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Abstract

Studies on the emotion recognition task indicate that there is
confusion in discrimination among higher activation states like
‘anger’ and ‘happy’. In this study, features related to excita-
tion source of speech are examined for discriminating ‘anger’
and ‘happy’ emotions. The objective is to explore the features
which are independent of lexical content, language, channel and
speaker. The features like strength of excitation from zero fre-
quency filtering method and spectral band magnitude energies
from short-time spectral analysis are used. Experimental results
show that these features can discriminate ‘anger’ and ‘happy’
emotion states to a good extent.

Index Terms: Emotion recognition, zero frequency filtering
method, KL distance measure.

1. Introduction

Naturalness of human-machine interaction depends upon the
system’s ability to recognize emotions in speech and also the
ability to synthesize emotions in speech. Ideally, a ‘sponta-
neous’ (natural) emotion database is required to analyze/develop
an emotion-related speech applications. Since it is difficult to
collect a natural database due to many privacy and legal con-
cerns, the databases developed by many research groups are
categorized as simulated parallel and semi-natural [1]. Simu-
lated parallel databases are built by asking speakers to produce
same text in different emotions. The semi-natural database is a
kind of data where the context is given to speakers. The sources
for collecting these databases are dyadic interactions, TV talk
shows, etc.

The features used for emotion analysis are broadly char-
acterized as prosodic and spectral features. The spectral fea-
tures consists of formant frequencies, their corresponding band-
widths, spectral tilt, etc. The prosodic features are mainly based
on fundamental frequency (Fp), such as average Fp, shimmer,
jitter, rise and fall in Fp contour, and also the features related
to energy and speaking rates. Analysis of these features for
‘anger’, ‘happy’ and ‘sad’ states in relation to ‘neutral’ state as
reported in [2], [3], is given in Table 1. From Table 1, it can be
observed that emotions ‘anger’ and ‘happy’ have similar trends.
Also, the deviations in the spectral features listed in Table 1
were analyzed only for simulated parallel databases. This is be-
cause the deviations in formants and their bandwidths can be
compared only when the lexical content is same.

There are two major approaches adopted in automatic emo-
tion recognition task. In the first approach, the problem is treated
as a discrete classification task. Features are extracted at frame
level by combining prosodic and spectral features. The feature
extraction is followed by training models like Gaussian mixture
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models (GMMs), support vector machines (SVMs) [3], [4], [5].
The performance in terms of accuracy of emotion recognition
for simulated parallel corpus is high when compared to semi-
natural databases [6], [7], [8], [9], [10]. In these databases the
same sentence is uttered in different emotions. As per analy-
sis reported in [2], [3], for the speech segment of same lexical
content in different emotions, there are deviations in spectral
features. The second is a dimensional approach, where emo-
tions are labeled as a points in multi-dimensional space [8]. For
example, ‘anger’ and ‘happy’ emotions belong to high activa-
tion states with positive and negative valence, respectively. The
emotion categories ‘disgust’ and ‘sad’ belong to low activation
and negative states. It is reported in literature that the prosody
features can effectively discriminate the high and low activation
states, but there are confusions in discrimination of same acti-
vation states [11]. In several emotion classification studies it
is reported that there is confusion between ‘happy’ and ‘anger’
emotions [8], [11], [12], [13].

The study of physiological parameters of ‘anger’ and ‘happy’
speech production was reported in [14], [15], [2]. The trends of
some of the vocal effects of these emotions were given as high
voice intensity, (somewhat) breathy voiced, high and wide F{
ranged (‘anger’ possessing higher average and abrupt changes
in Fo when compared to ‘happy’). The variability of varia-
tions in these voice effects are speaker-specific. This is be-
cause of wide range of variability in physiological component
across speakers [14], [2]. For example, average Fp range of
male ‘anger’ voice reaches to that of female ‘neutral’ voice. In
[14], it was reported that rhythm and valence were consistently
related. The positive feelings possess regular rhythm than neg-
ative feelings.

In this study, we analyze the production-specific features
for discrimination of ‘anger’ and ‘happy’ emotions. The fea-
tures related to the excitation source component of the speech
production mechanism are examined. The organization of this
paper is as follows: Section 2 describes the emotion speech data
used, and also the feature analysis. Section 3 gives the exper-
iments conducted and discussion of results. Finally, Section 4
gives a summary of the work and scope of future studies.

2. Data used and feature analysis

Two kinds of databases are used for this study. A well known
simulated parallel speech corpus named Berlin EMO-DB is cho-
sen for this study. This database was collected from 10 pro-
fessional native German actors (5 female and 5 male). Speak-
ers were asked to emote 10 sentences in 7 different emotions
(‘anger’, ‘happy’, ‘neutral’, ‘sad’, ‘fear’, ‘disgust’, and ‘bore-
dom’). From all the utterances, 535 utterances were selected
based on perceptual listening test for recognizability of emotion
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Table 1: Basic analysis of prosody and spectral features of emotions with respect to neutral state. (inc: Increase, dec: Decrease).

Prosody features Spectral features
Fp mean | Fp variance | Energy | Speaking rate | Fi mean | Fj bandwidth | F> mean | Spectral tilt
Anger inc inc inc high inc - inc/dec dec
Happy inc inc inc high dec inc — dec
Sad inc/dec inc dec low inc dec dec inc

by 20 subjects, in which ‘neutral’, ‘anger’ and ‘happy’ emotion
categories consist of 79, 121 and 71 utterances, respectively.
This data was collected in two channels consisting of closed
speaking microphone and electroglottograph (EGG).

Another database is a semi-natural kind, which is collected
from 7 speakers (2 female and 5 male) in Telugu (Indian) lan-
guage in 4 emotions (‘anger’, ‘happy’, ‘neutral’ and ‘sad’). This
database is named as IIIT-H Telugu emotion database. The
recordings were carried out in laboratory environment in two
channels, which includes close speaking microphone and EGG.
The speakers were asked to script themselves by remembering
some of the past memories that makes them emotive. There-
fore, the lexical content used by speakers is different. The data
is collected in different sessions for each speaker, and it consists
of 200 utterances. These utterances are perceptually evaluated
by 10 subjects. A total of 130 utterances are selected, in which
‘neutral’, ‘sad’, ‘angry’ and ‘happy’ emotion categories consist
of 35, 27, 34 and 34 utterances, respectively.

The features related to the excitation source component used
in the study are instantaneous Fp, strength of excitation (SoE)
and spectral band magnitude energy ratio (5) measure. These
features are extracted using zero frequency filtering (ZFF) method
[16] and short-time Fourier transform.

Firstly, the glottal vibration parameters such as closure and
open phase durations are analyzed using EGG signal. The ob-
jective is to find discrimination between ‘anger’ and ‘happy’
emotions. If there is any discrimination, the goal is to develop
features which carry the information related to glottal parame-
ters. The EGG and differenced EGG (dEGG) signals give some
of the features of glottal pulse. The glottal pulse is character-
ized by open and close phase durations as shown in Fig. 1.
From Fig. 1, we can observe that the amplitude of EGG signal
is larger during the close phase region due to low impedance
and lower during the open phase region due to high impedance
across vocal folds. It is reported in [17] that the closed phase
duration is longer in shouted speech when compared to normal
speech. Similar analysis is carried out in this study. The analy-
sis of EGG is performed for ‘neutral’, ‘anger’ and ‘happy’ emo-
tions. The glottal closed phase quotient (vy) in voiced regions is
used for analysis, which is given by

T:

=7 100 (€]
where 7. and 7" are closed phase and total glottal pulse dura-
tions, respectively. The average value of v (A,) of ‘neutral’,
‘anger’ and ‘happy’ utterances for five speakers of III'T-H Tel-
ugu and German EMO-DB databases is given in Tables 2 and
3, respectively. It is observed that the closed phase duration has
increasing trend in ‘anger’ and ‘happy’ emotions, with ‘anger’
consisting of more closed phase duration when compared to
‘happy’ emotion.

In practice, EGG signal is not available, and also it is dif-
ficult to derive the features of glottal activity from the speech
signal. The short-time Fourier spectral band magnitude ratio
(B) which is related to the glottal activity is proposed in [17].
The B measure is the ratio of high frequency band (500 Hz -
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4000 Hz) energy to low frequency band (0 Hz to 400 Hz) en-
ergy. The 8 measure for ‘neutral’ and ‘shout’ classes reported in
[17], shows that £ is higher for ‘shout’ speech when compared
to ‘neutral’ speech. This is because of longer closed phase du-
ration in ‘shout’ expected to result in more spectral energy in
higher frequency bands. In our study, 5 measure is analyzed for
‘anger’ and ‘happy’ utterances. The average value of 5 (Ag) in
voiced regions of ‘neutral’, ‘anger’ and ‘happy’ utterances for
5 speakers of IIIT-H Telugu and German EMO-DB databases is
shown in Tables 2 and 3, respectively. On comparison of Ag
and A, values, it is evident that 5 measure is related to glot-
tal closed phase quotient (7y). Increase in -y leads to increase in
(. There is increase in trend in the values of g for ‘anger’ and
‘happy’ utterances when compared to ‘neutral’, and the values
of ‘anger’ are higher when compared to those of ‘happy’ emo-
tion.
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Figure 1: Opening and closed phase durations of (a) EGG sig-
nal and (b) dEGG signal (V. K. Mittal and B. Yegnanarayana,
2013 [14]).

The instantaneous Fp and strength of excitation (SoFE) are
computed using ZFF method [16]. In this method, a speech sig-
nal is passed through a cascade of two ideal digital resonators by
location of poles at 0 Hz, and followed by trend removal. The
resulting signal from this process is called ZFF signal. The neg-
ative to positive zero crossings of this ZFF signal correspond to
glottal closure instants (GCIs). The duration between two suc-
cessive GClIs gives the instantaneous fundamental period 7o,
from which the instantaneous Fj is obtained as 1/7p. The slope
of ZFF signal at each GCI is called SoE. The SoE value at
each GCI is related to the strength of the impulse-like excita-
tion [16]. This method is also used for detecting voiced and
unvoiced regions. In voiced regions the ZFF signal energy is
high, this is because of significant contribution by the impulse-
like excitation [18]. The F; and SoFE contours in voiced regions
for an example of ‘anger’ utterance are shown in Fig. 2. The
average value of SoFE (Agor) in voiced regions of ‘neutral’,
‘anger’ and ‘happy’ utterances for 5 speakers of III'T-H Telugu
and German EMO-DB databases is shown in Tables 2 and 3,
respectively. The SoFE values are low for ‘anger’ and ‘happy’
emotions when compared to those for ‘neutral’, and the val-
ues of ‘anger’ utterances are lower when compared to those for
‘happy’.

From Tables 2 and 3, it is evident that there is discrimina-



Table 2: The average values of v (A~), B (Ag), and SoE (Asor) in voiced regions of ‘neutral’, ‘anger’ and ‘happy’ utterances for 5

speakers of IIIT-H Telugu database.

Neutral Anger Happy
A'y AB ASoE A'y AB ASOE ~y AB ASoE
Speakerl | 42.21 | 8.63 | 43.53 | 53.12 | 13.32 | 13.47 | 48.38 | 12.89 | 21.63
Speaker2 | 39.86 | 9.86 | 28.93 | 44.31 | 1426 | 7.76 | 42.19 | 13.26 | 1391
Speaker3 | 41.46 | 7.34 | 37.21 | 51.74 | 13.95 | 11.49 | 46.32 | 13.90 | 19.12
Speaker4 | 44.55 | 7.40 | 18.97 | 46.14 | 13.81 5.67 | 44.19 | 13.62 | 7.76
Speaker5 | 41.87 | 8.78 | 1645 | 47.23 | 13.96 | 4.04 | 4743 | 13.56 | 4.98

Table 3: The average values of v (A~), B (Ag), and SoE (Asor) in voiced regions of ‘neutral’, ‘anger’ and ‘happy’ utterances for 5

speakers of EMO-DB database.

Neutral Anger Happy
A,y A/g ASoE A,Y Aﬁ ASoE A'y Ag ASoE
Speakerl | 42.97 | 7.23 | 2342 | 50.63 | 12.45 | 9.43 | 4891 | 1044 | 1243
Speaker2 | 44.14 | 6.32 | 1934 | 51.01 | 11.53 | 832 | 47.89 | 11.02 | 11.34
Speaker3 | 39.26 | 8.21 | 17.44 | 48.54 | 13.47 | 10.21 | 46.21 | 9.87 | 12.23
Speaker4 | 44.04 | 556 | 11.21 | 49.66 | 9.61 332 | 4824 | 832 3.96
Speaker5 | 44.83 | 830 | 12.56 | 49.15 | 13.81 | 492 | 4856 | 11.29 | 6.23
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Figure 2: Zero frequency filtering of speech signal. (a) Speech
signal, (b) ZFF output signal, (c) Fy contour, and (d) SoE con-
tour.

tion in the absolute values of 3 and SoE among ‘anger’ and
‘happy’ emotions. As these features relate to the vocal effort
of speaker, these have less impact on lexical content. But the
dynamic ranges of the features are speaker-specific. This is be-
cause of the physiological variations across speakers.

3. Experiments and discussion

In this Section, we explore two experiments for discrimination
of ‘anger’ and ‘happy’ emotions. As there is discrimination
in the features (3 and SoF) in speaker-specific way, we imple-
ment a speaker-specific ‘anger’ and ‘happy’ classification in ex-
periment 1. For a set of utterances of both ‘anger’ and ‘happy’
categories, segregation of them into two different clusters is car-
ried out.

In experiment 2, a method is proposed by exploiting the
characteristics of ‘anger’ and ‘happy’ emotions. In this method,
the decision of emotion category is taken by having access only
to an utterance.
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Figure 3: Feature space (B vs SoE) for ‘anger’ and ‘happy’
emotion categories for (a) entire utterance and (b) high Fy re-
gions.

Table 4: Confusion scores of ‘anger’ and ‘happy’ segregation
using experiment 1 for IIIT-H Telugu and German EMO-DB
databases.

HIT-H Telugu German EMO-DB
Anger | Happy Anger | Happy
Anger 31 4 Anger 102 19
Happy 5 29 Happy 17 53

3.1. Experiment 1

In this experiment, a two dimensional (2-D) feature spaces (3
vs SoFE) of all utterances are used. The 2-D feature space for
‘anger’ utterance and ‘happy’ utterance is given in Fig. 3(a). As
emotions arise suddenly in response to particular stimuli, they
are not sustainable, there may be ‘neutral’ regions [14]. To re-
duce this effect and to obtain more emotion (‘anger’/‘happy’)
characteristics, we use the features (8 and SoF) correspond-
ing to high Fp regions, i.e., regions where the instantaneous
Fy is greater than the average Fy. The 2-D feature space (8
vs SoFE) corresponding to high Fy regions for ‘anger’ utter-
ance and ‘happy’ utterance is shown in Fig. 3(b). It is evi-
dent from Figs. 3(a) and 3(b) that the emotions ‘anger’ and
‘happy’ are well discriminated in high Fj regions. The 2-D fea-
ture spaces (3 vs SoE of high Fy regions) of all ‘anger’ and
‘happy’ utterances for a given speaker are used. The feature
space of an utterance with low SoE mean and high 5 mean
of all these feature spaces is considered as reference to ‘anger’




category, and the feature space of an utterance with high SoF
mean and low 8 mean is considered as reference to ‘happy’ cat-
egory. The remaining utterances are tested by computing the
Kullback-Leibler (KL) distance [19] between the 2-D feature
spaces of test utterance and references. The KL distance mea-
sure (D) is given by

detZo
detZl
@)
where, Yo, 21 are covariance matrices of feature spaces of ref-
erence and test utterances, k is the dimension of the feature
space, and pio, (1 are corresponding mean vectors, respectively.
The lower the KL distance, the closer are the distributions. The
results for all speakers for [IIT-H Telugu and German EMO-DB
databases are given in Table 4. The values listed in Table 4 indi-
cate that these features capture the discriminative characteristic
of ‘anger’ and ‘happy’ emotions in a speaker-specific manner.
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Figure 4: Histogram of SoFE values for ‘anger’ emotion for (a)
entire utterance and (b) high Fy regions.
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Figure 5: Histogram of SoE values for ‘happy’ emotion for (a)
entire utterance and (b) high Fy regions.

3.2. Experiment 2

From the earlier discussion carried out in Section 2, it was ob-
served that ‘anger’ state has more closed duration of vocal cords
when compared to that of ‘happy’ emotion. This indicates that
there is some kind of rigidness in ‘anger’ emotion and there
is some kind of openness in ‘happy’ emotion, this might be
a reason for the rhythm. To extract these characteristics, the
variances of SoFE values corresponding to high Fp regions of
‘anger’ and ‘happy’ emotions are examined. The region which
has more concentration of SoE values in the histogram of SoFE
corresponds to high Fp regions is used to obtain range (lower
limit and upper limit) of SoE. The histograms of SoE for en-
tire utterance and high Fp regions of ‘anger’ and ‘happy’ cases
are shown in Fig. 4 and Fig. 5, respectively. The variances
of SoE in selected range for entire utterance and high Fp re-
gions are compared. A parameter called relative SoE variance

)

1256

of high Fy regions (Sy) is computed as

Vi — Vi
v = T 3)
( Eh ;Mt )

where, V}, and V; are the SoF variances in selected range for
high F{ regions and for entire utterance, respectively, o, and it
are the means of SoF in selected range for high F{ regions and
entire utterance, respectively. The average S, values of ‘anger’
utterances and ‘happy’ utterances of IIIT-Telugu and German
EMO-DB databases are listed in Table 5. The average .S, in the
case of ‘happy’ emotion is positive and in the case of ‘anger’
emotion is negative. From this observation we can generalize
that, in ‘anger’ utterance the variance of SoFE corresponding to
high Fp regions is low when compared to that of entire utter-
ance in the specified range. In the case of ‘happy’ utterance, the
variance of SoF corresponding to high Fp regions is high when
compared to that of entire utterance in the specified range. Fol-
lowing the same observation, a classification approach is pro-
posed. The results in terms of confusion scores for IIIT-H Tel-
ugu and German EMO-DB databases are given in Table 6. The
percentage of accuracy is 75% and 68% for IIIT-H Telugu and
German EMO-DB databases. From the results, it is clear that
‘anger’ and ‘happy’ has some kind of discriminative behavior
in the SoF feature. This procedure is independent of language,
lexical content, speakers. It can be used as a veritying step for
existing effective emotion recognition systems.

Exploring more excitation features which explain the emotion-
specific characteristics of speech, and also exploring features re-
lated to the coupling effect of excitation source and vocal tract
system can be made as future studies.

Table 5: Average S, of ‘anger’ utterances and ‘happy’ utter-
ances of llIT-Telugu database and German EMO-DB database.

HIIT-H Telugu German EMO-DB
Anger | Happy | Anger Happy
Average S, -0.51 0.42 -0.58 -0.21

Table 6: Confusion scores of ‘anger’ and ‘happy’ segregation
using experiment 2 for IIT-H Telugu and German EMO-DB
databases.

III'T-H Telugu German EMO-DB
Anger | Happy Anger | Happy
Anger 29 5 Anger 94 27
Happy 12 22 Happy 33 38

4. Summary

In this study, two features, i.e., strength of excitation (SoF) and
spectral band energy ratio (3) related to the excitation source
component of speech are examined for discrimination of ‘anger’
and ‘happy’ emotions. Two experiments are conducted for dis-
crimination of ‘anger’ and ‘happy’ emotions. The first method
is designed in speaker-specific way, where the collection of ‘anger’
and ‘happy’ utterances for a speaker are segregated. The other
method is a procedure where the emotion category is identified
by having access to only one utterance. In this study, we tried to
use features that are independent of language, channel, lexicon
and speaker. The features examined in the current study corre-
spond to subsegmental and segmental level. Exploring features
at suprasegmental level also may be necessary to improve the
performance.
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