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Abstract Given the importance of implicit communica-
tion in human interactions, it would be valuable to have
this capability in robotic systems wherein a robot can
detect the motivations and emotions of the person it is
working with. Recognizing affective states from physi-
ological cues is an effective way of implementing implicit
human-robot interaction. Several machine learning
techniques have been successfully employed in affect-
recognition to predict the affective state of an individual
given a set of physiological features. However, a sys-
tematic comparison of the strengths and weaknesses of
these methods has not yet been done. In this paper, we
present a comparative study of four machine learning
methods—K-Nearest Neighbor, Regression Tree (RT),
Bayesian Network and Support Vector Machine (SVM)
as applied to the domain of affect recognition using
physiological signals. The results showed that SVM gave
the best classification accuracy even though all the
methods performed competitively. RT gave the next best
classification accuracy and was the most space and time
efficient.
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1 Introduction

There has been a steady progress in the field of
intelligent and interactive robotics over the last two
decades ushering in a new era of utilitarian autono-
mous systems. Personal and service robots will soon be
seen at homes, offices, classrooms, hospitals, and fac-
tories. They will guard the premises, vacuum the
floors, keep a watch over children, make photocopies,
serve as ‘‘personal assistants,” and in general help
make our lives more comfortable. The recent “World
Robotics 2004 survey [1] states “In the long run,
service robots will be everyday tools for mankind”. It
also reports that over 600,000 household robots were
in use by the end of 2003, a number that is anticipated
to exceed 4 million units by 2007. As robots and
people begin to co-exist and co-operatively share a
variety of tasks, ‘“‘natural” human-robot interaction
that resembles human—human interaction is becoming
an increasingly important aspect of robots. Reeves and
Nass [2] in their counterintuitive yet outstanding work
have already shown that people’s interactions with
computers, TV and similar machines/media are fun-
damentally social and natural, just like interactions in
real life.

Human interactions are characterized by explicit as
well as implicit channels of communication. While the
explicit channel transmits overt messages, the other
one transmits implicit messages about the communi-
cator. Ensuring sensitivity to the other party’s emo-
tions is one of the key tasks associated with the
second, implicit channel [3]. In making robots respond
naturally and sociably to humans implies that robots
should have a degree of sensibility to human emotions
and temperaments. It has been shown previously that
emotions aid in perception, understanding and intelli-
gent behavior [4]. Therefore, endowing robots with a
degree of emotional intelligence should permit more
meaningful and natural human-robot interaction. The
potential applications of robots that can detect a



person’s affective states and interact with him/her
based on such perception are varied and numerous.
Whether it is the domain of personal home aids that
assist in cleaning and transportation, toy robots that
engage and entertain kids, professional service robots
that act as assistants in offices, hospitals, and muse-
ums, or the search, rescue and surveillance robots that
accompany soldiers, and fire-fighters—this novel as-
pect of human-robot interaction will impact all of
them.

While the earliest social robots were developed in
1940s [5], work in the area of emotion recognition by
robots has gained grounds only in the last decade.
Various modalities such as facial expression, vocal
intonation, gestures, and postures can be utilized to
determine the underlying emotion of a person interact-
ing with the robot [6, 7]. An exhaustive survey of affect-
detection based on vision and speech is provided in a
work by Pantic et al. [§]. Physiology is yet another
effective way of estimating the emotional state of a
person and is being actively used by several research
groups. In psychophysiology (the branch of psychology
that is concerned with the physiological bases of psy-
chological processes), it has been generally agreed on the
fact that emotions and physiology (biological signals
such as heart activity, muscle tension, blood pressure,
skin conductance etc.) are closely intertwined and one
influences the other. Affective computing methods are
now being enthusiastically applied to human—computer
interaction and other domains such as driving, flying,
and machine operation [9-12]. However, the application
of this technique in the robotics domain is relatively less
[13].

In the previous research works in emotion recog-
nition, changes in emotions have been considered ei-
ther along a continuous dimension (e.g., valence and
arousal) or among discrete states. Various machine
learning and pattern recognition methods have been
applied for determining the underlying affective state
from cues such as facial expressions, vocal intonations,
and physiology. Fuzzy logic [14], K-Nearest Neighbor
(KNN) algorithm [15], linear and nonlinear regression
analysis [16], discriminant analysis [17], and combina-
tion of Sequential Floating Forward Search and
Fisher Projection methods [18] have been used in the
past to infer affective states. Apart from the above-
mentioned methods neural networks [19], Bayesian
classification methods [20], Hidden Markov Model
[21], and Dynamic Decision Network [22] have also
been used.

Even though several methods have been successfully
employed to build affect recognizers from physiological
indices, a systematic comparison of various meth-
ods—their strengths and weaknesses has not been pos-
sible largely because of the following points of diversity
in each study:

(a) Definition of emotion—discrete or continuous
(b) Nature of physiological features used
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(¢) Manner of self-reporting to get subjective affective
states of participants
(d) Baselining techniques used

Given these diversities, it is hard to find a common
ground for comparing methods and analyzing their
merits. This paper makes an attempt to investigate the
performance of four popular machine learning meth-
ods—KNN, Regression Tree (RT), Bayesian Network
(BNT) and Support Vector Machine (SVM), when ap-
plied to the domain of affect recognition using physio-
logical indices. All the methods were tested using the
same physiological data from the same tasks, hence
attaining uniformity in the various aspects of emotion
elicitation, data processing, feature extraction, baselin-
ing, and self-reporting procedures.

Figure 1 shows an overview of the method. The input
feature set was derived from physiological signals after
the application of a series of pre-processing and signal
analysis techniques. The output set was derived from the
self-report of the participant. Each vector of input fea-
tures had a corresponding output vector consisting of
self-report for all the affective states. This data set was
utilized for all four machine learning techniques.

The next step in this research would be to imbed the
affect-recognizer in a robot’s existing functionality so
that it can be responsive to the affective states of the
people it works with. This leads to a new set of research
issues regarding robot control architecture for behavior
switching and performance metrics for systematic eval-
uation. This paper does not deal with those aspects but
regards it as the next phase in the development of an
implicit human-robot interaction framework that will
be covered in our future works.
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Fig. 1 Method overview
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The paper is organized as follows: Sect. 2 describes
the existing methods that are used for classifying affec-
tive states based on physiology and their respective
accuracies. A brief description of the physiological sig-
nals and the features derived from these signals em-
ployed for affect recognition are presented in Sect. 3.
The particulars of cognitive tasks designed for affect
elicitation are described in Sect. 4. The details of
experimental setup are presented in Sect. 5. In Sect. 6, we
describe the four methods that have been employed in
this empirical study—KNN, RT, BNT and SVM. This is
followed by the results and discussion in Sect. 7. Finally,
Sect. 8 summarizes the contributions of the paper and
provides important conclusions.

2 Existing methods and classification accuracies

Several researchers in human—machine interaction have
focused on physiology-based affect-recognition. Picard
et al. [18] have employed a combination of Sequential
Floating Forward Search and Fisher Projection methods
to classify eight emotions with 81% accuracy. KNN,
Discriminant Function Analysis, and Marquardt Back-
propagation algorithms were applied to differentiate
among six emotions by Lisetti and Nasoz [23] and the
correct classification accuracies—71, 74, and 83% were
achieved, respectively. Artificial Neural Network has
also been used to assess the mental workload and the
mean classification accuracies were 85, 82, and 86% for
the baseline, low task difficulty and high task difficulty
conditions, respectively [24]. SVMs based emotion-rec-
ognizers have also been investigated in [25, 26], where
correct classification accuracies of 78.4, 61.8, and 41.7%
were reported for the reorganization of three, four and
five emotions, respectively.

3 Physiological signals and features for affect
recognition

There is good evidence that the physiological activity
associated with affective state can be differentiated and
systematically organized. The transition from one emo-
tional state to another, for instance, from state of
boredom to state of anxiety is accompanied by dynamic
shifts in indicators of Autonomic Nervous System
(ANS) activity. The physiological signals we examined
are: various features of cardiovascular activity, including
interbeat interval, relative pulse volume, pulse transit
time (PTT), heart sound, and pre-ejection period (PEP);
electrodermal activity (tonic and phasic response from
skin conductance) and electromyogram (EMG) activity
(from corrugator supercilii, zygomaticus, and upper
trapezius muscles) [27]. These signals were selected be-
cause they (1) are shown to capture important infor-
mation about the underlying targeted affective states, (2)
can be measured non-invasively; and (3) are relatively
resistant to movement artifacts.

Multiple features (as shown in Table 1) were derived
for each physiological measure. Some of these features
are described in our previous work [28]. “Sym™ is the
power associated with the sympathetic nervous system
activity of the heart (in the frequency band 0.04—
0.15 Hz.). “Para” is the power associated with the
heart’s parasympathetic nervous system activity (in the
frequency band 0.15-0.4 Hz.). “VLF” is the power
associated with the Very Low Frequency band (less
than 0.04 Hz.). InterBeat Interval (IBI) is the time
interval in milliseconds between two “R’ waves in the
ECG waveform in millisecond. IBI ECGc., and IBI
ECG,yq are the mean and standard deviation of the
IBI. Photoplethysmograpm signal (PPG) measures
changes in the volume of blood in the finger tip asso-
ciated with the pulse cycle, and it provides an index of
the relative constriction versus dilation of the blood
vessels in the periphery. PTT is the time it takes for the
pulse pressure wave to travel from the heart to the
periphery, and it is estimated by computing the time
between systole at the heart (as indicated by the R-
wave of the ECG) and the peak of the pulse wave
reaching the peripheral site where PPG is being mea-
sured. Heart Sound signal measures sounds generated
during each heartbeat. These sounds are produced by
blood turbulence primarily due to the closing of the
valves within the heart. The features extracted from the
heart sound signal consisted of the mean and standard
deviation of the third, fourth, and fifth level coefficients
of the Daubechies wavelet transform. Bioelectrical
impedance analysis (BIA) measures the impedance or
opposition to the flow of an electric current through
the body fluids contained mainly in the lean and fat
tissue. A common variable in recent psychophysiology
research, PEP derived from impedance cardiogram
(ICG) and ECG measures the latency between the
onset of electromechanical systole, and the onset of
left-ventricular ejection and is most heavily influenced
by sympathetic innervation of the heart. Electrodermal
activity consists of two main components—Tonic re-
sponse and Phasic response. Tonic skin conductance
refers to the ongoing or the baseline level of skin
conductance in the absence of any particular discrete
environmental events. Phasic skin conductance refers to
the event related changes that occur, caused by a
momentary increase in skin conductance (resembling a
peak). The EMG signal from corrugator supercilii
muscle (eyebrow) captures a person’s frown and detects
the tension in that region. It is also a valuable source of
blink information and helps us determine the blink
rate. The EMG signal from the zygomaticus major
muscle captures the muscle movements while smiling.
upper trapezius muscle activity measures the tension in
the shoulders, one of the most common sites in the
body for developing stress.

Various signal processing techniques such as Fourier
transform, wavelet transform, thresholding, and peak
detection, were used to derive the relevant features from
the physiological signals. All these features are powerful



Table 1 Physiological indices
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Physiological response Features derived Label used Unit of measurement
Cardiac activity Sympathetic power (from ECG) Sym Unit/square second
Parasympathetic power (from ECG) Para Unit/square second
Very low frequency power (from ECG) VLF Unit/square second
Ratio of powers Sym para No unit
Para VLF
Sym VLF
Mean IBI IBI ECGpean Milliseconds
Std. of IBI IBI ECGyy Standard deviation (no unit)

Heart sound

Bioimpedance

Electrodermal activity

Electromyographic activity

Temperature

Mean amplitude of the peak values of the PPG
signal (Photoplethysmogram)

Standard deviation (Std.) of the peak values
of the PPG signal

Mean pulse transit time

Mean of the third, fourth, and fifth level
coefficients of the Daubechies wavelet transform
of heart sound signal

Standard deviation of the third, fourth, and fifth
level coefficients of the Daubechies wavelet
transform of heart sound signal

Mean pre-ejection period

Mean IBI

Mean tonic activity level

Slope of tonic activity

Mean amplitude of skin conductance response
(phasic activity)

Maximum amplitude of skin conductance
response (phasic activity)

Rate of phasic activity

Mean of corrugator supercilii activity

Std. of corrugator supercilii activity

Slope. of corrugator supercilii activity

Mean interbeat interval of blink activity

Std. of interbeat interval of blink activity

Mean amplitude of blink activity

Standard deviation of blink activity

Mean of zygomaticus major activity

Std. of zygomaticus major activity

Slope of zygomaticus major activity

Mean of upper trapezius activity

Std. of upper trapezius activity

Slope of upper trapezius activity

Mean and median frequency of corrugator,
zygomaticus and trapezius

Mean temperature
Slope of temperature
Std. of temperature

PPG Peak,can

PPG Peakyy

Micro volts

Standard deviation (no unit)

PTTean Milliseconds

Mean d3 No unit

Mean d4

Mean d5

Std d3 No unit

Std d4

Std d5

PEP,can Milliseconds

IBI ICGpcan Milliseconds

ToniCyean Micro-siemens
Tonicggpe Micro-siemens/second
Phasiccan Micro-siemens
Phasicp,,« Micro-siemens

Phasic Response peaks/second
CoT'mean Micro volts

Corgg Standard deviation (no unit)
Corgope Micro volts/second

IBI Blink,,.,,
IBI Blinkgq
Amp Blinkean
Blinkgq

Milliseconds
Standard deviation (no unit)
Micro volts
Standard deviation (no unit)

Zygmean Micro volts

Zygya Standard deviation (no unit)
ZY84iope Micro volts/second
Trapmean Micro volts

Trapgaq Standard deviation (no unit)
Trapgiope Micro volts/second
Zfreqmean Hertz

Cfreqmedian

Tfreqmean €tc.

Tempmean Degree centigrade

Tempgiope Degree centigrade/Second
Tempgg Standard deviation (no unit)

indicators of the underlying affective state of the person
showing this response. We have exploited this depen-
dence of a person’s physiological response on affect to
detect and identify affective states of anxiety, engage-
ment, boredom, frustration and anger in real-time using
advanced signal processing techniques.

One of the prime challenges with affective computing
is the phenomena of person stereotypy, i.e., within a
given context, different individuals express the same
emotion with different characteristic response patterns.
For each of the 15 participants here were distinct
physiological indices that showed high correlation with
each affective state. Any feature with an absolute cor-
relation greater than equal to 0.3 with a given affective

state was considered significant and was selected as in-
puts of the classifiers. Feature selection was performed
in a person-specific manner. For each participant, a set
of features that were highly correlated with his/her dif-
ferent affective states were chosen. So there were five
feature sets corresponding to the five affective states per
participant. For example when performing anxiety
classification of participant 6 using a given classification
technique, the feature set consisting of a subset of the
entire feature set that was highly correlated with Par-
ticipant 6’s reported anxiety was chosen. Affect-recog-
nition was performed utilizing two types of feature
sets—(1) the entire feature set and, (2) the correlated
feature set, respectively.
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4 Cognitive task for affect elicitation

Two PC based cognitive tasks were designed to elicit the
above mentioned affective states in the participants.
Physiological data from participants were collected
during the experiment.

The aim of the tasks was to invoke in the participants
varying intensities of the following five affective states:
engagement, anxiety, boredom, frustration, and anger.
The tasks chosen were solving anagrams and playing
Pong. The anagram solving task has been previously
employed to explore relationships between both elec-
trodermal and cardiovascular activity with mental anx-
iety [29]. Emotional responses were manipulated in this
task by presenting the participant with anagrams of
varying difficulty levels. A long series of trivially easy
anagrams caused boredom, an optimal mix of solvable
and difficult anagrams caused engagement, unsolvable
or extremely difficult anagrams elicited frustration, and
giving time deadlines generated anxiety. All these con-
ditions were well tested during the task design and
piloting stage.

The Pong task consisted of a series of trials each
lasting up to 4 min, in which the participant played a
variant of the early, classic video game ‘“Pong”. This
game has been used previously by researchers to study
anxiety, performance, and gender differences [30]. Vari-
ous parameters of the game were manipulated to elicit
the required affective responses. These included: ball
speed and size, paddle speed and size, sluggish or over-
responsive keyboard, and random keyboard response.
Low speeds and large sizes of ball and paddle made
games boring after a while, whereas high speed ball and
paddle along with smaller sizes of the two made the
game engaging. Very high speeds caused anxiety at
times. Sluggish or over-responsive keyboard induced
frustration and anger. The relative difficulties of various
trial configurations were established through pilot work.

Each participant took part in six sessions (on six
different days) of the above two tasks—three 1 h ses-
sions of solving anagrams and three 1 h sessions of
playing Pong. These task tasks spanned a period of
1 month. In each session, before starting the actual
tasks, a 10-min baseline recording was done which was
used later to offset day-variability.

5 Experimental setup

The objective of the experiment was to elicit varying
intensities of emotional states in participants as they
performed computer-based cognitive tasks. Fifteen
participants (eight women and seven men) took part in
the experiment. Their age range was from 21 to 57 years.
After initial briefing regarding the computer tasks, sen-
sors were attached to the participant’s body. Each ses-
sion consisted of 3 min epochs (for anagram tasks)
and up to 4 min epochs (for Pong tasks), each epoch

followed by a questionnaire for self-reporting. The
participants reported assessment of their own affective
states via self-reports. During the tasks, the participant’s
physiology was monitored with the help of wearable
biofeedback sensors and Biopac data acquisition system
(http://www.biopac.com). The digitally sampled sensor
information was sent to the computer using an Ethernet
cable. The signals monitored consisted of electrocar-
diogram, bio-impedance, electromyogram (from the
corrugator, zygomaticus and upper trapezius muscles),
electrodermal activity, peripheral temperature, blood
volume pulse, and heart sound.

During the experiment, a total of 15 datasets were
collected (1 for each participant). Each data set con-
sisted of 46 input features and 5 output affective
states—engagement, anxiety, boredom, frustration, and
anger. Each output state had three classes—Ilow, medium,
and high. These three levels for each affective state were
obtained by discretizing the output. The self-reports were
normalized to [0, 1] and then discretized such that 0-0.33
was labeled low, 0.34-0.67 was medium and 0.68—1.0 was
labeled high. All the five affective states were discretized
separately so that there were three levels in each affective
state. Classifications were performed on each affective
state individually using each of the four methods. Each
dataset contained approximately 100 epochs.

6 Machine learning methods applied

Determining the intensity (high, medium, low) of a
particular affective state from the physiological response
resembles a classification problem. In this classification
problem, the attributes are the physiological features
and the target function is the degree of arousal. Devel-
oping such an affect recognition system was challenging
because of the physiological data sets being complex.
The complexity was primarily due to the (1) inherent
noise in the physiological signals (e.g., movement arti-
facts, day variability) (2) high dimensionality (There are
currently 46 features and this will increase as the number
of affect detection modalities increases.), (3) mixture of
data types, and (4) non-standard data structures. In this
paper we have employed the following four methods to
determine the underlying affective state of an individual
given a set of physiological indices under the same
operating conditions—KNN, RT, BNT and SVM. All
of these methods have distinctive characteristics that
make them good candidates for this empirical compar-
ison. KNN is a widely used instance-based learning
method that scores high on simplicity. RT is a popular
inductive inference learning method that has a built-in
feature selection capability. BNT has the distinct
advantage of uncovering causal relationships among
attributes, hence providing added knowledge regarding
the problem domain. SVM is supported by statistical
learning theory and usually shows good generalisation
performance.



6.1 K-Nearest Neighbor classifier

K-Nearest Neighbor computes the similarity between
the test instance and the training instance. It finds out
the category that the test instance is most similar by
considering the k top-ranking nearest instances.

In this work, similarity score summing method was
used to assign the test instance X to the class with the
maximal sum of similarity score:

C(X)= arg max Sim (X, X;)y(X), cm) (1)
X;eKNN

where X; is one of the k neighbors in the training set,

y(X;, ¢,y) € (0, 1) indicates whether X; belongs to class

¢, and Sim(X, X)) measures the similarity between X

and X;.

The similarity value between two instances is based
on a distance metric. The Euclidean distance metric was
used here. In order to select appropriate value of k,
Monte Carlo simulations were performed by minimizing
the leave-one-out cross-validation error. KNN is sensi-
tive to the noisy and irrelevant features. To cope with
this problem we employed a correlation based feature
selection approach to avoid the irrelevant features.

6.2 Regression Tree

A RT takes as input a situation or an object character-
ized by a set of properties and outputs a decision [31].
Each node corresponds to a test of one input feature and
the branches that emerge from that node are possible
test result values (positive and negative). The terminal or
leaf nodes represent the value of the decision that will be
returned if that node is reached. Classification And
Regression Trees (CARTs) have been extensively ap-
plied in the medical field. Important applications in-
clude: diagnosing heart attacks, cancer diagnosis, speech
recognition, and classification of age by gait measure-
ment [32, 33].

The RT creation begins by choosing the best feature to
split the examples. The best feature is the one that
changes the classification the most. Two primary issues
exist, (1) choosing the best feature to split the examples at
each stage, and (2) avoiding data overfitting. Many dif-
ferent criteria could be defined for selecting the best split
at each node. In this work, the Gini Index function was
used to evaluate the goodness of all the possible split
points along all the features [31]. Trees were pruned based
on an optimal pruning scheme that first pruned branches
that gave the least improvement in error cost. Pruning
was performed to remove the redundant nodes since
bigger, overfitted trees have higher misclassification rates.

6.3 Bayesian Networks

Bayesian Networks apply probability and belief theory
to build graphical models that encode probabilistic
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relationships among events of significance. It is a di-
rected acyclic graph that consists of two main com-
ponents: (1) a network structure that encodes a set of
conditional independence relations amongst a set of
variables, and (2) a set of tables of local probability
distributions associated with each variable. Together,
these components define the joint probability distribu-
tion of the variables. Such a graphical model along
with statistical techniques can be a powerful tool for
data analysis [34]. Some of the main advantages are: (1)
since the model encodes dependencies among all the
events, it can handle cases when some data entries are
missing, (2) knowledge of causal relationships between
events can be gained, that enables one to better
understand a problem domain and predict the results
of unexpected events, (3) the Bayesian model is an ideal
one for combining prior knowledge (which often comes
in causal form) and data since it captures well both the
causal and probabilistic characteristics of a problem
domain.

Given all the above mentioned advantages of
Bayesian classification, it can be seen that this method is
a potent technique to learn and classify affective patterns
of human beings. Several researchers have already used
Bayesian techniques for learning blueprints of affective
states through audio, visual and physiological cues [20].

For creating BNT, in this paper, we used the Max—
Min Hill Climbing Algorithm (MMHC) [35]. It takes as
input an array of data and returns a high scoring BN.
The continuous features were discretized using D2—a
supervised splitting technique based on Entropy [36].
For inference we used the junction tree method provided
by the BNT toolbox (http://www.cs.ubc.ca/~murphyk/
Software/BNT/bnt.html). The technique first compiles
the BNT into a secondary structure called a junction tree
representing joint distributions over non-disjoint sets of
variables. The new evidence is inserted, and then a
message passing technique updates the joint distribu-
tions and makes them consistent. Finally, using mar-
ginalization, the distributions for each variable can be
calculated.

6.4 Support Vector Machines

Support Vector Machine, pioneered by Vapnik [37], is
an excellent tool for classification problems [38]. Its
appeal lies in its strong association with statistical
learning theory as it approximates structural risk mini-
mization principle. Good generalization performance
can be achieved by maximizing the margin, where
margin is defined as the sum of the distances of the
hyperplane from the nearest data points of each of the
two classes.

Support Vector Machine is a linear machine
working in a high dimensional feature space formed
by an implicit embedding of lower dimensional input
data into the feature space through the use of a
nonlinear mapping. This allows using linear algebra
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and geometry to separate the data normally only
separable with nonlinear rules in the input space. To
allow efficient computation of inner products directly
in the feature space and circumvent the difficulty of
specifying the non-linear mapping explicitly, all oper-
ations in learning and testing modes are done in SVM
using so-called kernel functions satisfying Mercer
conditions [37]. The explicit form of the nonlinear
mapping need not be known.

The most distinctive fact about SVM is that the
learning task is reduced to a dual quadratic program-
ming problem by introducing the so-called Lagrange
multipliers [37-39]. The solution with respect to the
Lagrange multipliers gives the optimal hyperplane de-
fined by the nearest training points, support vectors, for
which the corresponding Lagrange multipliers are non-
zero. This induces sparseness in the solution and gives
rise to efficient approaches to optimization.

The SVM approach is able to deal with noisy data
and overfitting by allowing for some misclassifications
on the training set. This makes it particularly suitable
for affect recognition because the physiology data is
noisy and the training set size is often small. In this
work, in order to deal with the nonlinearly separable
data, soft margin classifiers with slack variables were
used to find a hyperplane with less restriction [39]. RBF
was selected as the kennel function because it often
delivers better performance [37]. Although SVM sepa-
rates the data only into two classes, the recognition of
more classes can be done by applying some voting
scheme, e.g., ““one against one’” and ‘“‘one against all”
approaches. We chose ‘“‘one against one” in our task
since it usually produces better results [40]. Grid search
based tenfold cross-validation is used to determine the
parameters of the classifier. With the kernel represen-
tation, SVM provides an efficient technique that can
tackle the difficult, high dimensional affect recognition
problem.

Fig. 2 Classification accuracy
of the methods using all the

features
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7 Results and discussion

7.1 Predictive accuracy

The performance of KNN, RT, BNT and SVM in
classifying unknown instances is shown in Fig. 2. The
method of cross-validation used for all the four methods
was leave-one-out. All of the methods gave competitive
recognition accuracies, which verified our emotion elic-
itation protocol and the principle of emotion recognition
from physiological signals. This was promising consid-
ering that this task was challenging in two respects (1)
the emotions were elicited from participants engaged in
real-life cognitive computer tasks as opposed to having
actors/participants deliberately express a given emotion,
and (2) varying levels of arousal of any given emotion
(for instance low frustration, high frustration) were
identified instead of determining discrete emotions (for
instance anger, joy, sadness etc.). This is a difficult task
as the distinction between target classes is more subtle in
latter than in the former case.

Figure 2 shows that the mean correct classification
accuracies across all participants (averaged across all
affective states) were—75.16% for KNN, 83.50% for
RT, 74.03% for BNT, and 85.81% for SVM. The sta-
tistical significance of the difference in classification
accuracies was tested using the sign-test between any
two methods. It was found that all these differences were
statistically significant with a greater than 95% signifi-
cance level. One of the reasons for the low performance
of KNN is that it does not perform any generalizations
regarding the data set. The inductive bias of KNN
method is that neighboring instances probably have
similar categories. However, when the distance between
two instances is calculated all features are given equal
weight. This becomes problematic when the discrimi-
native or useful features constitute only a small subset of

All Features

KMNN RT
Classification Method

BNT SVM



the entire feature set. Therefore, the accuracy of KNN
method is sensitive to the number of noisy features.

On the contrary, SVM delivers the best performance
because it achieves a trade off between the complexity of
the network and the training error so as to prevent
overfitting. The performance of BNT was probably af-
fected by the following limitations: (1) absence of an
initial structure or set of constraints that could guide the
generation and evaluation of high scoring networks (this
is largely due to the incomplete understanding in psy-
chophysiology regarding the interactions between
physiology and affective states), (2) limited size of data
sets (due to restricted number of human-in-the-loop
experiments that could be performed) that prevented the
estimation of accurate conditional probabilities.

Table 2 shows the performance of the various learn-
ing methods for the five affective states under investiga-
tion. The classifiers have different overall performances
for different kinds of emotions. For example, classifica-
tion accuracy is consistently better for anxiety than for
frustration. One possible reason could be that the task
design resulted in elicitation of particular emotions more
successfully than the others.

7.2 Efficiency

Real-time embedded applications in robotics require
time and space efficiency of the learning algorithms em-
ployed. Hence, we investigated the training speed and
memory requirements of the above four learning meth-
ods in the affect recognition task. The training and test-
ing times were normalized with respect to the RT method
as it was the fastest. It was found that both BNT and
SVM were two times slower in training. In testing, BNT
was 30 times slower whereas SVM and KNN were only 3
times slower. It is expected that with large data sets and
higher number of features, SVM will be faster than KNN
because of the sparse solution that SVM gives. There
were other differences in the approaches of the methods
in general. While BNT and RT did not require any
parameter tuning, in case of KNN and SVM choosing
appropriate parameters was imperative for good results.

Regarding the space efficiency, KNN stores all
training instances and hence, does not extend well to
very large datasets. RT on the other hand, stores only
the index of the relevant features and the corresponding
thresholds. This makes RT easily scalable. BNT stores
the directed acyclic graph along with the conditional
probability table of each node and SVM stores the
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hyperplane. Both BNT and SVM are more space effi-
cient than KNN but less than RT.

7.3 Interpretability

Although RT and BNT do not work as accurately as
SVM, they are still valuable candidates for the affect
recognition. As an inductive learning method, RTs allow
us to identify important physiological indicators and
transfer the learned results into a set of simple rules.
With the capability of capturing the causality among the
physiological features and the affective states in a
probabilistic manner, BNT can provide an insight into
the underlying relationships among physiological fea-
tures and emotions, many of which are still unknown.

7.4 Feature selection

Figure 3 shows the physiological features that were
highly correlated with the state of anxiety for participant
5 and the corresponding correlation of the same features
with the state of anxiety for participant 11. It can be seen
from Fig. 3 that two features—mean of pulse transit time
(PTThean) and mean of temperature (Tempye.n) are
correlated differently for the two participants. While both
are correlated positively with anxiety for participant 11,
they are negatively correlated for participant 5. However,
features like mean interbeat interval of impedance (IBI
Impuean), Sympathetic activity power (Sym) and mean
frequency of EMG activity from zygomaticus major
(Zfreqmean) are similarly related for both participants.

Also, for any individual, the set of useful indices were
different for the different affective states. For instance, as
seen in Fig. 4, the bars in dark indicate the correlation of
features that were found useful in detecting the state of
engagement in participant 5. The bars in light indicate
the correlation of the same features with the state of
anxiety for the same participant and it can be readily
seen that most of the features that are useful in detecting
engagement are not useful in detecting anxiety. This led
us to believe that the classification accuracies of the
above methods might increase if we used only the highly
correlated features instead of the entire set.

Figure 5 shows the new classification accuracy when
only the highly correlated features instead of the entire
feature set were used for affect learning. We performed
sign test to determine statistical significance of the re-
sults with or without feature selection. It was observed

support vectors which determine the discriminant that while the accuracy improved by 3.62% for KNN
Table 2 Classification accuracy
of the methods for the affective Anxiety Boredom Engagement Frustration Anger
states (%)
KNN 80.38 73.92 70.63 70.89 79.98
RT 88.54 77.17 78.82 79.51 93.47
BNT 80.64 71.48 65.26 70.86 81.93
SVM 88.86 84.23 84.41 82.81 88.74
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Fig. 3 Person stereotypy with
respect to the affective state of
anxiety for participants 5 and
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Fig. 4 Comparison between anxiety and engagement for partici-
pant 5

and 3.65% for BNT with a significance level of 95%, the
performance of RT and SVM was not impacted signif-
icantly.

As previously mentioned, KNN is sensitive to noise.
By selecting only the features that were highly correlated
with the target affective state we excluded the less
important features. The distance metric now gave more
concise measure of the similarity between instances
leading to better performance. In case of BNT also there
was an improved performance with selected features.
One conjecture would be that conditioning on many

PTT Sym Zfreq Sym Temp Bl PPG
Mean mean Para mean Blink Peak
mean mean

Physiological Features

variables with the limited data set previously may have
caused poor approximation of the probability values
and also introduced spurious edges. Hence, filtering out
the less significant features improves the BNT perfor-
mance. RT’s performance maintained nearly the same
probably because this method already has an inbuilt
feature selection capability wherein it selects useful fea-
tures by the method of information gain. Correlation
based feature selection in the input space also did not
improve the performance of SVM in this task. SVM
employs nonlinear mappings that result in a high
dimensional feature space. Hence, enforcing linear
relationships by using correlated features may not have
worked well in this situation.

8 Conclusion and future work

A comparative study of the merits of four popular
learning methods as applied to affect detection was
presented. In this work we focused on determining
affective states from physiological signals. We discussed
the nature of the physiological signals and the derived
features from them, that were used for affect recogni-
tion. Two cognitive tasks—solving anagrams and play-
ing Pong, were designed to elicit affective states of
anxiety, engagement, boredom, frustration, and anger in
participants. Fifteen participants took part in this study
where each was involved in the tasks for 6 h. Their
physiology was continuously monitored during the tasks
using biofeedback sensors.

The problem under investigation was as follows: gi-
ven a set physiological features, each labeled as an



Fig. 5 Classification accuracy
of the methods using only the
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indicator of a particular level of arousal of a given
affective state, determine the performance of the fol-
lowing learning methods in predicting the class of un-
seen instances—KNN, RT, BNT, and SVM. There is no
such comparison reported in the literature that uses the
same physiological data from the same tasks, hence
attaining uniformity in the various aspects of emotion
elicitation, data processing, feature extraction, baselin-
ing, and self-reporting procedures. However, such a
comparative study is important for the development of
affect recognition in human-robot interactions. The
contribution of the present work lies in providing a basis
for choice of different affect recognition algorithms.

It was found that SVM with a classification accuracy
of 85.81% performed the best, closely followed by RT
(83.50%), KNN (75.16%) and BNT (74.03%). Using
informative features (the ones that were highly corre-
lated with the affective states) improved the performance
for KNN and BNT by almost 4%. In terms of space and
time efficiency, RT ranked higher than the other meth-
ods.

Future work will involve performing closed-loop
experiments involving implicit human-robot interaction
based on affective states. We will investigate a human—
robot interaction task where the robot will implicitly
sense human affective states using affect recognition
algorithms described here, and alter its behavior in order
to address human need.
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