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Abstract
Emotional speech is produced when a speaker is in a state differ-
ent from normal state. The objective of this study is to explore
the deviations in the excitation source features of an emotional
speech compared to normal speech. The features used for anal-
ysis are extracted at subsegmental level (1-3 ms) of speech. A
comparative study of these features across different emotions
indicates that there are significant deviations in the subsegmen-
tal level features of speech in emotional state when compared
to normal state.
Index Terms: Subsegmental features, Zero frequency filtering,
Linear prediction analysis.

1. Introduction
Production and perception of emotion in speech is effortlessly
done by human beings. However, it is a research challenge to
equip machines with understanding of emotions in speech. The
issues in emotion speech analysis range from the description of
emotion to appropriate evaluation [1]−[3].

The main challenge in performing analysis of emotional
speech is in collecting suitable database for study. It is difficult
to collect ‘spontaneous’ (natural) emotion speech data needed
for analysis, sometimes due to privacy concerns and legal is-
sues. The databases collected by different research groups can
be broadly categorized as simulated and semi-natural databases
[4]−[6]. Simulated database is collected by asking speakers to
emote different emotions through a specified text, without spec-
ifying any context. The simulated parallel emotion database is
a case where utterances of different emotions are recorded for
the same lexical content. The semi-natural is a kind of database
where the context is provided to the speakers.

In many studies, emotion speech analysis is performed at
segmental and suprasegmental levels. The basic analysis on
segmental features, as reported in [7], [8], is shown in Table 1.
This analysis was done by using spectral features such as devi-
ations in spectral tilt, formant frequencies and their bandwidths
for each block of 10-20 ms of speech. The spectral features
were analyzed for simulated parallel databases, as this helped
to compare the deviations in formants and spectral tilt, because
the lexical content is same.

Basic suprasegmental analysis was carried out using statis-
tics of speaking rates, energy contours, instantaneous funda-
mental frequency (F0) contours, etc., for three emotions (anger,
happy and sad) with respect to neutral speech [7]. The results
of the study are shown in Table 2. A detailed study of supraseg-
mental analysis of emotional speech was reported in [9]. The
objective of the study was to identify the relative importance of
three components (F0 contour, relative durations and sequence

Table 1: Basic segmental analysis of emotional utterances with
respect to neutral utterance, (inc: Increase, dec: Decrease).

F1 mean F1 bandwidth F2 mean Spectral tilt
Anger inc − inc/dec dec
Happy dec inc − dec
Sad inc dec dec inc

of frame linear prediction coefficients (LPCs)) of speech con-
tributing to the perception of emotion. The analysis was done
using synthesis experiments, where the transformations of F0

contour, relative durations and vocal tract component (sequence
of frame LPCs) from source (neutral/emotion) utterance to tar-
get (emotion/neutral) utterance were carried out. The study in-
dicates that modification of one component individually from
neutral state to emotion state and vice-versa does not effectively
contribute to the perception of emotion. Whereas, modification
of all components simultaneously do contribute to the percep-
tion of emotion significantly.

Table 2: Basic suprasegmental analysis of emotional utterances
with respect to neutral utterance, (inc: Increase, dec: De-
crease).

F0 mean F0 variance Energy Speaking rate
Anger inc inc inc high
Happy inc inc inc high
Sad inc/dec inc dec low

The current study explores the role of excitation source re-
lated features extracted at subsegmental level of speech in the
production of emotion. The features considered for the study
are obtained using analysis at epoch locations of the excitation
source.

The remaining part of the paper is organized as follows:
Section 2 describes the databases used in this study. Section
3 describes the features used in this analysis. The experiments
and discussion on results of the experiments are given in Section
4. Finally, Section 5 gives a summary.

2. Speech Data
Two kinds of databases (simulated parallel and semi-natural)
are used for this study.

Semi-natural data in Telugu (Indian) language is collected
from the 7 students (2 female and 5 male) of IIIT-Hyderabad in
four (anger, happy, neutral and sad) emotions. This database is
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named as IIIT-H Telugu emotion database. Speakers were asked
to emote by recollecting some of their past memories, and the
data was collected after several practice sessions. The data was
collected in a laboratory environment using high quality equip-
ment in 4 channel way, which includes (Electro glotto graph)
EGG signal, 1 close speaking signal and 2 distance speech sig-
nals captured at about 2 to 3 meters away from the speaker.
From this data, the utterances in normal state and non-normal
state were segregated manually. For this study, data of 4 (2 fe-
male and 2 male) speakers consisting of 76 utterances are con-
sidered. Later, 3 utterances per emotion, per speaker are se-
lected after performing subjective evaluation using 10 listeners.
All the subjects were asked to score on a scale of 1 to 5 (5:
highly similar to target state and 1: highly distinct from target
state). The utterances having average scores more than 4 are
considered for the analysis.

Two simulated parallel databases are considered for this
study. The simulated parallel corpus named Berlin EMO-DB
in German language collected from 10 speakers (5 female and
5 male) in 7 (neutral, anger, fear, happy, sad, boredom, and
disgust) emotions using 10 sentences. The database was also
evaluated using 20 listeners. The recognition rate was around
80 percent of each emotion [6]. The other emotion database is
Simulated Emotion Speech Corpus collected by Indian Institute
of Technology, Kharagpur (IIT-KGP SESC)[10]. This database
in Telugu (Indian) language was collected from 10 radio artists
(5 female and 5 male). Each speaker recorded utterances of 15
sentences, uttered in 8 emotion categories (anger, sad, disgust,
fear, happiness, sarcastic and surprise), and repeating them in
10 sessions.

3. Features
Speech signal consists of information about the dynamic vo-
cal tract system, the excitation source, the duration of different
sound units, energy patterns and intonation. The features cor-
responding to some of these components are derived using lin-
ear prediction (LP) analysis and zero frequency filtering (ZFF)
analysis [11].

3.1. Dynamic vocal tract system and excitation source

The time-varying vocal tract shape information is represented
by the sequence of frame LPCs obtained using LP analysis. The
excitation source information is represented by the LP residual
signal.

3.2. Instantaneous fundamental frequency (F0) contour

The instantaneousF0 contour is extracted using the ZFF method
described in [12]. This method involves passing the speech sig-
nal through a cascade of two ideal digital resonators located at
0 Hz, followed by trend removal. The trend removal operation
involves subtracting the local mean computed at every sampling
instant. The local mean is computed over an interval corre-
sponding to about 1.5 times the average pitch period. The mean
subtracted signal is called ZFF signal. The negative to positive
zero crossings correspond to the instants of significant excita-
tion (glottal closure instants (GCIs)) of the vocal tract. These
instants, called epochs, occur at the instants of glottal closure in
each glottal cycle of voiced speech. The interval between suc-
cessive epochs gives the value of the instantaneous pitch period
(T0) and hence the instantaneous fundamental frequency F0 =
1/T0.

3.3. Strength of excitation (SoE)

The slope of the ZFF signal at epoch corresponds to the strength
of excitation (SoE), which is related to the strength of the impulse-
like excitation at GCI [12].

3.4. Voiced/unvoiced detection

The strength of epochs or the energy of the ZFF signal can be
used to determine the regions of voiced and unvoiced segments.
In this study, we have used the energy of the ZFF signal for
detection of voiced and unvoiced segments [13].

3.5. Energy of excitation (EoE)

The Hilbert envelope of the linear prediction (LP) residual is
used to compute the energy of excitation (EoE). The EoE is
computed using the energy of the samples of the Hilbert enve-
lope over 2 ms around each epoch. This gives an indication of
the energy of the vocal effort in the excitation.

3.6. Loudness measure (η)

Abruptness of glottal closure (which is independent of the en-
ergy of samples) was proposed in [14] as a feature of loudness
in speech. The loudness measure η is defined as the ratio of
the standard deviation and mean of the samples of the Hilbert
envelope around each epoch (GCI).

The instantaneous F0, SoE, EoE and η contours corre-
sponding to voiced regions for a segment of neutral utterance
are shown in Fig. 1.

4. Subsegmental analysis and discussion
The proposed study is speaker-specific, where reference and test
utterances of the same speaker are considered together. Four
features related to the excitation source, i.e., instantaneous F0,
SoE, EoE and η at GCI locations corresponding to voiced
speech segments are used. Six 2-dimensional (2-D) feature
spaces are formed by the combination of two features at a time:
C1 : (F0 vs SoE), C2 : (F0 vs EoE), C3 : (F0 vs η),
C4 : (SoE vs EoE), C5 : (η vs SoE) and C6 : (η vs EoE),
for each of a given set of reference (neutral) and test (any of
anger, happy, sad and neutral) utterances. The 2-D feature
spaces (scatter plots) for a reference (neutral) and test (anger)
utterances are shown in Fig. 2.

The 2-D feature space of each utterance is modelled by a
Gaussian probability distribution function. The Kullback-Leibler
(KL) distance [15] is computed among the corresponding 2-D
feature distributions of the reference and test utterances. The
measure of KL distance is given as

D =
1

2
(tr(Σ−1

1 Σ0)+(µ1−µ0)T Σ−1
1 (µ1−µ0)−k−ln(

detΣ0

detΣ1
))

(1)
where, D is the KL distance, k is the dimension of the distri-
bution, Σ0, Σ1 are the covariance matrices of feature pair dis-
tributions of reference and test utterances, respectively, and µ0,
µ1 are the corresponding mean vectors, respectively.

Evaluations are performed on the three databases. In the
case of IIIT-H Telugu emotion (semi-natural) database for each
speaker, 3 utterances for each emotion are considered. The av-
erage KL distance scores for a set of reference (neutral) utter-
ance and test (one category at a time each of anger, happy, sad
and neutral) utterances for each 2-D feature space are shown
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Figure 1: A segment of neutral utterance speech signal and its instantaneous F0, SoE, EoE and η contours in voiced regions.

Table 3: The average KL distance values among reference
(‘neutral’ (NU)) utterance and test utterances of different emo-
tion states (‘anger’ (AN), ‘happy’ (HA), ‘sad’ (SA) and NU), for
IIIT-H Telugu emotion database.

2-D feature spaces
C1 C2 C3 C4 C5 C6

Speaker 1
NU vs NU 0.028 0.028 0.007 0.072 0.028 0.022
NU vs AN 2.100 69.70 1.600 110.0 0.400 93.00
NU vs HA 0.894 28.29 0.700 44.35 0.176 27.56
NU vs SA 0.964 0.918 0.772 0.497 0.274 0.137
Speaker 2
NU vs NU 0.068 0.064 0.052 0.043 0.023 0.034
NU vs AN 0.900 36.70 0.500 44.10 0.500 41.00
NU vs HA 0.244 38.22 0.016 46.338 0.273 41.37
NU vs SA 0.150 17.80 0.048 21.61 0.112 19.20
Speaker 3
NU vs NU 0.066 0.098 0.015 0.171 0.0581 0.096
NU vs AN 0.100 47.50 0.100 66.20 0.200 46.70
NU vs HA 0.421 22.09 0.255 312.74 0.152 20.90
NU vs SA 0.069 0.298 0.086 0.298 0.074 0.306
Speaker 4
NU vs NU 0.071 0.319 0.039 0.508 0.142 0.448
NU vs AN 7.479 48.45 7.101 75.71 0.320 59.35
NU vs HA 0.973 8.149 0.817 13.84 0.168 10.04
NU vs SA 0.712 0.447 0.058 1.833 1.265 0.424

in Table 3. The KL distance values between the reference neu-
tral utterance and the test neutral utterances are lower, when
compared to the distance values between the reference neutral
and the test emotion (anger, happy and sad) utterances. This
indicates that speakers modify their vocal effort at epochs in
producing the speech in non-normal state, i.e., emotional state.

In the case of simulated parallel databases the reference
(neutral) utterance and test utterances are chosen with same lex-
ical content. For each emotion (anger, happy, sad and neutral)
category, 3 sets of utterances (reference and test) are used. The
average KL distance scores for 2 speakers in the case of Berlin
EMO-DB and IIT-KGP SESC databases are given in Tables 4
and 5, respectively. The KL distance values between the refer-
ence neutral utterance and the test neutral utterances have lower
values than the distance values between the reference neutral ut-
terance and test the emotion (anger, happy and sad) utterances.
This indicates that the speakers modify certain features of ex-
citation source at epochs even to emote the same sentence in
different emotional states.

Apart from these general observations, it is also observed
that the range of KL distance values depend on the feature (space)
combination, and the values are also speaker, emotion and lan-
guage/culture specific. For example, the KL distance values of
all feature combinations in the case of anger (test) utterances
are high most of the time for all databases, which can be seen
in Tables 3, 4 and 5. This indicates that anger has large de-
viations from neutral in both Telugu (Indian) and German lan-
guages. The KL distance values for all feature combinations in
the case of sad (test) utterances are not high in the case of Tel-
ugu databases, as can be seen in Tables 3 and 4, indicating that
sad may not deviate too much from the neutral state. On the
other hand, sad has more deviations from neutral state for Ger-
man language seen in Table 5. The values are lower when loud-
ness measure is included in the feature combinations. This indi-
cates that loudness measure is speaker-specific, i.e., it cannot be
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Figure 2: The 2-D feature spaces for a speaker’s reference (neutral) utterance (marked by ‘o’) and test (anger) utterance (marked by
‘∗’).

Table 4: The average KL distance values among reference
(‘neutral’ (NU)) utterance and test utterances of different emo-
tion states (‘anger’ (AN), ‘happy’ (HA), ‘sad’ (SA) and NU), for
IIT-KGP SESC emotion database.

2-D feature spaces
C1 C2 C3 C4 C5 C6

Speaker 1
NU vs NU 0.070 2.082 0.010 2.139 0.061 2.263
NU vs AN 0.297 86.86 0.045 86.76 0.262 98.58
NU vs HA 0.570 14.84 0.242 15.04 0.309 16.83
NU vs SA 0.217 1.010 0.083 1.137 0.185 1.102
Speaker 2
NU vs NU 0.069 0.100 0.027 0.156 0.040 0.096
NU vs AN 0.352 38.20 0.134 53.2 0.216 38.60
NU vs HA 0.384 4.904 0.192 5.238 0.078 3.457
NU vs SA 0.210 0.551 0.181 1.684 0.065 1.482

Table 5: The average KL distance values among reference
(‘neutral’ (NU)) utterance and test utterances of different emo-
tion states (‘anger’ (AN), ‘happy’ (HA), ‘sad’ (SA) and NU), for
Berlin EMO-DB database.

2-D feature spaces
C1 C2 C3 C4 C5 C6

Speaker 1
NU vs NU 0.115 0.332 0.019 0.406 0.106 0.353
NU vs AN 2.198 4.573 1.015 3.702 0.700 4.010
NU vs HA 0.244 1.348 1.129 2.379 0.848 0.919
NU vs SA 2.336 2.594 0.136 4.050 1.533 2.517
Speaker 2
NU vs NU 0.670 0.256 0.053 0.826 0.615 0.278
NU vs AN 2.415 18.13 1.470 17.66 0.852 19.68
NU vs HA 3.710 15.21 7.412 11.51 5.481 12.42
NU vs SA 5.720 17.90 13.51 19.10 6.923 40.02

changed too much in the production of non-normal speech. The
values are very low for all feature combinations when both the
reference and test utterances are neutral, it is observed for all
the three databases. This indicates that, the neutral state is sus-
tainable in terms of the excitation source. The variation in the
KL values when the test is non-normal utterance, indicates that
there are unsustainable segments in emotional speech. Based
on these observations, we can say that the analyzed subseg-
mental features carry the production information of emotional
speech. These feature combinations are useful for developing
an emotion recognition system. Preliminary results of an emo-
tion recognition system for the 4-class ( anger, happy, neutral
and sad) problem gives an accuracy of 76% for IIIT-H Telugu
emotion database and 69% for Berlin EMO-DB database.

5. Summary

In this study, the role of features related to excitation source
component for the production of normal and non-normal speech
are analyzed. The analysis is performed at subsegmental levels
of speech. Based on this analysis it is observed that, speak-
ers modify certain components of speech when they produce
speech under emotional state, and also when they are prompted
to enact emotions through a specified text in a given language.
It can be concluded that, subsegmental features carry the pro-
duction information of an emotional speech, and hence they are
useful for recognizing emotions and also for synthesis of emo-
tions.
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