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ABSTRACT

In this paper we discuss a method for extracting emotional
state from the speech signal. We describe a methodology
for obtaining emotive speech. and a method for identi-
fying the emotion present in the signal. This method is
based on analysis of the signal over sliding windows. and
extracling a rcpresentative parameter set. A set of basic
cmotions is defined, and for each such emotion a refcrence
point is computed. At each instant the distance of the
measurcd parameter set from the reference points is cal-
culated. and used to compute a fuzzy membership index
for each emotion. which we term the “emotional index”.
Preliminary results are presented, which demonstrate the
discrimative abilities of this mecthod when applicd to a
number of speakers.

1. INTRODUCTION

Although the main role of the voice is to communicate,
voice is also an indicator of the psvchological and phys-
iological state of the spcaker. ‘The identification of the
pertinent features in the spcech signal may therefore al-
low the evaluation of the person’s emotional state.

Among the emotional states, the most noticeable one
identificd long ago as reflected in subject’s speech was
stress. Previous studies concentrated on specific stress
related correlates such as provoked anxiety [1]. workload
demand [2] and lic detection [3]. It was reported for ex-
ample, that the fundamental frequency (pitch). and vocal
intensity (loudness) increased significantly with workload
demands and wcre robust in showing differences for indi-
vidual subjects.

In a recent review on human vocal emotion, Murray
and Arnott [5] suggested that it possible to build up from
the fragmented reports an acoustical picture of the human
voice during the expression of a number of emotions. The
cmotions most commonly accepted as “basic” (happiness,
sadness, anger, fear and disgust). also considered to be the
primary cmotions, arc the emotions most studied. As one
variable may exhibit the same behaviour for more than
onc¢ emotion, it 1s clear that only an interaction of several
variables can discriminate reliably between emotions. It 1s
only recently [6][7] thal quantitative attempts were made
to analyze the speech signal for indications of emotion.

The overall aim of the present study was to develop a
specch analysis algorithm that can analyze the subject’s
emotions i real (ime, so an indication can be continu-
ously obtained regarding the degree to which the subject
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is experiencing each of the five emotional states. Fulfilling
this objective requires finding the answers to several basic
questions, namely: Is there a set of acoustical parameters
that reflects a subjects emotion reliably and consistently?
Do these parameters behave consistently for a single sub-
ject?

To this end, we define Lwo procedures: a data collec-
tion procedure. and an automatic classification procedurc.
In this paper we describe the method applied to collecting
a databasc of emotional utterances in a manner reliable
as possible. A certain degree of validation is obtained by
measuring several physiological variables having a known
corrclation to cmotion. We present an algorithm used
to analyze the spcech signals and classify their emotional
content. The approach is diflerent to those previously re-
ported in the literature, in that the classification is not
binary (i.e. angry/not angry. sad/not sad, ctc.). Each
cmotion is graded by an "emotional index” between 0
and 1, so that different degrees of cmotion can be de-
tected. Tinally we present a set of results obtained by
this method.

2. DATA COLLECTION - MATERIALS AND
METHODS

2.1. Subjects

Twenty four (12 males and 12 females) healthy students
{age 23 to 31. mean 25.5) served in this study as subjects.
The subjects were cxplained the experimental procedurc
and gave informed consent for the experiment. None of
the subjects took any drug in the last three days preceding
the cxperiment.

2.2. Phvsiological examination

The following physiological measures were assessed: Fore-
head electromyography. heart rate (HR) and Galvanic
Skin Resistance (GSR).

2.3. Pretest training

The subjects were told that the aim of the experiment was
to recall an emotional event and experience the same feel-
ings that they felt when they participated in this event.
They were asked to try to keep their eves closed and re-
count an cvent while the physiological measurements were
used as indicators to examine whether the subjecls were
indecd experiencing the described emotion. If the subject



did not show such physiological activity, he was asked to
try again and get more involved in the recalled cvent. [fa
subject did not evoke the expected physiological response
he was excused and did not participate in the experiment..

2.4. Procedure

T'he psychophysiologic assessment was initiated with the
recording of baseline measures, followed by five consecu-
tive script trials. They were asked to recall an event that
they took part in and evoked one of the five emotions:
happiness, anger, sorrow, fear or disgust.

Subjects were asked to keep their eyes closed and talk
about the event, participale emotionally and feel the same
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3. ACOUSTICAL ANALYSIS

A careful review of the literature reveals that there is no
agreed method of analyzing the speech data to give a reli-
able indication of the emotional state. A number of papers
state some qualitative guidelines suggesting that the emo-
tional state is indicated by pitch, intensity, pitch range.
and less rigorously defined terms such as inflection. artic-
ulation, and speech rate. Only recently has there been
work carried out in an attempt to quantify this type of
analysis [6][7]. ‘Though both of these papers attempt Lo
characterize each of the primary cmotions quantitatively,
the classification is binaryv: either the emotion is present
or not. The approach taken in this paper seems to parallel
cvents more closely, in that each emotion is characterized
by an cmotional "index™ that can occupy a certain well
defined range, say between 0 and 1. In any case, the qual-
ity of the analysis clearly depends on the correct choice of
parameters and the accuracy with which they are evalu-
ated.

3.1. Examination of Speecch paramecters

Most of the paramecters appearing in the literature are
based on either the pitch or the intensity of the speech
signal. Therefore these two arc extracted from the signal
as a fundamental starting point. The spcech signal was
sampled at 8 Khz, with 8 bits per sample. The pitch de-
teclion program was set up to provide 40 pitch values per
second. Pitch analysis was performed on windows of 400
samples, with an overlap of 200 samples. Intensity was
also calculated. and normalized for pitch period length.

3.2. The parameters used

The speech paramcters used were based on [5], with cer-
tain variations, since the work in [5] presented only a qual-
itative description of the paramecters. To enable continu-
ous analysis. they were computed over sliding windows of
between 2 to 6 seconds. 'These parameters arc:

1. Pitch average: The average pitch in a window.

2. Pitch variance: pitch variance was used as a mea-
sure of pitch range in a window. This was found to
be more useful than simpler measure of maximum
pitch minus minimum pitch, since it gave much less
weight to any spurious results in the pitch curve.

3. Jitter: This is a measure of tremor in the speech
signal. Jitter was obtai i
ber of changes in sign of the pitch derivative in a
window.
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4. Speech rate: Speech rate was estimated by the fre-
quency of occurence of unvoiced periods, also in-
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5. Intensity: the relative intensity averaged over a win-
dow was calculated by summing the squares of the
speech samples, for voiced segments only. The re-
sult was normalized to account for the relative length

of voiced speech in the analysis window.

6. Intensity variance: as for pitch variance, over voiced
segments oniy.

=~

Tremor: this is a measure of tremor in the intensity
rather than in the pitch. Calculated similary to
Jitter. but over the Intensity curve.

Each of the above paramecters is initially computed
on an absolute scale. In order to make comparisons be-
tween different speakers, it is necessary to normalize it
with respect to a baseline value lor each specific speaker.
For this purpose cach speaker must be recorded at a "neu-
tral” emotional level, taken as the baseline. The measured
values are then normalized as follows:

(measurcd valuc) — (baseline value)

(normalized value) = ascli lue)
hascline value

(1
3.3. Relating speech data to emotions

Based on reviews such as [5], the measured paramcters are
all correlated to a certain extent. to the emotional state
of the speaker. This correlation does not determine how
all of the parameters togcther can be combined to ob-
tain a single measure for cach emotion, which we term an
emotional index.

In [6] the authors adopted a binary approach to emo-
tion classification, i.e. each utterance was defined as be-
longing or not belonging to a certain emotional class. In
reality the emotional state is not necessarily a binary con-
cept - an individual can be in one or scveral emotional
states at the same time. and to a different degree for cach
emotion. Thercfore, in this work we took the approach
of measuring the degree of each emotion as an index on
some arbitrary scale. I'urthermore, In this work the clas-
sification was performed at a constant rate of 20 times
per second. rather than on complete utterances.

3.3.1. The DM method

This method has a certain resemblance to that used in [¢].
N-tuples (with N=7) in this case are calculated constantly
at a rate of 20 per second from the speech signal. The
distances of each N-tuple from 5 reference N-tuples (one
for each cmotion) are then calculated, and processed to
obtain the emotional indices. Tt remains to determine:

1. how to find the reference points;
2. which distance measure gives the best results:

3. how to calculate the indices themsclves.



The reference points were found by averaging the val-
ues [or all of the N-tuples in a file or scries of files judged
to represent each emotion. This process introduces a cer-
tain inaccuracy, since it is not clear that the speakers arc
in the required emotional state during the entire utter-
ance. Furthermore, in this method the reference point is
judged to be the "ultimate™ degree of each emotion: if for
instance during a test uttcrance the speaker is more an-
gry than in the reference utterance. the distance from the
reference anger point will increase instead of decreasing.

The distance measure is obtained by first normalizing
cach parameter with respect to its variance and comput-
ing a Mahalanobis distance to cach reference point. This
is defined by:

du(N,Y)=[(X =Tertx =" @

where X is the refercnce vector. Y is the measurc-
ment vector, and Cx is the covarlance matrix of the mea-
surements for the emotion. The emotional index is then
calculated using the fuzzy membership index:

(3)

Uy =
dﬁ,(xj.\-', )

where X, is the reference vector for the j’th cmotion,
V; is a measurement. vector, and u,, is the j'th emotional
index. This algorithm performs normalization with re-
spect to the variance and takes correlation between the
parameters into account. A further advantage o this
method is that if we wish to decide which emotion is
strongest at a given moment - choosing the emotion with
the highest emotional index corresponds exactly to max-
imum likelihood estimation.

4. RESULTS

4.1. Data collection

Before any analvsis was performed. the physiological data
for each recording was examined. Four subjects (16 per-
cent) cxhibited no physiologically correlated activity dur-
ing the event recount, and were discarded at the outset. In
addition, eight subjects (16 percent) did not show changes
in at least two cvent recounts. Based on peer judge-
ment, our general impression was that even for some of
the recordings which did show the expected physiological
activity. in an unformal listening test. the speech signal
was not always judged as reflecting the appropriate emo-
tion.

All of this shows that the problem of obtaining reliable
test data is not to be taken lightly. Somec other studies
use ullerances produced by professional actors [8]. usually
without. physiological verification. 1t remains to be seen
which mcthod is most. reliable.

4.2. Quantitative results

In this stage, the entire analysis was performed on a single
speaker at a time. In other words. the recordings of one
speaker were first. analyzed for pitch and intensity, from
which the acoustic features were extracted. The refer-
ence points for each cmotion were taken as their average

anger
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Figure I: 3 examples of emotional indices

values over the appropriate file. The covariance matrices
were also calculated from these files. Next, the emotional
indices were computed as a function of timce over the same
files. ‘The objective of this analysis was to examine the
degree to which the acoustic features were consistent for
cach emotion, lor a single speaker. The results for onc
speaker is presented in figures 1, where all the specch files
examined were approximately 1 minute long. A tempo-
ral plot is shown for cach ulterance. In the plot. five lines
are indicated, representing the continuous changes of cach
emotional index.

4.3. Emotion discrimination

Onc possibility is to use the emotional indices to obtain a
global decision for cach file, relating it to a specilic emo-
tion, as done by [6]A number of methods arc possible:
using the average value (AV) of these indices over the en-
tire file, choosing the emotion to be the one who's index
is largest. another possibility is measuring the percentage
of time (TP) for which a specific index is » points above
the rest, where x can be set arbitrarily, and it’s units are
the fuzzy membership units, between 0 and 1. "Table 1
summarizes AV for two speakers:

High values on the diagonal indicate good discrimi-
nation. For cach speaker the ']’ measure was performed
three times, with 2 chosen as 0.01, 0.1, 0.2. The results
are summarized in table 2 for the same two speakers:

For these two speakers, AV proved to be a good over-
all discriminator. Using TP, the threshold z determines
the result to a large extent. The minimum threshold for
which a visual decision would agree with the computed
decision is around 10%. We do not attempt at this stage
to determine any specific threshold and time percentage
to be used as decisive values.

4.4. Discussion

This study, together with [6] demonstrate that automatic
classification of emotions is possible. A review of the liter-



speaker 1

utterance: —  anger joy sadness fear disgust

em. index §

ANGER 56 20 7 9 8

JOY 11 33 11 11 10

SADNESS 4 13 49 11 23

FEAR 6 15 13 56 10

DISGUST 4 10 22 9 55
speaker 2

ubterance: — anger joy sadness fear disgust

em. index |

ANGLER 34 19 11 19 L7

JOY 19 38 15 15 12

SADNESS 12 15 43 0 13

IFEAR 15 19 14 37 15

DISGUST 13 13 15 12 16

Table 1 AV for all utterances of two speakers

ature on the problem reveals that these two are nearly the
only quantitative studics published on the subject. The
current work brings to light a number of problems.

First. the automatic classification can only be as good
as the reference data. This is a weak link, in the sensc
that it involves peer judgement. This makes it difficult to
compare several different methods carried out by different
rescarchers, on different databases. As in fields such as
image or audio compression, a universal agreed database
widcly available would be very helpful in this case.

Sccond. creating a mapping between human judge-
ment of emotion and an absolute scale is problematic.
Psychologists have defined the basic "space” of emotions
as composed of 4 or 5 basic emotions, but it 1s clear that
there are no “"pure” emotions and emotions can overlap
or appear in various degrees.

Due to lack of data on these issues, a rather "engi-
neering” approach was adopted, where we made a number
of ad hoc assumptions that facilitated the analysis. The
most successful method used in this work was based on
two assumptions: The sum of the indices for all of the
emotions is always one, due to the form of the fuzzy dis-
tance measure; and the reference points for cach emotion
represent the highest degree of that emotion.

The first. assumption neccessarily means that when an

speaker 1

. .01 N 2
ANGER 100 100 97
JOY 100 99 95
SADNIESS 99 95 84
FEAR 100 99 98

DISGUST 100 99 96

speaker 2

T .01 | 2
ANGIER 90 55 22
JOY 94 91 48
SADNESS 100 95 66
FEAR 100 &Kk 26

DISGUST 100 9% &7

Table 2: TP for all utterances of two speakers

index for onc emotion grows. some others must shrink,
which implies a negative type of coupling between emo-
tions. This has not been verified or disproved on the
psychological level, and it definitely merits further explo-
ration. From the practical point of view it means that
any of the emotional indices can receive a large value only
when the parameters for that emotion correspond closcly
only to the reference for that emotion. If there exists a
state in which an individual is both very disgusted and
very afraid, at the most both indices can have an index
of 0.5 at the same time.

The second assumption is actually related to the fact
mentioned above that it is difficult to define an objec-
tive scale for subjective phenomena. Across a wide range
of subjects. For this reason we believe the analysis per-
formed well on an individual basis for each speaker, vet
still proved problematic if applied across several subjects.

Despite the above assumptions and reservations, the
bottom line is that the automatic classification agreed well
with the human classification, over the range of ¢molions
studied. lurther work will probably be carried out in im-
proving the set of speech parameters being used. in tuning
the distance measure defining the speech indices. in reach-
ing a better understanding of how emotions are expressed
from a psychological point of view, and compiling a good
databasc of recordings.
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