accuracies of 54.5% and 54.3%, respectively, and κ = 0.42.

In all settings there were at least 227 data samples used for training/validation,
and RSLVQ proved to be the best classifier for this task, usually followed by SVM
and ANN. Tables 6.7 and 6.8 show the training performances of the classifiers on the
four different classification tasks. The relatively small differences between test and
training performances show that none of the classifiers is prone to severe overfitting.

When investigating the confusion matrices, we found the ANN to discard 4 of



122 6. EMOTION FROM A COGNITIVE PERSPECTIVE

Enj Joy Dis Con Sad Des Anx Fea Irr Ang Ind Sha Gui Pri

Enjoyment

Joy

Disgust

Contempt

Sadness

Desperation

Anxiety

Fear

Irritation

Anger

Indifference

Shame

Guilt

Pride

33

45

3

2

2

2

13

41

38

2

3

1

4

11

50

9

6

4

3

8

6

9

1

3

9

24

21

4

2

4

15

15

6

1

16

2

14

17

12

13

4

6

6

4

2

3

2

4

16

1

7

15

6

23

15

3

2

6

3

18

19

3

8

2

14

9

1

8

4

3

3

5

6

2

2

2

15

17

3

25

2

5

6

6

3

7

5

1

23

9

6

1

1

13

15

7

6

1

9

1

5

30

3

8

3

7

6

4

26

1

6

2

14

7

6

2

6

7

8

5

8

10

5

9

13

2

1

4

19

8

20

4

10

3

4

4

10

9

2

8

2

37

8

44

19

12

6

4

11

1

1

46

Actual emotion class

P
re

di
ct

ed
 e

m
ot

io
n 

cl
as

s

Figure 6.6: Confusion matrix showing the (participant indicated) labeled emotions on the ho-
rizontal axis and the (RSLVQ) classified instances vertically, when considering all emotions.
The numbers represent the percentages of classified emotions per labeled emotion.

the 15 classes (it never assigned these labels to samples in the test set). Figure 6.6
shows the confusion matrix of RSLVQ (applied to the data of all 14 emotions). It re-
vealed that for most emotions at least some instances are classified correctly. Howe-
ver, no single instance of Shame was classified as such, indicating that Shame was
easily mistaken for other emotions. Joy and Enjoyment were confused often, as well
as Disgust and Contempt. Fear turned out to be confused often with Desperation
and Sadness. Confusion matrices of the other classifier (apart from ANN) showed
high resemblance of the one depicted.

The classification task using only ’basic’ emotions separated out these easily con-
fused emotions, which resulted in higher classification performance, and a confu-
sion matrix as shown in Figure 6.7. The confusion matrix clearly shows best recog-
nition of the emotion Joy, while Anger, Sadness, and Fear are more often confused.

We took the learned prototypes of RSLVQ and projected them in earlier found
principal component space. Figure 6.8 shows that the prototypes settled at mostly
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Figure 6.7: Confusion matrix showing the (user indicated) labeled emotions on the horizontal
axis and the (RSLVQ) classified instances vertically, when considering only ’basic’ emotions.
The numbers represent the percentages of classified emotions per labeled emotion.

non-coinciding locations and showed a distinct grouping of positive emotions (En-
joyment, Joy, and Pride) separate from the negative emotions. Repeated tries (using
different subsets of data for training the prototypes) resulted in similar graphs. We
did find some small variations in position amongst the negative emotions.

6.6 Discussion

We proposed an alternative method to the gold-standard of a one-step emotion clas-
sification by considering the process of mapping measurements to emotion labels
as a two-stage approach in which first a mapping to an appraisal representation is
made, followed by a second step in which the appraisal is mapped onto emotion
labels. We gathered data to determine to what extent an appraisal model (here the
CPM) can be used in such an approach by investigating the second step in this two-
stage process. We collected data from 134 participants who were asked to empathize
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Figure 6.8: RSLVQ prototypes projected in a reduced (2D) space, using the earlier found PCA
projection.

with photos shown and rate the emotions they experienced as well as providing ra-
tings to the questions relating to Scherer’s 15 appraisal dimensions (Scherer 1993).
No significant differences were found in the t-tests performed to compare our data-
set to that in previous work (Scherer 1993), indicating that we successfully replicated
the original experiment (using recollection to elicit emotions) in a different setting,
using empathic photos.

We found that over 90% of the variance in our data could be explained by the
first 9 principal components. The Principal Component Analysis, confirmed ex-
pected interdependencies between the appraisal dimensions. Within the first two
components (explaining over 40% of variance), for instance, appraisal dimensions
Conduciveness and Expectedness were closely aligned along the first component.
This can be explained since unexpected events are usually not conducive regarding
one’s goals. Similar influence of Ego Cause and Power can be explained by the
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observation that one likely feels power over self-caused actions and resulting con-
sequences. Adjustment and Internal Normative Significance are related through the
observation that one can live with and adapt to consequences originating from ac-
tions that are in line with one’s internal norms. Relevance and Urgency are linked
through the observation that events that require urgent action must be relevant. The
PCA also shows that Novelty and Causality by Chance were rather opposite to Con-
trol. Also this can be explained by people not feeling (fully) in control when new
and/or seemingly random events happen. These observations do not take into ac-
count all subtleties taken into account in the design of the CPM model; nevertheless
the results of the PCA might indicate that, given the circumstances of our experi-
ment, the CPM appraisal model could be simplified by combining certain pairs of
appraisal dimensions.

The PCA and correlation analysis also indicate that the first three principal com-
ponents map well onto the affective dimensions valence and dominance, which is
in line with previous work (Scherer et al. 2006, Broekens 2012) in which VAD scores
were compared to a manually chosen linear combination of appraisal dimensions.
The strongest connection that we observe is one between the first principal compo-
nent and valence with similar strength as found in the former study. We observe
that arousal is less present in the principal components, which might follow from
less emotional strength felt through empathizing compared to other ways of emo-
tion elicitation like recall techniques.

When applying the data in a classification task, results show that, when using
all 14 emotion classes, classifying performance reached close to 25% accuracy and
a kappa of 0.18. Following the guideline of Landis and Koch (1977), this should be
interpreted as a ’slight agreement’ between the classifiers output and ground truth.
One should, however take into account that our tasks involves 14 classes, which
is substantially more than the 4 classes the guideline was devised for. The RSLVQ
classifier produced the highest classification performance for all subtasks including
the 14-class classification and the chosen (and more balanced) subtasks involving
10 and 5 emotion classes. Highest performance (54.3% accuracy; kappa: 0.42) was
observed in the task of classifying into the 5 ’basic’ emotions of Ekman (1972). Using
the aforementioned guideline for the interpretation of the kappa value, we can con-
sider this as ’moderate agreement’.

As discussed in Section 6.3, there is limited work to compare these results with.
Scherer also worked on a classifier of appraisal vectors onto emotion labels in the
’Geneva Expert System on Emotion’ (GENESE) (Scherer 1993), and reports an accu-
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racy of 78%. There are, however, three aspects that need to be taken into account
when comparing the results. First, Scherer’s system considered both the first- and
second-best guess as correct. Second, almost 10% of data was excluded in GENESE
(based on the criterion of differing more than 0.5 standard deviations). Third, users
were asked whether the prediction ”possibly reflects some part of what they felt in
the situation, possibly without realizing it”, which artificially increases dependency
between appraisal data and emotion labels due to the bias of participants to confirm
experiment hypotheses, referred to as the good-subject effect (see e.g., Nichols and
Maner (2008)). Our results are on par with the performance reported on 12-emotion
classification by Meuleman and Scherer (2013) of 27.9%, which used 10 more app-
raisal dimensions. Unfortunately they don’t report details on the unbalance present
in their dataset such that we cannot further compare the results.

In order to benchmark our system as part of the proposed two-stage emotion
classification, we decide to compare against a human benchmark (Janssen, Tacken,
de Vries, van den Broek, Westerink, Haselager and IJsselsteijn 2013) of classifying
signals into 5 emotion classes. One should note that this benchmark considers the
full process of labelling measurement data to emotions rather than just the second
stage in our proposed two-stage approach. Unimodal 5-class emotion recognition
by humans reached up to 26.1% accuracy which is approximately half the perfor-
mance our system obtained (54.3%). Hence we outperform the benchmark with
quite a margin. Considering that the performance of a full two-stage emotion clas-
sification system that uses our classifier in the second stage will have a performance
of at most this 54.3%, we believe this margin in performance still leaves room to
perform better than the human benchmark also on the integral task.

The differences we observed in how well certain emotions could be classified
might originate from the elicitation method because some emotions could be harder
to elicit through photo viewing than others. Another explanation could be that for
some emotions more than others, there might still be interpersonal difference in the
link between of appraisal and emotions. This would, however, be in contrast to the
way appraisal models are proposed in literature.

The use of prototype based classifiers enables us to further explore the differen-
ces and similarities between emotions. It reveals that especially the positive and
negative emotions can clearly be distinguished from one another, which is confir-
med by analysis of the confusion matrices (Figure 6.6 and 6.7). A closer look at
the projection of the prototypes in the principal component space (Figure 6.8) re-
veals some finer level grouping of emotions. We found Sadness and Desperation
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very close together. This pair of emotions is known as a low/high intensity pair
(Baldaro et al. 2003), or in other theories as derived emotions from to the primary
emotion Sadness (Shaver et al. 2001). The closeness and ordering of Indifference,
Irritation and Contempt might suggest a trio of similar emotions in terms of inten-
sity. Irritation and Contempt are seen as secondary and tertiary emotions of Anger,
and Douglas-Cowie et al. (2006) list Irritation and Contempt both in the category
of ′′Negative & forceful′′ emotions. This might explain the closeness of Irritation
and Contempt. Our findings suggest that Indifference might be related to these two
emotions as a weaker form of the same base emotion. Comparing our work with the
clusters found in Meuleman and Scherer (2013), our results confirm their finding of
a clearly separated cluster of positive emotions as well as a cluster of anger emoti-
ons. Distress, shame and guilt emotions were clustered together. We did not find
evidence for a further sub-cluster of shame/guilt within the latter cluster.

Our study has some limitations. First, we used photo-viewing as elicitation me-
thod. The limited presence of arousal in the first principal components indicates that
the emotions experienced (and rated) by our participants were limited in strength.
Also, despite the promising results from our classification analysis, the observed
performances leave room for improvement, indicating that the classes showed re-
latively large amounts of overlap in the data (i.e., there was no clear separation
between classes). These arguments indicate that due to relatively low strength of
emotions felt, the appraisal data corresponding to different emotion classes might
have been more similar than they could have been when other emotion elicitation
methods would have been used. This observation is in line with the statement that
empathic photo-viewing constitutes a tough paradigm for the use of appraisal cri-
teria, as discussed in Scherer et al. (2006).

Second, the overlap in the data might originate (in part) from interpersonal dif-
ferences among our participants. These interpersonal differences might originate
from different interpretation of the questions and answering options of the CPM
appraisal model. We have chosen to stay as close to the original questionnaire
(Scherer 1993) as possible which presents uni- or bipolar answering options to yes-
no questions. It might be that a better design of the questionnaire reduces the in-
terpersonal variance. On the other hand, an alternative explanation of the interper-
sonal differences is that they could be inherent to the appraisal model. That would
suggest that we might need to reconsider whether indeed the mapping of appraisals
to emotion is a general process independent of the individual.
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6.7 Conclusion

Our results indicate that the CPM generalizes from contexts of recollection of perso-
nal emotional events to empathizing with (generic) emotional events. Our attempt
to discriminate between discrete emotions on the level of appraisal, in a pure classi-
fication task, exceeds baseline performance with a factor two. When focusing on the
subset of the five ’basic’ emotion classes from Ekman (1972), we obtain classification
accuracy of up to 54.3% (Cohen’s kappa: 0.42). Our classifier reaches approximately
twice the performance of the human benchmark on a 5-class classification problem,
leaving a large margin. Considering that the performance of a full two-stage emo-
tion classification system that uses our classifier in the second stage will have a per-
formance of at most this 54.3%, we believe this margin in performance still leaves
room to perform better than the human benchmark also on the integral task.

In conclusion, we have shown a first attempt towards automated emotion classi-
fication using appraisal representations as an intermediate step in a two-stage pro-
cess of emotion classification. In order to do so, we have evaluated the second step,
classifying appraisals to emotions using machine learning techniques. Future work
should address also the first step of the proposed two-step approach for affect clas-
sification, namely the automated extraction of appraisal vectors from affective me-
asurements such as physiology, audio or video of a user. There have been establis-
hed correlations for many appraisal dimensions and, e.g., physiological measures
in a well-controlled environment and in isolation (Aue et al. 2007, Grandjean and
Scherer 2008, Poli et al. 2007, Smith 1989); a full coverage of all appraisal dimensi-
ons in general circumstances still requires further attention.

Given that we used photo-viewing as an elicitation method, which is particularly
tough for the application of appraisal modeling, we belief there is much more poten-
tial for the proposed system, and appraisal modeling in general, when tested with
emotion eliciting paradigms that generate stronger emotions. It would be interes-
ting, in a next step, to further evaluate this approach in such circumstances. While
the two-step approach could, in principle, be applied in any emotion classification
system, it might be most applicable to applications that have (to some extent) con-
trol over the stimuli that users are exposed to, such that stimuli-characteristics are
most easily measured and can be used as contextual information to add to the mea-
surements of the user. Applications in this area are dynamic adaptation to emotions
by flight simulators, serious games, office suite software etc. In these circumstances
emotion classification systems have the potential to adapt the way computers act
and react to their users to create much more natural human-computer interaction,
improve realism and reduce frustration.
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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 repre-
sent a time window of several minutes, the triggers represent instantaneous stress,
while a time window in the order of an hour will represent the 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 paced 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 indicate 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 a 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



142 7. APPLICATIONS

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.
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SUMMARY

S
ummarizing, this thesis focusses on advancing the knowledge of LVQ methods,
in particular in the application to domain of affective computing. In this the-

sis various LVQ variants were studied in a controlled environment characterized
by high dimensional isotropic clusters. This data model yields a simplified repre-
sentation of reality that allows studying learning dynamics in detail. The findings
demonstrated that while LVQ 2.1 can obtain optimal asymptotic performance it suf-
fers from stability issues due to divergent behavior of the prototypes. The introduc-
tion of a window, in LFM-W, shows convergence for well chosen window sizes, but
introduced large dependency on parameter optimization, with respect to reaching
optimal performance. While GLVQ suffered from both divergence and parameter
dependency, RSLVQ combined the strengths of both methods and, as the name sug-
gests, is more robust to the parameter settings. It required only limited parameter
optimization to reach close to optimal asymptotic performance. Optimization of the
window size and softness parameter of RSLVQ, however was critical for efficient
learning.

Affective computing comprises the application of computers to the study of
emotions, moods, stress and other affective phenomena. Although affect has been
studied for a long time in psychology, the research field of affective computing is
still in its relative infancy and poses interesting challenges to computer science and
in particular machine learning. In order to research the performance of LVQ va-
riants outside of the controlled simulation environment, we applied various LVQ
techniques to various classification tasks in the affective domain. To the best of our
knowledge, this work comprises a first application of LVQ to the particular affective
challenges at hand. Applied to these three real world scenarios, RSLVQ showed its
robustness and very competitive predictive performance as affective classifier, com-
peting well with GMLVQ and linear SVM. To that end, three datasets were collected
using different input modalities, that approached affective computing from three
perspectives:
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Bodily A large-scale study was performed in which skin conductance, respiration
and electrocardiogram were measured in semi-controlled conditions. A large va-
riety of features was derived from each of these modalities. Classifiers were built
using uni- and multi-modal input. Using LVQ techniques, we obtained up to 86.7%
accuracy and AUC of 0.95 in the two-class classification task to separate stress from
relaxation. Relevance learning was used to identify the most informative features,
indicating that most information was embedded in the cardiac signals primarily in
time-domain HRV measures. In addition to commonly used features, we also ex-
plored various novel features, of which the very-high frequency band of the power
spectrum was found to be a very relevant addition. Best performing algorithms
were GMLVQ, RSLVQ and linear SVM, of which the performance differences were
within percentage points.

Facial A benchmark dataset, the Cohn-Kanade database, was used to build clas-
sifiers for facial expression recognition, based upon LBP features that reflect local
textures from still images. The feature space was characterized by its large dimen-
sionality. Linear SVM performed best with accuracies up to 94.5% for 6-class and
93.2% for 7-class classification, closely followed by RSLVQ. Implicit relevances ob-
tained from RSLVQ provided insight into the most prominent features, which origi-
nated, primarily, from the mouth region and eye regions. The specific LBP features
that were found most influential within these regions confirmed that mouth ope-
ning/closing is a primary differentiator picked up by the classifier.

Cognitive The cognitive processes involved in the emotional interpretation of sti-
muli is termed appraisal. Several appraisal models have been coined that define
several dimensions of emotional appraisal. We set up a study in which emotions
were elicited and accompanying appraisal values determined. In a 5-class classifi-
cation task, RSLVQ and SVM performed similarly well with accuracies up to 54.5%
and Cohen’s Kappa of 0.42. Compared to the earlier applied technique of class con-
ditional means, this showed a gain of 5 percentage point in accuracy and 0.05 in
Kappa. Applied to this noisy dataset GMLVQ performed relatively poorly at a level
similar to that of GLVQ.

Observations made over the three experiments include that GLVQ and GRLVQ
suffered from stability issues similar to the simulated environment. RSLVQ and li-
near SVM performed similarly well at performance levels close to or beyond the
state of art. GMLVQ performed poorly in a very noisy environment, but very well
in the relatively easier classification tasks. The computational costs involved in re-
levance learning, however did not allow for the application of GMLVQ to the facial
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emotion dataset.

For each of the three affective domains we outlined potential applications and
demonstrators. These include the Vitality Bracelet, which monitors daily stress le-
vels through skin conductance measurements, triggers in case of high stress and
provides a paced breathing exercise to let the user calm down; the facial expression
recognition was applied to various iconic faces to reveal the emotions displayed in
the Mona Lisa, by Bill Clinton and Albert Einstein; and usage of the cognitive ap-
praisal model was explored in the Empathic Photo Frame that displays pictures to
match a desired emotion while using representations of both pictures and emotions
in the space spanned by the appraisal dimensions.

8.1 Outlook

The following topics have been identified for future work:

• Although in our experiments we made steps to move the affective research
from the lab to more daily life situations, the conditions in our experiments
were still semi-controlled. It would be interesting to see how the classifiers
trained and the results found translate to even less controlled, daily life situa-
tions.

• Very high dimensional spaces such as the dataset for facial emotion recog-
nition pose their challenges for the more computational expensive relevance
learning LVQ. Despite our efforts in optimization of the implementation of
GMLVQ and GRLVQ these techniques took significant time for such very high
dimensional classification problems. Further code optimization or the use of
more powerful computers would enable the application of relevance learning
in LVQ on very high dimensional datasets.

• We have outlined demonstrator systems for the three affective subdomains
researched in this thesis. Further validation and optimization of these systems
in a daily life setting could bring these applications closer to productization.

In sum this thesis provides useful results for further investigations of the appli-
cation of LVQ methods to the affective domain and brings us one step closer to the
application of affective computing in daily life.
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Samenvatting

Dit proefschrift bestudeert verschillende Lerende Vector Quantisatie (LVQ) al-
goritmen in een gesimuleerde omgeving. Het gebruikte model, bestaande uit

hoog dimensionale isotropische centra, maakt een gedetailleerde studie van de dy-
namica van het leerproces mogelijk. De resultaten geven aan dat LVQ 2.1 asymp-
totisch optimaal kan presteren ondanks het optreden van stabiliteitsproblemen ver-
oorzaakt door divergerende prototypes. Toevoeging van een venster, in LFM-W, le-
vert convergerende prototypes mits de grootte van het venster goed gekozen wordt.
De methode wordt daardoor echter wel meer afhankelijk van parameterkeuze voor
het behalen van optimale prestaties. Waar GLVQ last heeft van zowel divergentie
als van afhankelijkheid van parameterkeuze, combineert RSLVQ de voordelen en is,
zoals de naam suggereert, robuuster met betrekking tot de keuze van parameters.
Met beperkte parameteroptimalisatie bereikt RSLVQ nagenoeg optimale asympto-
tische prestaties. De leersnelheid van RSLVQ is echter wel sterk afhankelijk van de
venstergrootte.

Affectieve informatica omvat het toepassen van computers in het bestuderen van
emoties, stemmingen, stress en andere affectieve fenomenen. Ondanks dat affect al
geruime tijd in de psychologie wordt bestudeerd, staat de affectieve informatica nog
relatief in de kinderschoenen en biedt nog altijd interessante uitdagingen aan de in-
formatica, vooral als toepassingsgebied van zelflerende systemen. Naast eerder ge-
noemde gecontroleerde omstandigheden, hebben wij de prestaties van LVQ bestu-
deerd in toepassingen op verschillende affectieve classificatietaken. Voor zover wij
weten, zijn wij de eersten die LVQ hebben toegepast op drie affectieve uitdagingen
uit het dagelijks leven. RSLVQ toonde ook hier robuustheid en presteerde goed als
affectieve classificator, evenals GMLVQ en SVM. Deze resultaten werden behaald
na toepassing op affectieve informatie vanuit de volgende drie perspectieven:

Lijf In een grootschalige studie zijn huidgeleiding, ademhaling en hartactiviteit
gemeten in semi-gecontroleerde omstandigheden. Een verscheidenheid aan ken-
merken uit deze signalen werd gebruikt als invoer voor de classificatoren die zowel
op uni- als op multimodale invoer getraind zijn. De LVQ technieken behaalden tot
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87.6% accuratesse en een oppervlakte onder de ROC-curve van 0.95 in het onder-
scheiden van stress van relaxatie als tweeklasse-probleem. Relevantie-leermethoden
gaven aan dat de meeste informatie voor deze taak in het hartsignaal gevonden
werd, met name in de tijdsdomein hartslagvariatiekenmerken. Naast veelgebruikte
kenmerken, hebben we ook enkele nieuwe bestudeerd, waarvan hartslagvariatie in
het zeer-hoge frequentiegebied een zeer waardevolle aanvulling bleek te zijn. De
best presterende algoritmen op deze taak waren GMLVQ, RSLVQ en lineaire SVM.
Onderling verschilden de prestaties slechts enkele procentpunten.

Gelaat We hebben een classificator voor herkenning van gelaatsuitdrukkingen ge-
maakt op basis van LBP kenmerken, die lokale textuur van foto’s representeren.
Lineaire SVM presteerde het best, met een accuratesse van 94.5% in geval van 6
klassen en 93.2% in geval van 7 klassen, op de voet gevolgd door RSLVQ. De impli-
ciete relevanties, gevonden middels RSLVQ, gaven inzicht in de meest belangrijke
kenmerken, die voornamelijk van de mond- en oog-regio’s bleken te komen. De be-
langrijkste LBP kenmerken uit deze regio’s bevestigen dat het openen/sluiten van
de mond de belangrijkste differentiator is die de classificator geleerd heeft.

Brein De cognitieve processen die betrokken zijn bij de emotionele interpretatie
van stimuli, worden beschreven in theorieën van cognitieve beoordeling. Er bestaan
verschillende cognitieve beoordelingsmodellen die emotionele interpretatie uitsplit-
sen op verschillende dimensies. In onze studie hebben we emoties opgewekt en de
waarden van bijbehorende beoordelingsdimensies gemeten. In de classificatie van
5 emotieklassen presteerden RSLVQ en SVM even goed met een accuratesse van
54.5% en Cohen’s Kappa van 0.42. In vergelijking met een eerder gepubliceerde stu-
die is dat een 5 procentpunt hogere accuratesse en een 0.05 hogere Kappa. Door de
ruis in deze dataverzameling presteerde GMLVQ minder goed, op het niveau van
GLVQ.

Wanneer we de drie experimenten vergelijken, zien we dat GLVQ en GRLVQ last
hebben van stabiliteitsproblemen, net als in de gesimuleerde omgeving. RSLVQ en
lineaire SVM presteerden op of boven het niveau van bestaande studies. GMLVQ
presteerde slecht in een omgeving gekenmerkt door veel ruis, maar zeer goed in
de relatief makkelijker classificatietaken. De rekenkosten die gepaard gaan met het
leren van relevanties in LVQ waren helaas te groot om GMLVQ toe te passen op de
classificatie van gelaatsuitdrukkingen.

Voor ieder van de drie bovengenoemde affectieve domeinen hebben we po-
tentiële toepassingen en prototypes beschreven. De Vitaliteitsarmband meet in het
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dagelijks leven stressniveaus middels huidgeleiding en geeft een signaal in geval
van hoge stress, waarop een begeleide ademhalingsoefening wordt aangeboden met
als doel de gebruiker te kalmeren. De gelaatsuitdrukkingsherkenning werd toege-
past op verschillende iconische gezichten waaronder de Mona Lisa, Bill Clinton en
Albert Einstein. De Empatische Fotolijst laat foto’s zien die passen bij een gewenste
emotie en gebruikt daarbij representaties van de foto’s, alsmede emoties in de wis-
kundige ruimte, die opgespannen wordt door de affectieve beoordelingsdimensies.
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