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1. Introduction

1.1. Relevance of the problem

During this decade, the voice interface has become more and more popular, the
essence of which the interaction is between human and computer based on the verbal
form. The idea of such an interface is based on the assertion that verbal communication
is the most natural way of human communication that can increase the efficiency of
interaction with a computer.

Emotions are an integral part of verbal communication. Emotion, like other non-
verbal data (for example, facial expression, posture etc.), conveys some of the
information on the basis of which we shape our reaction and respond to the message we
receive. Thus, analysis of non-verbal information will only increase the effectiveness of
the voice interface. For this purpose, there are ongoing researches on emotional
identification of speech, hoping to create reliable, emotional recognition methods that are
resistant to various factors, which will allow the human-computer interface to be more
natural and informative. On the other hand, the analysis of speech emotions could be

successfully applied in criminology, call centers, robot creation and other areas.

1.2. The object of research

The object of the dissertation research is the selection of features in the speech
signal and the classification of emotional speech in order to recognize the emotional state

of the spoken person.

1.3. The aim and tasks

The main objective of the work is to examine the task of classification emotions of
speech and to offer solutions that increase the classification accuracy and reduce the set
of necessary features.

To achieve the stated objective, the following tasks are as follows:

1. To propose a hierarchical classification scheme of emotions. This would increase
the accuracy of the classification compared to the flat scheme (in which all

emotions are classified in one step).



2. To formulate and apply feature selection methods for the hierarchical
classification scheme, which allow increasing classification accuracy and
reducing the set of necessary features.

3. To perform the experimental research of the proposed hierarchical classification
scheme of speech emotions, to evaluate the obtained accuracy of emotion

classification, the influence of feature selection methods on classification.

1.4. Scientific novelty

The dissertation examines the task of recognizing emotional speech. A hierarchical
speech emotion classification scheme is proposed completely independent of the
psychological, social and other factors that characterize emotions. It allows classifying
emotional speech records efficiently by using only the acoustic features of a speech
signal. The proposed hierarchical classification scheme was adapted to classify the

emotional Lithuanian speech records of extremely large volume (5000 records).

1.5. Research methods

For the objective of the work to be achieved and the tasks to be solved, literature
review, theoretical analysis and experimental exploratory research were performed.
Algorithm theories, data mining, statistical analysis, recognition theory, digital signal

processing knowledge were used in the work.

1.6. The defended statements

e The hierarchical speech emotion classification scheme is essentially more
effective than flat (one stage) classification from the point of view of

classification accuracy.

o Application of feature selection allows for a significant reduction in the amount
of data in question, while at the same time increasing the accuracy of the

classification compared to the full set of features.

o Different methods of feature selecting in the hierarchical classification scheme

do not have a significant effect on the effectiveness of the whole scheme.



e As the number of emotions in question increases, the average accuracy of
emotion classification decreases, and the number of features required for

maximizing the accuracy of the classification increases.

1.7. Approbation and publications of the research

The main results of the dissertation were published in two peer-reviewed periodical
publications, in four conference proceedings publications, and in two conference
proceedings abstracts. The main results have been presented and discussed at

2 international conferences.

1.8. The scope of the scientific work

The dissertation is written in Lithuanian and consists of 4 sections. The volume of
work is 100 pages and 37 figures and 7 tables are used in the text. The list of

90 references is listed in the dissertation.

2. The task of speech emotion recognition

The task of recognizing of emotional speech is not completely solved — the
recognition accuracy of emotions is not yet very high, therefore there are no proposed
systems of features and methods of recognition that would be unique and distinguished
by their efficiency. Nevertheless, speech emotion recognition is a relevant task and has a
great potential for application: identification of emotional state can be used in
criminology, call centers (in assessing the emotional state of the caller), the creation of
robots (in response to different emotional states) and in other fields, creating

preconditions for more efficient human-computer interaction.

The task of speech emotion recognition is the classic recognition task with its
content. Essentially, the process of recognizing emotions consists of 3 main stages:

speech signal analysis, classifier training and the classification stage.

It is very important to select appropriate features in the classification of speech
emotions. Prosodic and spectral features are the most popular and most often used for the
speech emotion recognition. Also, features such as epoch parameters, voice quality

characteristics, number of harmonics, Zipf features are also used [1]-[5].



The amount of distinctive features is uncertain and sometimes reaches several
thousand features. Such a large set of features is bound to be reduced for two reasons.
Firstly, for a well-trained classifier, a large set of features requires enormous amount of
data for training (emotional speech records). Secondly, large-scale sets of features mean
long training and classification process. The methods of feature selection are used for the
reduction of the set of features (Sequential Forward Selection, Sequential Backward
Selection, Promising First Selection, various genetic algorithms and others) and
transformation of features (principal component analysis, linear discriminant analysis,
multidimensional scaling, Lipschitz spacing method, Fisher discriminant analysis,

processing with neuron networks, decision trees) [2], [3], [6], [7]-

A classification of speech emotions is performed after formulation of the set of
features. The following three types of classification are proposed in the literature: flat,
local, global. Flat classification is attributed to one stage classification. Local and global
classification is attributed to a hierarchical classification. Hierarchical classification
takes place in several stages, distinguishing class or abstracted group in each stage. Such
a classification scheme implies the use of several classifications and even the application
of different feature subsets for each classifier. A tree structure or directional acyclic
graph can be used to represent the hierarchy.

Various hierarchical speech emotion classification schemes are proposed as an
alternative to one stage (flat) classification to improve the accuracy of emotion
recognition:

1. Gender of the speaker based two-stage hierarchical classification was applied to
identify two emotions (anger and neutral) in [8]. During the first stage, all
utterances are classified into three groups: male or neutral, female or anger, and
unknown group. During the second stage, the unknown group is classified into
two more groups: anger or male and neutral state or female.

2. Gender information was also used in six emotion task [1]. Here female and male
utterances were classified separately using different features.

3. Gender information with conjunction with arousal model of the emotion is used

in [3]. All six emotions are arranged into three groups by arousal dimension:



active, median, and passive. Each of these groups is classified into two specific
emotion classes using different classifiers.

4. Another dimensional emotion model was applied for hierarchical organization
in [2]. During the first step, all emotions are classified into high and low
activation classes. Furthermore, each class was divided into low and high potency.
During last step each class utterances were classified into separate emotions.

5. A psychologically-inspired binary cascade classification scheme using
dimensional descriptions of the emotions was presented in [7].

6. Arrangement of 5emotions into two groups was presented in [5]. This
hierarchical classification scheme was organized in hierarchical tree manner by
splitting five-class task into six binary classification tasks.

7. Three-level pairwise classification scheme for six emotions was implemented five
classifiers in [6]. Emotion pairs were composed in accordance with the highest
Fisher rate of all features.

8. Two-stage hierarchical classification schemes were proposed in [4]. All emotions
are grouped into two groups during first stage. Each emotional group is classified
into separate emotions during second stage. Different feature vectors were used
for each group.

To summarize, the hierarchical organization of classification of emotions can
achieve an average accuracy of 50 % to 88 %. It is superior to the classification of one
stage (flat) and results in a better recognition of emotions. The accuracy of speech
emotion recognition is also enhanced by the use of additional information such as

differences between male and female voices and psychological aspects of emotions.

3. Hierarchical speech emotions classification scheme
This work presents the hierarchical classification scheme of emotions of speech
based on the classification of the tree principle. Such a classification organization allows
the use of different sets of features at each stage of the classification, i.e. individually
selected set of features for each emotion or group.
There are three basic assumptions of the hierarchical classification of emotional

speech displayed below:



1. In the process of classifying emotions in one step, a problem such as the
overlapping of the features of the emotions in question (acoustic, prosodic and
other indications) occurs. This classification problem can be simplified by
reducing the amount of emotions analyzed simultaneously. This can be done by
classifying the emotions into stages, analyzing a limited amount of emotions in
each of them.

2. [Each emotion is characterized only by its characteristic acoustic and prosodic
features. These features for different emotions may be different or identical.
Therefore, increasing the average of recognition of emotions will not
necessarily increase the individual classification accuracy of each emotion.
The solution to this problem is to analyze each emotion or group of emotions,
characterized by the same characteristics, separately. Then, the maximum
accuracy of classification of such group would guarantee the accuracy of the
classification of each that group individually.

3. Emotions can be divided into different classes of different abstractions
depending on the selected features. The latter, according to other features, can
be subdivided into lower-level classes and so on, up to individual emotion
classes. For example, when classifying emotions according to the pitch
frequency, low-tone and high-tone classes can be created. Sadness, boredom,
neutral state can be attributed to the first one. Joy, anger would be attributable
to the high-tone emotions. Each of these classes can be divided into separate
emotions by using time, energy and other features for classification. A further
distribution to the classes would be possible by prosodic features (for example,

rising pitch, constant pitch, and falling pitch).

Thus, in view of the assumptions raised, it is possible to:

e Organize recognition of speech emotions on several levels;

e Use a different set of features for each emotion classification.

The predictable advantage is the ability for each level of classification to form the

most effective set of features for this level.
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3.1. Generalized hierarchical classification scheme

Taking into account the above assumptions for the classification of emotions in
speech, the hierarchical classification scheme for emotional speech is proposed.

The basic idea of the hierarchical classification scheme is the classification of
emotional speech records in several stages using different set of features in each stage
(Figure 1). In the first stage, all emotional speech records are divided into N classes

{Cl(l), ...,lell)}, which are determined by the set of first stage features Fl(l). This set of

features is constructed in such a way that classification in the classes {Cl(l), ...,lef)}
would give the maximum accuracy. In the second stage, each class of emotions is
divided into lower-level classes {Cl(z), ...,Cl(f)} or in separate individual emotions using
sets of second stage features Fk(z), k =1,...,K. Using this classification scheme can be
any number of classification steps L with different sets of features for each class. The

number of emotion classes in each stage is also unlimited. This can guarantee a proper

set of features for each level of classification, i.e. for each emotion.

Emotion set

1% level A
Y v
Class C; 1( 1) . Class CN ) /
LM level
Class (L) / Class Gy (L)
R
._ ¥ , ¥ ._ A 4 _ A 4
" Emotion 4 AR /" Emotion B /" EmotionD /... / Emotion E

Figure 1: The generalized hierarchical classification scheme for speech emotion recognition
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For example, when examining energy as features, in the first classification stage,
classification will be made into low and high energy classes (examples of low energy
emotions — boredom, neutral, high energy — joy, anger). In the second stage of
classification, low and high energy classes would be classified into lower-level classes or
individual emotions that would be defined by the features used (completely different

from those used during the first stage classification).

Each partial set of features F,ff) is used to classify a particular group of emotions or
emotions by organizing the classification of emotions on several levels. The main
principles of the proposed hierarchical classification scheme are as follows:

o Classification is organized on separate levels. In order to recognize emotions or

class of emotion, an individual and most effective feature or set of features F,fll) is
used at each stage of the classification. Such sets of features can be made using
the above-mentioned sequential or other feature selection techniques.

e The entire hierarchical classification process is described as a general

combination of all classes and emotions.
F={E"), m=1,.,M1l=1,..L. (1)

Here M is the number of emotion classes in a specific level of classification, L is

the number of classification levels.

Generally speaking, a set of emotions (or a set of classes derived from higher-level
classes) can be classified into any number of classes. The number of classes analyzed
(one level) and the number of classification levels is defined by the total number of
emotions analyzed. The simplest case for classifying hierarchical emotions is the
classification into two classes of emotion or emotions.

The sets of features may be heterogeneous — they consist of different features (time,
spectrum, energy, voice quality, etc.) using a variety of methods and criteria for the
selection of features.

The main advantage of the proposed hierarchical classification of speech emotions
method is that the processes for classifying different levels are independent of a common

set of features. The classification process can be optimized by improving the accuracy of

12



the selected emotion class recognition without affecting the accuracy of other emotion

classes.

3.2. Feature selection methods

Three feature selection techniques were implemented in hierarchical classification
scheme: Maximal Efficiency criterion (ME), the criterion of the Minimal Cross-
Correlation of features (MC), and the Sequential Forward Selection (SFS) based

technique.

Maximal Efficiency Feature Selection Criterion

This criterion is proposed by making assumption on aggregate efficiency of
features with maximal individual efficiency i.e. of features giving the lowest
classification error. The formation of feature subset using ME selection criterion is

performed.

f =argminE(f"), j=1...,J. (2)
J

Here E(f ") is a classification error of the j-th feature in the I-th level f;%. J is a
total number of features in the I-th classification level.

The feature subset is initialized once and extended with the most effective features
fj(') repeatedly. The evaluation of every subset case is performed and the extension

process is stopped when all J features-candidates are considered.

Minimal Cross-Correlation Criterion

In this case assumption on the efficiency of linearly independent features is made.
Independent features make the set more effective than strongly correlated ones. Thus by
selecting linearly independent features one seeks for more effective subset.

Minimal Cross-Correlation (MC) criterion based feature selection is initiated with
the most efficient feature thus ensuring the discriminative power of the subset. The
analyzed feature subset is expanded by adding features with the minimal cross-

correlation value.

£ =argmin|R(f, 1) |, j=1,... 3. ®)

Here f " is the feature with highest classification accuracy for analyzed emotion

group. R(f o, f ) is the cross-correlation of the f \*’ and the new feature f ;.
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Again, the expansion of the feature subset {EL} is stopped when J features having

the least correlation with the most effective one are considered.

Sequential Forward Selection

Sequential Forward Selection technique (SFS) is one of the greedy search
algorithms aiming to find the most significant subset of the features. Here the aggregate
efficiency of the feature subset is considered rather than individual properties of the
feature.

SFS of features starts from initialization of the empty feature subset F,. The subset

is extended with a feature ;" making the new subset F;., more effective

fO —arg max[E(Fi + ) - E(Fi):|’ i=12..3. (4)
J

The feature set extension step is repeated until the efficiency of newly obtained

feature set F;.1 increases or while i < J, J — total number of features.

4. Experimental study
Experimental research is taken in three stages: comparison of feature selection
criteria, evaluation of efficiency of hierarchical emotion classification scheme, and

comparison of alternative hierarchical schemes.

Recognition tasks of 3 emotions (anger, joy, neutral), 4 emotions (anger, joy,
neutral, sadness), and 5 emotions (anger, joy, neutral, sadness, and fear) were chosen.
1000 examples (for Lithuanian spoken language emotion database [10]) and 60 examples
(for Berlin emotional speech database [9]) of each emotion were analyzed during

experiment.

The results of the thesis are averaged results of the 3-fold testing for Berlin
emotional speech database and 10-fold testing for Lithuanian spoken language emotion

database.

Non-parametric K-Nearest Neighbor classifier was selected for experimental
testing. The value K=5 (for Berlin emotional speech database) and K=7 (for
Lithuanian spoken language emotion database) were selected considering different size

of data sets.
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The initial full features set consisted of 6552 different speech emotion features. The

features for the experiment were extracted using OpenEAR toolkit [11].

Comparison of feature selection criteria

Emotion classification accuracy has been compared measuring maximal efficiency,

minimal correlation and using sequential feature selection methods. To evaluate

accuracy, herewith, the results of classification are provided using full feature sets.
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Figure 2: German emotion classification using full set (FS), Maximal efficiency (ME), minimal
correlation (MC), Sequential forward selection (SFS).

As can be seen in Figure 2, using full feature set the minimal accuracy is under

50 %. Maximal accuracy is reached using sequential forward selection (SFS) method —

the average accuracy in case of five emotions is 77.3 %, in case of three emotions —

87.2 %.

Looking at the results of research on Lithuanian spoken language emotions, it can

be stated that there is not much of a difference between the German spoken language

emotions (Figure 3).
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Figure 3: Lithuanian emotion classification using full set (FS), Maximal efficiency (ME), minimal
correlation (MC), Sequential forward selection (SFS).

Sequential forward selection method is equally efficient in Lithuanian and in

German cases.
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Figure 4: Feature set order using different selection methods for German emotion classification.

Figure 4 and Figure 5 listed feature set order combined using different selection

methods.
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Figure 5: Feature set order using different selection methods for Lithuanian emotion classification.

In German and in Lithuanian language cases the minimal feature order is received
using SFS method: 6 (3 emotions German), 17 (3 emotions Lithuanian). Maximal feature
order received using ME: 15 (3 emotions), 101 (5 emotions Lithuanian). Having in mind,
that number of German utterances was 5 times less comparing with Lithuanian, it can be

stated that with increment of samples the feature set order is also increasing.

Experimental research on comparison of feature selection criteria shows that
maximal efficiency, minimal cross-correlation, sequential forward selection provides
similar results. No obvious advantage neither of methods can be stated after the research
at the viewpoint of classification accuracy. Nevertheless, the Sequential forward
selection technique enabled us to obtain up to 4 times smaller feature sets in comparison

with other two techniques.
Hierarchical emotion classification

In this stage, efficiency of hierarchical classification scheme will be evaluated and

compared with flat classification scheme.

A two-stage classification scheme was designed assuming low-pitch and high-pitch

emotion classes in the first classification stage.

17



In case of 3 emotions (joy, anger, and neutral state) task two-level classification

will be held. The low-pitch class should contain neutral state patterns only so the second

level will contain only one classification process using feature set FZ(Z).

No obvious differences between selection methods were noticed — they all provided
similar classification results. Comparing with flat scheme results, the advantage of

hierarchical classification is obvious — 15-40 % higher accuracy (Table 1).

Table 1: Classification results of three emotions

Classification accuracy, %
Base Criteria Anger Joy Neutral Average _of three
emotions

Berlin ME 81.7 81.7 96.7 86.7
DB MC 85 81.7 96.7 87.8
SFS 86.7 75 96.7 86.1
ME 56.6 67.3 65.5 63.1
LT DB MC 54 62.6 70.3 62.3
SFS 57.6 71.7 66 65.1

The most accurately classified emotion in both (German and Lithuanian) cases is
neutral. The most number of errors received classifying joy in German case and anger in

Lithuanian case. The possible reason might be different acting.

Table 2: Confusion matrix for Lithuanian emotions classification

Emotions Classified, %
Anger Joy Neutral
Anger 57.6 32.1 10.3
Joy 15.1 71.7 13.2
Neutral 18.3 15.7 66

As one can see in Table 2, the most frequent classification error — anger classified
as joy. These emotions are acoustically similar and that is the reason of false

classification.

There were no signs of feature overlap between the separate classification levels,
different feature subsets were formed at all levels. This demonstrates a well-defined
hierarchical classification task by dividing emotions into low-pitch and high-pitch

groups.
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In case of 4 emotions (joy, anger, sadness, and neutral state) two-level
classification will occur. The low-pitch class should contain sadness and neutral state

patterns and the high-pitch class should contain joy and anger patterns.

Again, all feature selection methods provided similar results (Table 3). In German
case, results remained similar to results of classifying three emotions. While, in
Lithuanian case, classification accuracy reduced and stayed at approx. 55 %, but still

remained higher than in flat classification.

Table 3: Classification results of four emotions

Classification accuracy, %
Base Criteria Anger Joy Neutral | Sadness Average_of four
emotions

Berlin ME 80 76.7 91.7 96.7 86.3
DB MC 85 81.7 93.3 95 88.8
SFS 88.3 73.3 98.3 98.3 89.6
ME 53.5 62.2 50.1 56.8 55.7
LT DB MC 49.6 58.3 46.4 63.8 54.5
SFS 52 67.6 48 57.8 56.4

One can see that in German case the most accuracy classified emotion is sadness, in

Lithuanian case — joy and sadness.

Table 4: Confusion matrix for Lithuanian emotions classification

Classified, %
Anger Joy Neutral Sadness
Anger 52 36 6.2 5.8
Joy 19.1 67.5 11.1 2.2
Neutral 15.6 10.4 48 26
Sadness 3.7 7.1 31.4 57.8

Table 4 shows the most frequent classification error is classifying joy, in German

case, and neutral emotion, in Lithuanian case.
No feature overlap between the separate classification levels was also obtained.

In case of 5 emotions (joy, anger, sadness, fear and neutral state) two-level
classification will occur. The low-pitch class should contain sadness and neutral state

patterns and the high-pitch class should contain joy, anger and fear patterns.
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In this case, SFS method provided the best results — 3-8 % better than the other two
methods (Table 5). Accuracy is lower by 10 %, compared with four emotions. Therefore,
it can be stated that classification complexity increases the accuracy reduces. The
increasing complexity of classification task, pointed out the difference between German
and Lithuanian databases — the German database is more resistant to increasing number

of emotions.

It can be seen that in German case the most accuracy classified emotion is neutral

and sadness, in Lithuanian case — sadness (Table 5).

Table 5: Classification results of five emotions

Classification accuracy, %
. Average
Base Criteria Anger Joy Neutral | Sadness Fear of five
emotions
ME 80 55 91.7 93.3 63.3 76.7
Berlin DB MC 85 58.3 85 75 71.7 75
SFS 81.7 63.3 90 90 73.3 79.7
ME 42.7 48.1 45.1 49.3 45.2 46.1
LT DB MC 42.4 38.1 40.3 52.8 34.6 41.6
SFS 49.4 60.6 41.2 50.3 46.7 49.6

The highest overlapping is between joy and anger, neutral and sadness. The highest

identification is between anger and sadness (Table 6).

Table 6: Confusion matrix for Lithuanian emotions classification

Classified, %
Anger Joy Neutral Sadness Fear
Anger 49.4 29.6 12.4 6.9 1.7
Joy 16.4 60.6 8.5 6.1 8.4
Neutral 7.2 10.9 41.2 33.5 7.2
Sadness 1.1 55 35.7 50.3 7.4
Fear 4.7 5.1 33.4 10.1 48.7

Figure 6 and Figure 7 illustrate the dependency between emotion classification

accuracy and number of emotions. Two tendencies can be noted:

¢ Increasing number of emotions reduce classification accuracy.
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e The number of samples used in classification has impact on accuracy — the
higher number of samples the lower accuracy of classification because of

overlapping features.
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Figure 6: German emotion classification dependency on number of emotions using full set (FS),
Maximal efficiency (ME), minimal correlation (MC), Sequential forward selection (SFS)
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Figure 7: Lithuanian emotion classification dependency on number of emotions using full set (FS),
Maximal efficiency (ME), minimal correlation (MC), Sequential forward selection (SFS)

A more complex classification task has led to a partial feature overlapping of

different levels. In the case ME selection based analysis of Lithuanian language
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emotions, 2 (out of 59) first-level features were selected on the next levels. This
corresponds to 3.4 % overlap only, so this fact does not invalidate the above-stated

statement of the well-defined levels of the hierarchical classification scheme.

Besides, in case of 5 emotions classification task more complex feature sets were

obtained: the sets were larger and contained wider range of various features.
Alternative hierarchical schemes

For comparison, five emotions classification task was used from German database,
as other authors also use the same database. For experimental research, work has been

done on the schemes:

e Scheme #0. It is previously investigated 5 emotions classification hierarchical

scheme.

e Scheme #1. It is previously investigated 5 emotions classification hierarchical
scheme modification. The low-pitch class should contain sadness, fear, and
neutral state patterns and the high-pitch class should contain joy and anger

patterns. We will have two-level classification.

e Scheme #2. This scheme is based on work [7]. Neutral state and joy depends to
non-negative valence class. Anger, sadness and fear — to negative valence class.
The latter class during second level divided into positive activation (anger, fear)

and negative activation (sadness) classes. We got two-level classification.

e Scheme #3. During the first step all 5 emotions are classified into high activation
(anger, joy, fear) and low activation (sadness and neutral set) classes [2]. Further
first class was divided into high (anger and joy are divided during third step) and
low (fear) potency classes. Low activation emotions also are classified into high

(neutral state) and low (sadness) emotions.

All schemes differ on emotions grouping. Comparing the classification results, it

will be possible to evaluate proposed scheme resistance to grouping emotions to classes.
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Figure 8: Alternative hierarchical schemes emotions classification accuracy mean values

Figure 8 illustrates classification results that points out that the results provided by

different methods are similar — variation of accuracy is in 5-8 % interval.

Figure 9 illustrates the order of feature sets gathered by selection methods and used
in alternative schemes. From the given illustration, one can see that the minimal order of
feature set is received using SFS method (13-20 features), the maximal order provided
by ME method (2237 features).

By evaluating the dependence of the features on the number of analysed emotions,
we have noticed the consistent increase in sets with increasing number of emotions. In
the case of SFS based analysis of Germanic emotions, 57 % of the features selected for
classification of 3 emotions were also included into the set for classification of
4 emotions. 27 % of the 4 emotions oriented features were included into the set for

classification of 5 emotions.

In case of Lithuanian language, 62 % of the features selected for 3 emotions
classification task have been included into the set for 4 emotion classification. 36 % of

features of the 4 emotions task were incorporated into the set of 5 emotion classification.

Somewhat smaller, but similar results were obtained for other selection techniques

also.
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Figure 9: Feature set orders for alternative hierarchical schemes.

Conclusions

After experiments, the following conclusions can be made:

Hierarchical emotions classification scheme is more efficient, with respect to
classification accuracy, than flat (one stage) classification.
o Experiments prove that proposed hierarchical scheme is more efficient
against flat classification by 40 %.
o The feature overlap between the different hierarchical classification
levels varied from 0 % to 3.4 %.
Feature selection methods enable greatly to reduce the amount of data used in
classification process and, at the same time, to improve classification accuracy
comparing with classification using the full sets.
o The proposed and applied selection methods allowed reducing the
feature sets order from 6552 features to 9-38 features in flat case, and 7—
110 features in hierarchical scheme case. The most efficient selection
method is sequential forward selection (SFS) method providing up to

four times shorter feature sets.

24



e Different feature selection methods do not have great impact on scheme
efficiency classifying emotions.

o Experiments shows that tested selection methods give 1.5-5 % accuracy
difference in German case, and 2—8 % in Lithuanian case.

o Classification accuracy is reducing with increasing number of emotions.

o With increment of emotions from 3 to 5 the order of feature sets
increased by 1.5-2 times. With increment of number of emotion samples
by 5 times, feature set order increased by 2—6 times.

o With the expansion of emotion set from 3 to 4, the feature set overlap
went up to 62 %. Expansion up to 5 emotion set, the highest overlap

was 36 %.
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HIERARCHINIS SNEKOS EMOCIJU KLASIFIKAVIMAS
Tyrimo sritis ir problemos aktualumas

Siame desimtmetyje itin pradéjo populiaréti balso sasaja, kurios esmé — verbaline
forma grjsta zmogaus ir kompiuterio saveika. Tokios sgsajos idéja remiasi teiginiu, jog
verbalinis bendravimas yra pats natiraliausias Zmogaus bendravimo biidas, kuris gali

padidinti sgveikos su kompiuteriu efektyvuma.

Neatsiejama verbalinio bendravimo dalis yra emocijos. Emocija, kaip ir Kita
neverbaliné raiSka (pavyzdziui, veido iSraiska, laikysena), perduoda dalj informacijos,
kuria remdamiesi mes formuojame savo reakcijg ir atsakg ] gaunamg Zzinig. Taigi
neverbalinés informacijos analizé tik padidins balso sgsajos efektyvumg. Tuo tikslu ir
yra vykdomi $nekos emocijy atpazinimo tyrimai, tikintis sukurti patikimus, jvairiems
veiksniams atsparius Snekos emocijy atpazinimo metodus, kurie leis Zmogaus ir
kompiuterio sgsajai suteikti daugiau natiiralumo, informatyvumo. Kita vertus, Snekos
emocijy analizé galéty buti sékmingai pritaikoma kriminalistikoje, skambuciy centruose,

kuriant robotus ir kitose srityse.

Tyrimy objektas
Disertacijos tyrimy objektas — emocijy pozZymiy Snekos signale atranka bei

emocionalios Snekos klasifikavimas, siekiant atpazinti Snekanc¢iojo emocing biiklg.

Darbo tikslas ir uzdaviniai

Pagrindinis darbo tikslas yra iSnagrinéti Snekos emocijy klasifikavimo uzdavinj ir
pasiilyti sprendimus, leidzian¢ius padidinti klasifikavimo tikslumg bei sumazinti
reikalingy poZymiy aibe.

Siekiant suformuluoto tikslo, buvo sprendziami Sie uzdaviniai:

1. pasitlyti hierarching emocijy klasifikavimo schema, kuri leisty padidinti
klasifikavimo tikslumg lyginant su tiesiogine schema (kurioje visos
emocijos klasifikuojamos is karto vienu zingsniu);

2. hierarchinei klasifikavimo schemai suformuluoti ir pritaikyti pozymiy
atrankos metodus, leidzian¢ius padidinti klasifikavimo tikslumag bei

sumazinti reikalingy poZymiy aibg;
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3. atlikti  pasitlytosios hierarchinés emocijy klasifikavimo schemos
eksperimentinj tyrima, jvertinti gaunamg emocijy klasifikavimo tiksluma,

pozymiy atrankos metody jtakg klasifikavimui.

Mokslinis darbo naujumas

Disertacijoje yra nagrinéjamas emocionalios Snekos atpaZinimo uzdavinys. Yra
pasitlyta hierarchiné klasifikavimo schema, kuri yra visiSkai nepriklausoma nuo
psichologiniy, socialiniy ir kity emocijas apibidinanciy veiksniy. Ji leidzia atlikti
efektyvy emocionalios Snekos jrasy klasifikavimg naudojant tik akustinius S$nekos
signalo pozymius. Pasiiilytoji hierarchiné klasifikavimo schema buvo pritaikyta itin

didelés apimties (5 000 jraSy) emocionalios lietuviy Snekos jraSams klasifikuoti.

Tyrimo metodika

Darbo tikslui pasiekti ir uzdaviniams spresti buvo atlieckama literatiros apzvalga,
teoriné analizé, jvykdytas eksperimentinis zvalgomojo (angl. exploratory) pobidzio
tyrimas. Darbe buvo panaudotos algoritmy teorijos, duomeny gavybos, statistinés
analizés, atpazinimo teorijos, skaitmeninio signalo apdorojimo Zinios.
Ginamigji teiginiai

e Hierarchiné emocionalios Snekos klasifikavimo schema tikslumo poziiriu
yra 1§ esmes efektyvesné uz tiesioginj (vieno etapo) klasifikavima.

e Pozymiy atrankos taikymas leidzia reikSmingai sumaZzinti nagrin¢jamy
duomeny kiekj ir kartu padidinti klasifikavimo efektyvuma, palyginti su
pilnais pozymiy rinkiniais.

e Hierarchingje klasifikavimo schemoje skirtingi pozymiy atrankos metodai
neturi esmings jtakos visos schemos efektyvumui.

e Did¢jant nagrin¢jamy emocijy skaiciui, vidutinis emocijy klasifikavimo
tikslumas mazéja, o klasifikavimo tikslumui maksimizuoti reikalingas

pozymiy kiekis did¢ja.
Darbo rezultaty aprobavimas

Publikacijos periodiniuose recenzuojamuose leidiniuose:
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Emotion using Sequential Forward Feature Selection. Journal on Electrical,
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Tamulevi¢ius G., Liogiené¢ T., 2015. Low-order Multi-level Features for
Speech Emotion Recognition. Baltic Journal of Modern Computing Vol. 3,
No. 4: 234-347. ISSN 2255-8950.

Publikacijos recenzuojamuose konferencijy leidiniuose:

Liogien¢ T., Tamulevicius G., 2016. Comparative Study of Multi-stage
Classification Scheme for Recognition of Lithuanian Speech Emotions.
Proceedings of the 2016 Federated Conference on Computer Science and
Information Systems. ACSIS, Vol. 8,: 483-486, ISSN 2300-5963.

Liogiené T., Tamulevi¢ius G., 2015. SFS Feature Selection Technique for
Multistage Emotion Recognition. Proceeding of the 2015 IEEE 3th Workshop
on Advances in Information, Electronic and Electrical Engineering: 1-4,
ISBN 978-1-5090-1201-5.

Liogiené T., Tamulevicius G., 2015. Minimal Cross-correlation Criterion for
Speech Emotion Multi-level Feature Selection. Proceedings of the Open
Conference of Electrical, Electronic and Information Sciences (eSTREAM).
Washington, IEEE: 1-4, ISBN 978-1-4673-7445-3.
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Liogiené¢ T., Tamulevic¢ius G. Low-order Multi-level Features for Speech

Emotions Recognition. Data Analysis Methods for Software Systems: 6th
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International Workshop: [abstracts book], Druskininkai, Lietuva, ISBN 978-
9986-680-50-5, gruodzio 4-6 d., 2014, p. 35.

Disertacijos struktura

Disertacijg sudaro 4 skyriai: Jvadas, Emocijy klasifikavimo uzdavinys, Hierarchiné
emocijy klasifikavimo schema, Eksperimentinis tyrimas bei bendrosios iSvados su
literatiros sgraSu. Disertacijos apimtis: 100 puslapiy, 7 lentelés, 37 iliustracijos.

Disertacijoje remtasi 90 literattiros Saltiniy.

Bendrosios iSvados

Disertacijoje iSnagrinétas emocijy atpazinimo S$nekoje uzdavinys, iSanalizuotos
hierarchinio emocijy klasifikavimo schemos. Analitinéje dalyje emocijoms klasifikuoti

pritaikyta sprendimy medzio struktiira ir pasitlyta hierarchinio klasifikavimo schema.
Pagrindiniai rezultatai:

e Remiantis sprendimy medziy idéja, suformuluota hierarchinio klasifikavimo
schema, leidzianti nagrinéti pageidaujamg Snekos emocijy kiekj. Pasitlytos

schemos struktiira priklauso nuo pasirinktojo emocijy grupavimo.

e Pozymiy rinkiniams sudaryti suformuluoti maksimalaus efektyvumo ir
minimalios koreliacijos atrankos metodai, pritaikytas nuoseklaus aibés didinimo

metodas. Visi atrankos metodai pritaikyti hierarchinei klasifikavimo schemai.

o Atliktas pasitlytos klasifikavimo schemos eksperimentinis tyrimas su emocijy
vokieCiy kalbos jrasais. Atlikti didelés apimties eksperimentai su suvaidinty

emocijy lietuviy kalba jrasais.

Atlikus eksperimentinius tyrimus, suformuluotos tokios iSvados bei jas

patvirtinantys eksperimentiniai rezultatai:

e Hierarchiné emocionalios Snekos klasifikavimo schema yra 1§ esmés

efektyvesné uz tiesioginj (vieno etapo) klasifikavimg tikslumo poziiiriu.

o Eksperimenty metu gautas hierarchinés schemos vidutinis klasifikavimo
tikslumas iki 40 proc. didesnis nei tiesioginés vieno etapo klasifikavimo

schemaos.
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o Pozymiy persidengimas tarp atskiry hierarchiniy lygmeny kito nuo
0 proc. iki 3,4 proc.

e Pozymiy atrankos taikymas leidzia reikSmingai sumazinti nagrinéjamy
duomeny kiekj ir kartu padidinti klasifikavimo tikslumg, lyginant su pilnais
pozymiy rinkiniais.

o Pasiiilytieji ir pritaikytieji atrankos metodai leido sumazinti pozymiy
skai¢iy nuo 6552 (pilno pozymiy rinkinio atveju) iki 9-38 pozymiy
tiesioginés schemos atveju bei 7-110 pozymiy hierarchinés schemos
atveju. Pozymiy rinkiniy apimties poziiiriu efektyviausias —nuoseklaus
aibés didinimo metodas, kuris leido gauti iki 4 karty mazesnés apimties

pozymiy rinkinius, palyginti su kitais dviem atrankos metodais.

e Hierarchingje klasifikavimo schemoje skirtingi pozymiy atrankos metodai

neturi esminés jtakos visos schemos efektyvumui.

o Tyrime skirtingi atrankos metodai 1émé 1,5-5 proc. tikslumo skirtumus

vokieciy kalbos atveju ir 2—8 proc. skirtumus lietuviy kalbos atveju.

e Didé¢jant nagrin¢gjamy emocijy skai¢iui, vidutinis emocijy klasifikavimo
tikslumas mazg¢ja, o klasifikavimo tikslumui maksimizuoti reikalingas poZymiy

rinkinio sudétingumas bei dydis auga.

o Nagringjamy emocijy skai¢iui pakitus nuo 3 iki 5, pozymiy Kiekis
rinkiniuose padidé¢jo 1,5-2 kartus. Nagrinéjamam vienos emocijos
pavyzdziy skai¢iui padidéjus 5 kartus, pozymiy skaiCius rinkiniuose

eksperimenty metu padidéjo 2—6 kartus.

o Nagrin¢jamy emocijy skaiius pakitus nuo 3 iki 4, gautyy poZymiy
rinkiniy persidengimas sieké 62 proc., emocijy skaiciui pakitus nuo 4 iki

5 — 36 proc.
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