Contents — SACJ 40

Editorial: It is time for IS to understand its history 1
D LD ROODE

Guest Editorial: Pattern Recognition Special Edition 3
JULES-RAYMOND TAPAMO, ETIENNE BARNARD

Pattern Recognition Special Edition Articles

Evaluating and improving morpho-syntactic classification over multiple corpora using pre-trained, 4
“off-the-shelf”, parts-of-speech tagging tools

KEVIN GLASS, SHAUN BANGAY

Shape from Shading using MRF Optimization with Gibbs sampling with quadruplet cliques 11
MARKUS Louw, FRED NICOLLS

Speech-based emotion detection in a resource-scarce environment 18
O.M. MARTIROSIAN, E. BARNARD

Automatic and Interactive Retinal Vessel Segmentaticn 23
ZYGMUNT L. SzPAK, JULES R. TAPAMO

Robust Fitting of Diurnal Brightness Temperature Cycles 31
G. UDAHEMUKA, B.J. vAN WyK, M.A. VAN Wyk, F. vAN DEN BERGH

Naive Bayesian classifiers for multinomial features: a theoretical analysis 37
H.O. van Dvk, E. BARNARD

Speaker-specific variability of Phoneme Durations 44
C.J. vAN HEErDEN, E. BARNARD

Reviewed Articles

Algorithms for clustering expressed sequence tags: the wed tool b1
ScoTT HAZELHURST

Mobile Communications: User Perception and Practice 63
J.A. OpHOFF, R.A. BOTHA

Investigating affective response and job impact with ERP adoption * 74
LISA F SEYMOUR, J DEWALD ROODE

A feasibility study on the use of ‘smart’ pens in South African teaching and IearnTng environments 83
HANNAH SLAY, INGRID SIEBSRGER, CHERYL HODGKINSON-WILLIAMS

Communications

Letter to the Editor: 40 Years after Garmisch 95

STEFAN GRUNER




18 Reviewed Article — SACJ, No. 40., 2008

Speech-based emotion detection in a resource-scarce environ-
ment

0.M. Martirosian, E. Barnard
Human Language Technologies Research Group, Meraka Institute, CSIR, Pretoria, South Africa

ABSTRACT

We explore the constfiction of a system to classify the dominant emotion in spoken utterances, in a environment where
resources such as labelled utterances are scarce. The research addresses two issues relevant to detecting emotion in speech:
(a) compensating for the lack of resources and (b) finding features of speech which best characterise emotional expression in
the cultural environment being studied (South African telephone speech). Emotional speech was divided into three classes:

active, neutral and passive emotion. An emotional speech corpus was created by naive annotators using recordings of
telephone speech from a customer service call centre. Features were extracted from the emotional speech samples and the
most suitable features Stlected by sequential forward selection (SFS). A consistency check was performed to compensate
for the lack of experienced annotators and emotional speech samples. The classification rate achieved is 76.9%, with a

95% classification rate for active emotion.

KEYWORDS: emotion recognition, resource creation, cultural factors

1 [INTRODUCTION

One of the ways in which companies provide their cus-
tomers with services is through call centres. To per-
form quality control over these call centres, people are
employed to listen to samples of telephone calls from
the call centre and isolate problematic ones. Find-
ing a way to isolate problematic telephone conversa-
tions automatically can increase the efficiency of the
call eentre and allow a company to dedicate more re-
sources to addressing the problem areas found through
these telephone conversations. The design of systems
for this purpose has therefore been a topic of active
research [3, 7].

It makes intuitive sense that the expression of
emotion in speech will, to a greater or lesser de-
gree, depend on the cultural environment in which the
speech occurs. However, this topic has received little
experimental attention — in large part because of the
lack of publicly available speech corpora containing
speech labelled according to emotional content. We
have therefore embarked on a study to find whether
such a labelled corpus can be created efficiently in a
environment where limited resources are available. In
the process, we researched the features of speech which
can be used to characterise the emotional content of
spoken utterances in a particular resource-scarce en-
vironment, namely South African telephone-recorded
speech.

In line with the call-centre application mentioned
above, the goal was to find features which can be used
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to classify emotions into groups which would be help-
ful when problematic telephone conversations need to
be isolated. This study investigates the use of sev-
eral global statistical features of speech utterances be-
fore selecting an optimal set which achieves the high-
est classification rate between the emotional classes.
Emotions were sorted into three classes: active emo-
tion, passive emotion and neutral. Active emotion en-
compasses emotions which are expressed with energy
such as anger, happiness and frustration; passive emo-
tion encompasses sadness and disappointment, and
neutral encompasses speech with a negligible amount
of emotional content..«

Because a study on the expression of emotion in
speech has not been done in the South African cul-
ture, emotional speech data was not available. A cor-
pus was collected from recordings of telephone calls
to a customer service ¥entre, and these recordings
were labelled by two naive annotators. An algorithm
was designed to act as a consistency measure, which
acts as partial compensation for the lack of more so-
phisticated approaches to annotation which are typi-
cally employed in more resource-rich environments (3].
This algorithm acts as a filter, selecting the emotional
speech samples that are consistent with most other
samples in their emotional class and discarding those
samples that are not.

In Section 2 we summarise some of the existing
research on emotion recognition, including annotation
standards. Section 3 describes the speech corpus em-
ployed, and Section 4 describes the methodology em-
ployed. Our results are summarised in Section 5.
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2 BACKGROUND

The design of a system that is capable of detecting
emotion in speech can be divided into four sub-tasks:
how emotional speech is collected from people, the an-
notation of an emotional speech corpus, the features
used to discriminate between emotions and the classi-
fier used for the classification of emotional speech.

This study was centred on performing detection
of natural emotion in speech. Natural emotion in
speech occurs when a person expresses an emotion
through speech without the emotion being elicited or
acted. Acted and elicited emotions can be recorded in
isolation and with the emotions selected in advance.
Acted emotional speech is collected by recording ac-
tors speaking with emotions. Acted speech has high
emotive content and arousal [7]. However, systems
which are trained on acted speech do generally not
perform well in real world-situations [3, 7]. Elicited
emotional speech is collected by using 2 mood induc-
tion procedure called the Velten method [9]. People
are asked to read a group of sentences which grow in
emotional content, thereby inducing the correct mood
in the reader. Natural emotions can only be found in
spontaneous speech and thus cannot be recorded in a
targeted fashion — rather, sound samples have to be ex-
tracted from existing conversations and the emotional
label of that utterance deduced from the content [3].

Given the lack of resources available in our
developing-world context, we used naive annotators
for the collection and annotation of an emotional
speech corpus. If following emotion annotation stan-
dards [4] in order to keep labelling consistent between
different annotators and the same annotator at differ-
ent times, much time and effort is required from anno-
tators. This study explores the possibility of compen-
sating for lack of experienced and trained annotators
and annotation techniques through the use of a con-
sistency checking algorithm. Two naive annotators
were used in this study, with no manual consistency
checking. However, once the corpus was populated,
an automatic consistency check was executed on the
data to discard inconsistent samples.

The features used in order to detect emotion in
speech are a topic of active research. One must select
the features that discriminate the most between dif-
ferent emotional classes. Several studies have found
that features derived from the pitch contour are use-
ful in this regard. The pitch contour is induced by
the glottal waveform, which depends on the tension
of the vocal folds and the sub-glottal air pressure [7].
The glottal volume velocity changes as different emo-
tions are expressed in speech. It has been found to
be one of the most reliable features to be used for
emotion recognition [1]. The formants of a speech sig-
nal are a way of quantitatively describing the vocal
tract. They can be used to differentiate well articu-
lated speech fram loosely articulated speech. A person
under stress or depression does not articulate voiced
sounds as well as they do when they are not experienc-
ing emotion [7]. It has been shown that the first and
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second formants are affected by emotional states more
than all the other formants. Other features that have
been found useful in discriminating between emotions
include features derived from the energy contour of
an utterance, since the energy (or amplitude) pattern
also conveys the arousal level of emotions in speech
[7, 1].

The correct features for emotion detection will
play a crucial role in obtaining satisfactory classifi-
cation accuracy, and we suspect that the appropriate
features depend on the environment (linguistic and
cultural) in which the speech is collected. Some fea-
tures may be detrimental to the emotion detection
process. Sequential forward selection (SF S) can be
used to determine the most suitable features to be
used in classification [1]. This method is neverthe-
less not always needed. Bhatti, Wang end Guan 1]
found that, with 17 features, SFS gives an improve-
ment of only 3% in their recognition rate. However,
Ververidis and Kotropoulos [8] used SFS to select ten
out of eighty seven features to classify the emotional
speech best.

The classifier used to classify emotions in this
study was a neural network. Studies [6, 1] have found
neural networks to be practical for detecting emotion
in speech. This is to be expected as neural networks
are known to have a good ability to classify data which
is not linearly separable.

3 THE SPEECH CORPUS

The speech corpus developed in this research was
extracted from recordings of telephone conversations
from a call centre that provides customer service for a
telecommunications company. All the recordings an-
alyzed were transmitted via the GSM network. The
corpus contains both male and female voices, in ap-
proximately equal quantities. In order to limit the
variability of the corpus, only English utterances were
employed, but these were spoken by speakers from a
range of linguistic backgrounds. (The first languages
of the speakers included isiZfilu, isiXhosa, Sesotho,
English, Afrikaans and HindL)_ The recordings were
segmented into samples between 1 and 20 seconds long
and the segments labelled with the dominant emoticn
of the speech contained in them.

The fine emotional labels used were angry, frus-
trated, happy, friendly, neutral, sad and depressed.
These fine labels were combined into three broad
classes: active emotion, neutral and passive emotion.
Angry, frustrated, happy and friendly were categorised
into the active emotion class; neutral was put into the
neutral class and sad and depressed were categorised
into the passive emotion class.

The final corpus consisted of 2745 samples, 620
of which are active emotion samples, 2022 are neutral
samples and 103 are passive emotion samples.
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4 EXPERIMENTAL METHODOLOGY

4.1 Feature set

Based on the prior research summarised in Section
2, global statistical features were selected to be used
as the features for classification. All features were
extracted using the Praat program for speech analysis
[2]. In total, 45 features were examined and are listed
below.
e Pitch and intensity mean, maximum, minimum
and standard deviation
o First, second and third formants mean, maxi-
mum, minimum #nd standard deviation

Highest and second highest pitch and intensity
standard deviation, measured across 300 ms in-
tervals

e Mean pitch and intensity standard deviation,
messured for 300 ms intervals

Highest and second highest pitch and intensity

gradient and acceleration, measured across 5 ms

intervals

e Mean pitch and intensity gradient, measured
across & ms intervals

o Number of peaks of the intensity curve, nor-

malised for number of 5 ms intervals

Highest and second highest peak to peak value of

the pitch and intensity curve

e QOversll range of the pitch, intensity and formant

contours

Once the feature extraction was completed, the
features extracted directly from the pitch, intensity
and formant contours of the sample were normalised
with regard to their mean and standard deviation us-
ing z-score normalization [5].

Histograms were plotted to estimate the discrim-
" inative power of the features between the tiers. One
example of these histograms is shown in Figure 1, for a
feature derived from the instantaneous intensity con-
tour. The discrimination that the feature provides
between the classes can be seen by the separation of
the different colours in the histogram — as would be
expected, the passive emotions tend to have the lowest
relative intensity peaks, whereas the active emotions
tend to have the highest values for this feature.

4.2 Classifier

Since the focus of this study was resource collection
and feature selection, we did not attempt to find the
very best classifier for our data. Instead, a competent
non-parametric classifier (a feed forward multilayer
perceptron, using the Levenberg-Marquardt algorithm
for training) was used. Based on initial exploratory
experiments, the neural net had 5 hidden nodes and 3
output nodes, one for every emotion class. The classi-
fication is checked by polling the outputs and checking
which output has the highest value. The classification
is then checked against the class which the sample falls
into to calculate a classification rate.
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Figure 1: Histogram of second highest intensity for three
tiers (normalised to 100 levels). The darkest colour repre-
sents active emotion, the lighter colour represents passive
emotion and the lightest colour represents neutral
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Figure 2: Relalionship between classification rate and
number of features used for classifying, with features se-
lected according te sequential forward selection

4.3 Feature selection

Sequential forward selection (SFS) was used to select
optimal features out of the feature set. SFS starts
off with a pool of features and an empty (selected)
feature set. A feature is Selected to be added to the
feature set from the pool by determining which feature
will cause the highest reduction in classification error
(which, when starting off, will be the error obtained
when speech utterances are classified arbitrarily into
emotional tiers). Features are added to the set using
the same selection technique until none of the features
allow for a decrease in classification error. Figure 2
illustrates the classification rate achieved if the SFS
algorithm is allowed to continue after the optimal fea-
ture set has been found. One can see from the figure
that the classification rate starts to decrease after 3
features are selected. The SFS algorithm implemented
in the emotion detection system would stop searching
for features once it gets to the peak classification rate
at 3 features.
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