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The voice is an extraordinary human instrument. Every time we speak, our voice reveals our
gender, age, culture background, level of education, native birth, emotional state, and our
relationship with the person spoken to. All these clues are contained in even small speech segment,
and other people can read our voices with remarkable accuracy. When we speak, we “encode”

important information about ourselves; when we listen to others, we can “decode™ important
information about them. One of the goals of human-computer interaction (HCI) is the improvement
of the user experience, trying to make this interaction closer to human-human communication.
Inclusion of speech emotion recognition was one of the key points to include “perception” to
multi-media devices. This improved their user interfaces. However, the analysis of emotional states
by the study of the implicit channel of communication (i.e. the recognition of not only what is said

but also how it is said) may improve HCI making these applications more usable and friendly.

We can communicate using speech from which various information can be perceived. Emotion is
an especial element that does not depend on the content of the utterance and is useful in
communications that reflects the speaker's intention. Most previous techniques for automatic
speech emotion recognition focus only on the classification of emotional states as discrete categories
such as happy, sad, angry, fearful, surprised, and disgusted. However, emotions are usually
gradually change from weak to high degree. Therefore, an automatic speech emotion recognition
system should be able to detect the degree or the level of the emotional state form the voice. Hence,

in this study we adopt the dimensional descriptions of human emotion, where emotional states are




estimated as a point in a three-dimensional space. These dimensions are suitable for representing the

gradient nature of emotional state.

This research is concerned with the automatic speech emotion recognition system based on the
dimensional model. In this model, human emotional state is represented as a point in a space consists
of three dimensions: valence, activation, and dominance. Valence is used to describe emotion in
terms of positive and negative assessments (e.g. happy and encouraging have positive-valence
whereas angry and sad have negative-valence). Activation is used to define emotion in terms of
arousal or excitation (e.g. happy and angry have positive-activation while sad and bored have
negative-activation). The dominance dimension indicating the degree of weakness or strength of an
expression, this dimension used to distinguish between the close neighborhood of anger and fear in
the valence-activation space. The input for the automatic system are acoustic features extracted from
speech signal and the output are the estimated values of valence, activation, and dominance. These
estimated values for the three dimensions not only identify the emotional state but also the degree of

the emotional state such as “low happy”, “happy”, “very happy”.

Conventional speech emotion recognition methods using the dimensional approach are mainly
focused on investigating the relationship between acoustic features and emotion dimensions as a
two-layer model, i.e. acoustic feature layer and emotion dimension layer. However, using this model
has the following problems: (i) we do not know what acoustic features are related to each emotion
dimension (ii) the acoustic features that correlate to the valence dimension are less numerous, less
strong, and more inconsistent, and (iii) the values of emotion dimensions are difficult to estimate
precisely only on the basis of acoustic information. Due to these limitations, values of the valence

dimension have been particularly difficult to predict by using the acoustic features directly.

The ultimate goal of our work is to improve the conventional dimensional method in order to
precisely predict values of the valence dimension as well as improve prediction of those of the
activation and dominance. To achieve this goal, we construct an automatic speech emotion
recognition system by adopting a three-layer model for human perception described by Scherer
(Scherer, 1978) and developed by Huang and Akagi (Huang and Akagi, 2008). It was assumed that,
a listener perceives the acoustic features and internally represented them as a smaller perception e.g.
adjectives describing emotional voice such as Bright, Dark, Fast, and Slow. These smaller percepts

or adjectives are finally used to judge the emotional state of the speaker.

In this thesis, the proposed idea to improve automatic speech emotion recognition system can be
done by imitating the process of human perception for emotional state from the speech signal. The
conventional two-layer model has limited ability to find the most relevant acoustic features for each
emotion dimension, especially valence, or to improve the prediction of emotion dimensions from

acoustic features. To overcome these limitations, this study proposes a three-layer model to improve



the estimating values of emotion dimensions from acoustic features. Our proposed model consists of
three layers: emotion dimensions (valence, activation, and dominance) constitute the top layer,
semantic primitives the middle layer, and acoustic features the bottom layer. A semantic primitive

layer is added between the two conventional layers acoustic features and emotion dimensions.

We first, assume that the acoustic features that are highly correlated with semantic primitives will
have a large impact for predicting values of emotion dimensions, especially for valence. This
assumption can guide the selection of new acoustic features with better discrimination in the most
difficult dimension. The second assumption is that human can judge the expressive content of a
voice even without the understanding of one language, such as emotional state of the speaker from
different language. Using the second assumption, we investigate the universality of the proposed

speech emotion recognition system to detect the emotional state cross-lingually.

To sum up, the aims of this work is to investigate the following assumptions: (1) Selecting
acoustic features based on the proposed three-layer model of human perception will help us to find
the most related acoustic features for each emotion dimensions. (2) Using these selected acoustic
features, as inputs to an automatic emotion recognition system will improve the accuracy of all
emotion dimensions especially valence. (3) In addition, we investigate whether there are acoustic
features that allow us to estimate the emotional state from the voice of a person no matter what
language he/she speaks. We are interesting to build a global automatic emotion recognition system,

which have the ability to detect the emotional state regardless of language.

Therefore, the method we adopt to construct our speech emotion recognition system includes the
following steps: first, we proposed a new acoustic feature selection algorithm to select the most
relevant acoustic features for each emotion dimension by using a top-down method. Then, we build
a perceptual three-layer model for each emotion dimension using a top-down method, one emotion
dimension in the top layer, the highly correlated semantic primitive to this dimension in the middle
layer, in the bottom layer the highly correlated acoustic feature to the highly correlated semantic
primitives in the middle layer. Finally, a button-up method was used to estimate values of emotion
dimensions from acoustic features by firstly, using fuzzy inference system (FIS) to estimate the
degree of each semantic primitive from acoustic features, and then using another FIS to estimate

values of emotion dimension from the estimated degrees of semantic primitives.

The proposed emotion recognition system was validated using two different languages (Japanese
and German) in two different cases (speaker-dependent and multi-speaker). Firstly, the system was
implemented for each language individually to investigate whether the system can be applied for any
language. Secondly, the common acoustic features between the two languages are used to validate

the second assumption.

The experimental results reveal that by using the proposed features selection algorithm for the two



databases, we found many related acoustic features for each emotion dimension. The estimation
accuracy for emotion dimensions is improved using the selected features comparing with all features.
Moreover, the three-layer model can be applied for the two-different language databases with similar
performance. The most important result is that the proposed three-layered model outperforms the
conventional two-layered model. The speaker-dependent vs. multi-speaker emotion estimation was
tested; it was found that the performance of speaker-dependent is better that multi-speaker. Finally,
the estimated values of emotion dimensions are mapped into the given emotion categories using a
Gaussian Mixture Model classifier for the Japanese and German databases. For the Japanese
database, an overall recognition rate was up to 94% using emotion dimensions. For the German

database, the recognition rate was up to 95.5% for speaker-dependent tasks.

In order to investigate whether the automatic system can detect the emotion dimensions for one
language by training the system using different language. The proposed speech emotion recognition
system was trained using Japanese language and tested using German language and vice versa. It
was found that the cross-language emotion recognition system could estimate emotion dimensions

with small error comparing the estimation results from a system trained using the native language.

The results indicated that the three-layer system shows an internal structure of human perception
clearly and has the recognition accuracy better than that of the two-layer system. In a sense of
imitating the perception mechanism of humans, the constructed system provides a more effective

emotion recognition system compared with the conventional methods.
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