
	
  

 

   

 

University of Žilina 
Faculty of Electrical Engineering  

Department of Telecommunications and Multimedia 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

SUPPORT VECTOR MACHINE BASED APPROACH 
FOR SPEAKER CHARACTERIZATION 

 
DOCTORAL THESIS 

 
2826020123077 

 

 
 
 
 
 
 
 

 
 

2012        Ing. Martin Hric 



	
  

 

 

 

Žilinská univerzita v Žiline 
Elektrotechnická fakulta  

Katedra telekomunikácií a multimédií 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

CHARAKTERIZÁCIA REČNÍKA NA BÁZE 
METÓDY PODPORNÝCH VEKTOROV 

 
DIZERTAČNÁ PRÁCA 

 
2826020123077 

 

 
 
 
 
 
 
 

 
 

2012        Ing. Martin Hric 



	
  

 

 

 

UNIVERSITY OF ŽILINA 
FACULTY OF ELECTRICAL ENGINEERING 

DEPARTMENT OF TELECOMMUNICATIONS AND MULTIMEDIA 
 
 
 
 
 
 
 
 
 
 
 
 

SUPPORT VECTOR MACHINE BASED APPROACH 
FOR SPEAKER CHARACTERIZATION 

 
DOCTORAL THESIS 

 
2826020123077 

 
 
 
 

 
Field of study: 5.2.15 Telecommunications 
Study programme: Telecommunications 
Supervisor of the thesis: doc. Ing. Roman Jarina, PhD. 
 
 
 
 
 
 
Žilina 2012      Ing. Martin Hric 



	
  

 

 

 

ŽILINSKÁ UNIVERZITA V ŽILINE 
ELEKTROTECHNICKÁ FAKULTA 

KATEDRA TELEKOMUNIKÁCIÍ A MULTIMÉDIÍ 
 
 
 
 
 
 
 
 
 
 
 
 

CHARAKTERIZÁCIA REČNÍKA NA BÁZE 
METÓDY PODPORNÝCH VEKTOROV 

 
DIZERTAČNÁ PRÁCA 

 
2826020123077 

 
 
 
 

 
Študijný odbor: 5.2.15 Telekomunikácie 
Študijný program: Telekomunikácie 
Vedúci diplomovej práce: doc. Ing. Roman Jarina, PhD. 
 
 
 
 
 
 
Žilina 2012      Ing. Martin Hric 



	
  

 

 

 

Acknowledgement  
First I would like to thank to my supervisor Assoc. Prof Roman Jarina for all his 

support through my studies. I would like to thank all the people I have worked with, 

during my time at the university, and especially I would like to thanks to my 

colleagues in AudioLab. It is not possible to thank everyone here but I would like to 

particularly mention Prof. Gaël Richard, Assoc. Prof. Slim Essid and all people I met 

at Telecom ParisTech. 

  



	
  

 

 

 

Abstract 

This doctoral thesis focuses on the development of algorithms of speaker 

characterisation by voice. Namely, characterisation of speaker’s identity, and the 

emotional state detectable in his voice while using the application of state-of-the art 

classifier algorithm Support Vector Machine (SVM) will be discussed. The first part 

deals with the state of the art SVM classifier utilised for classification experiments 

where we search for more sophisticated form of SVM model parameters selection. 

Also, we successfully apply optimization methods (PSO and GA algorithm) on two 

classification problems. The second part of this thesis deal with emotion recognition 

in continuous/dimensional space. 

  



	
  

 

 

 

Abstrakt 
Táto dizertačná práca sa zaoberá charakterizáciou rečníkov, s hlavným dôrazom 

kladeným na rozpoznávanie identity rečníka a tiež rozpoznávaním emocionálneho 

stavu. Na tento účel je použitá moderná a univerzálna metóda podporných vektorov (v 

angličtine SVM – Support Vector Machine), ktorú je možné aplikovať na širokú škálu 

problémov klasifikácie alebo regresie. 

V práci sú úspešne aplikované optimalizačné algoritmy PSO a GA za účelom 

optimalizácie výberu parametrov potrebných na trénovanie SVM. Tento spôsob 

výberu parametrov pomocou optimalizačných algoritmov je porovnaný so 

štandardným spôsobom výberu parametrov pomocou naivnej metódy grid search. 

Dosiahnuté výsledky pri aplikácii na rozpoznávanie rečníkov a rozpoznávanie ručne 

písaných veľkých písmen anglickej abecedy potvrdzujú možnosť využitia tohto 

prístupu so značnou úsporou času pri trénovaní SVM. 

Práca sa ďalej zaoberá rozpoznávaním emocionálneho stavu pomocou hlasu 

v spojitom priestore. Za účelom rozpoznania je navrhnutý nový spôsob segmentácie 

rečového signálu založeného na detekcii základnej frekvencie. Emocionálny stav je 

predpovedaný pomocou SVM regresie. Pri tejto úlohe sa taktiež hľadali vhodné 

príznaky pre znelé a neznelé segmenty a pre každú dimenziu rozpoznávaných emócií.  
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1 INTRODUCTION, THESIS OUTLINE 
 

“The human voice is the organ of the soul.“ 
Henry Wadsworth Longfellow 

 
Speech is the first and the main communication tool among human beings that has 

been developing for thousands of years throughout human evolution. Different speech 

types have evolved on different continents. They have one thing in common: they are 

used for communication processes and exchange of information among people. 

Speech itself carries more information that one can imagine. For example, while 

calling our friend, we can sense his / her mood in spite the fact we cannot see him / 

her, or we can detect whether the friend is sick from the tone of his / her voice.  

Speech processing has been one of the most rapidly growing research areas in the 

past decade. Various specialized branches of speech processing have been formed 

within a couple of years. Researchers have been trying to understand the principles of 

speech production, or to identify speaker’s gender, identity, nationality or emotional 

state. Application area for a speech processing is almost unlimited at present. A large 

number of applications for speech and speaker recognition are now available in 

numerous languages. 

This doctoral thesis focuses on the development of algorithms of speaker 

characterisation by voice. Namely, characterisation of speaker’s identity, and the 

emotional state detectable in his voice while using the application of state-of-the art 

classifier algorithm Support Vector Machine (SVM) will be discussed. 

The second chapter provides a review of research work in the area of speaker 

identification and emotion recognition. The third chapter presents the goals of this 

thesis. Proposed methods and algorithms used in this study are presented in Chapter 4. 

Chapter 5 describes the foundation of SVM algorithm in detail. Emotion recognition 

and results of research are outlined in chapter 6. Original scientific contribution is 

evaluated in Chapter 7. Conclusion and suggestions for future research are 

summarized in Chapter 8. 
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2 STATE OF THE ART AND THEORETICAL 
BACKGROUND 

2.1 SPEAKER RECOGNITION 
The main purpose of Speaker Recognition is to identify “who” is talking. There are 

two main speaker recognition applications: 

1. Speaker verification 

2. Speaker identification 

The verification task verifies person’s identity prior to admission to secure facility 

or to a transaction over the telephone. Automatic speaker verification is the simpler 

task. It only requires evaluating the test pattern with one reference model of the 

processed speaker utterance. In context of automatic speaker verification, speaker that 

are known to systems are customers, while unregistered speakers are impostors.  

Speech 
Parameterization 

Module

Speech Data from 
un Unknown 

Speaker

Decision

Speaker Identity

Database of Known 
Speaker

Speech 
Parameterization 

Module

Statistical (or Anotther) 
Models

 

Fig. 2-1 Speaker identification flow chart 

On the other hand speaker identification (Fig. 2-1) is the task when we would like 

to associate a person’s voice with voice in audio conference, talk show or in police 

work [Shau00]. Speaker identification requires choosing which of Xs known voiced 
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best matches a test voice. Since Xs comparisons and decisions are often necessary, the 

error rate rises with Xs for automatic speaker identification while automatic speaker 

verification can have error rate independent of Xs [Shau00]. 

 Other applications connected with person’s voice recognition are gender 

identification, accent identification, spoken language recognition or recognition of 

persons emotional state [Shau00]. 

Speech parameterization in Fig. 2-1 represents feature extraction - usually for the 

task of speaker identification researchers use acoustic features like MFCC described 

in section 2.3. or linear prediction coefficients (LPC) [Bimb04] [Reyn95]. MFCCs are 

usually extended with first and second derivation to describe temporal changes of 

speech signals. 

2.2 EMOTION RECOGNITION 
Emotion recognition belongs to the affective computing which is the branch of 

artificial intelligence. It deals with design of systems and devices that can recognize, 

interpret, and process emotions. Term affective computing was introduced by 

Rosalinda Pichard at MIT in 1997. The research community in this field has grown 

rapidly. Nowadays, affective computing is an important field because computer 

systems have become an inseparable part of our everyday lives. [Or08] 

Facial emotion recognition will become important in future multi-cultural visual 

communication systems, for emotion translation between cultures, which may be 

considered analogous to speech translation. Most of the research paradigms are 

devoted purely to visual or purely to auditory human emotion detection. Facial 

emotion is mainly addressed by computer vision research, based on facial display. 

Acoustic research work focuses on detection of vocal expression of emotions. 

Research in the field of emotion recognition considers to process both auditory and 

visual information together and to create multi-modal approach for emotion 

recognition. [Silv97] 
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2.2.1 Definition of Emotions 

Human emotions are usually toned either positively or negatively. If there are no 

emotions present in the voice or facial expression, this state is called neutral. For 

example, positive emotions are surprise, pride, joy and love. On the other hand, 

negative emotions are anger, fear, disgust, sadness, anxiety and guilt. Division and 

categorization of human emotion can be looked at from the different views. 

In general, there is no sharp boundary between emotions which demonstrate the 

nature of human emotion. One emotion might have similar patterns with some of the 

emotions, while different from the others. The human perception of emotion is based 

on the integration of different patterns. [Guan09a] 

In general, AER system classifies 6 basic types of the emotions plus a neutral state. 

Basic types of facial emotion are: Anger, Happiness, Sadness, Surprise, Dislike and 

Fear. [Silv97, Syol08] They were proposed by Ekman who has conducted various 

experiments on human judgement on still photographs of posed facial behaviour. 

[Syol08] 

These basic expressions are textually defined according to [Syol08] in Tab. 2-1 and 

depicted in Fig. 2-2 [Syol08]. 

Expression Textual Description 
Natural (1) All face muscles are relaxed. Eyelids are tangent to the iris. The 

mouth is closed and lips are in contact. 
Anger (2) The inner eyebrows are pulled downward and together. The eyes 

are slightly closed. The mouth is relaxed. 
Sadness (3) The inner eyebrows are bent upward. The eyes are slightly closed. 

The mouth is relaxed. 
Surprise (4) The eyebrows are raised. The upper eyelids are wide open, the 

lower relaxed. The jaw is opened. 
Happiness (5) The eyebrows are relaxed. The mouth is open and the mouth 

corners pulled back toward the ears. 
Disgust (6) The eyebrows and eyelids are relaxed. The upper lip is raised and 

curled, often asymmetrically. 
Fear (7) The eyebrows are raised and pulled together. The inner eyebrows 

are bent upward. The eyes are tense and alert. 

Tab. 2-1 Basic facial expression adopted from [Syol08] 
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Fig. 2-2 Emotion specified facial expression (adopted from [Syol08]) 

Based on human perception, emotions can be divided into three categories such as 

visually dominant emotions, auditory dominant emotions and mixed dominant 

emotions. 

From research work in [Silv04, Silv97], it is obvious that different emotions 

dominate the different signal (speech or visual). From subjective evaluation study in 

[Silv97], Anger, Happiness and Surprise are visually dominant emotions. Sadness and 

Fear emotions are audio dominant emotions. Dislike emotion gives mixed response to 

different speakers. 

Some other researchers argue how many emotions are basic, which emotions are 

basic, and why they are basic. Other researchers claim that the list of basic emotions 

includes words that do not refer to emotions. [Gune08] 

Baron-Cohen and his colleagues investigated cognitive mental states (e.g., 

agreement, concentrating, disagreement, thinking, unsure and interest) and their use 

(see Fig. 2-3) in daily life via analysis of multiple asynchronous information sources 

such as facial actions, purpose head gestures and eye-gaze direction. They showed that 

cognitive mental states occur more often in day to day interactions than the so-called 

basic emotions. These states were also found relevant in HCI (Human Computer 

Interaction) context and have been used by a number of researchers [Gune08]. 
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Complex Mental States
(subset)

Agreeing Interested

Concentrating

Disagreeing Unsure

Thinking

Assertive
Committed
Persuaded

Sure

Asking
Curious

Impressed
Interested

Absorbed
Concentrating

Vigilant

Disapproving
Discouraging
Disinclined

Brooding
Choosing
Thinking

Thoughtful

Baffled
Confused
Undecided

Unsure
 

Fig. 2-3 Baron-Cohen's cognitive mental state [Gune08] 

Russell proposes that each of the basic emotions is a bipolar entity as part of the 

same emotional continuum. The proposed polars are arousal (relaxed vs. aroused) and 

valence (pleasant vs. unpleasant). Arousal is a feeling state that ranges from sleepiness 

or boredom to frantic excitement. Valence ranges from unpleasant feelings to pleasant 

feeling of happiness. [Gune08] Model is illustrated in Fig. 2-4.  

 

Fig. 2-4 Russel circumplex model (from [Russ11]) 
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In [Barr06], author reviewed scientific evidence indicating that when it comes to 

emotion, our experiences might be misleading. Author also reviewed scientific 

evidence to show that there is less than sufficient support for the idea that emotions 

exist as a discrete entities. This has left scientists with a paradox: People from western 

cultures experience anger, sadness, fear, and so on, even though scientists are without 

obvious empirical criterion for judging when these emotions have occurred. 

Author Emotions 
number 

Basic Emotions 

Ekman 6 anger, disgust, fear, joy, sadness, surprise 

Frijda 6 desire, happiness, interest, surprise, wonder, sorrow 

Plutchik 8 acceptance, anger, anticipation, disgust, joy, fear, 
sadness, surprise 

Tomkins 9 anger, interest, contempt, disgust, distress, fear, joy, 
shame, surprise 

Matsumoto 22 joy, anticipation, anger, disgust, sadness, surprise, fear, 
acceptance, shy, pride, appreciate, calmness, admire, 
contempt, love, happiness, exciting, regret, ease, 
discomfort, respect, like 

Tab. 2-2 Representative emotion categories (from [Peil08]) 

In [Peil08] authors illustrate some representative emotion categories with variety 

number of basic emotions (see Tab. 2-2). 

In [Schu02] authors explain that nowadays attempts to recognize user emotion are 

mostly based on classification from set of emotions that contains from four up to 

seven or eight different emotions. In the experiment, they classify six states defined in 

MPEG 4 standard plus a neutral state. 

The Linguistic Data Consortium (LDC) defined 14 emotion categories for 

emotional prosody description [LDC11].  

Overview of background research about categorization of emotions could be also 

found in [Gune08, Barr06, Peil08, Chun09]. 
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2.2.2 Features for Automatic Emotions Recognition 

Human affect sensing can be obtained from a broad range of behavioural cues and 

signals that are available via visual, acoustic and tactual expression or presentation of 

emotions. Affective states could be recognized from variety types of signal: 

visual/external signals such as gestures (e.g., facial expressions, body gestures, head 

movements, etc.), speech signal (parameters such as pitch, energy, frequency and 

duration), or invisible/internal signal such as physiological signals (heart rate, skin 

conductivity, salivation, etc.), or brain and scalp signals, and thermal infrared imagery 

[Gune08]. From these signals, we extract features suitable for emotional recognition 

task.  

In next subsections (2.2.3 and 2.2.4) are stated features that are most frequently 

used for audio, visual and audio-visual emotion recognition.  

2.2.3 Audio Features and Emotional Speech Characterization 

From physiology in the production of speech, De Silva in [Silv04] states that the 

sympathetic nervous system is aroused with the emotions of Anger, Fear or Joy. As a 

result, heart rate and blood pressure increase, the mouth becomes dry and there are 

occasional muscle tremors. On the other hand, with the arousal of the parasympathetic 

nervous system, as with Sadness, heart rate and blood pressure decrease and salvation 

increases, producing slow speech. The corresponding effects on speech of such 

physiological changes thus show up vocal system modification and affect the quality 

and characteristics of the utterances [Silv04]. 

In [Silv04] also can be found acoustical characterization of emotional speech. From 

their reported findings on features of speech and emotional states, there are three 

general types of speech variables related to the expression of emotional states. 

Namely: fundamental frequency (F0) contour, continuous acoustic variables and voice 

quality. Fundamental frequency is used to describe Fundamental frequency variations 

in terms of geometric patterns. Continuous acoustic variables include magnitude of 

fundamental frequency, intensity, speaking rate and distribution of energy across the 

spectrum. These acoustic variables are also referred to as the augmented prosodic 
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domain. The terms used to describe voice quality are tense, harsh, and breathy. These 

three general types of speech variables are somewhat interrelated [Silv04].  

A summary of the relationship between six archetypal emotions and the three types 

of speech parameters mentioned above is shown in Appendix 1 [Silv04]. 

In recent research, many different feature sets and recognition models have been 

used. From the reported results, however, there is no consistent conclusion for the best 

feature set and the most efficient models, which appear to be data-dependent. From 

emotion detection of natural speech, prosodic features, such as pitch, energy, and 

speaking rate, are typical features and are mainly used in research systems [Chun09]. 

 Features that can be used for emotion recognition from speech signal   are Mel 

Frequency Cepstral Coefficients (MFCC), features based on zero-crossing, spectrum 

or formants and so on. Authors in [Chun09] stated that these features have been 

studied but have not obtained significant improvements. Because there is no common 

agreement on a best feature set, the feature selection seems to be data-dependent 

[Chun09].  

In [Chun09] can also be found comparison of Short time Log Frequency Power 

Coefficients (LFPC) which outperformed the Linear Prediction Cepstral Coefficients 

(LPCC) and MFCC in emotion recognition from speech using Hidden Markov Model 

(HMM). From other reference in [Chun09], authors used for emotion recognition 

pitch, log energy, formant, mel-bands energies and MFCC as the basic features. They 

added velocity/acceleration of pitch and MFCCs to form feature streams. In addition 

to the generally used prosodic and acoustic features, some special features are also 

applied in this task. Also other features like disfluency and non-linguistic event 

features are used to form paralinguistic feature set like addition to conventional 

features [Chun09]. 

In [Silv04], three LFPC based features are used. In [Chen98], authors extract 

prosodic features from speech signal - first compute the pitch contour and RMS 

energy envelope of each sentence and then extract statistics of the pitch contour, 

energy envelope, and their derivates from voiced parts - total of 16 features are 

extracted. 
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In [Wang08], authors used for human emotional state description 25 prosodic 

features (variety of features derived from pitch, energy, average pause length and 

speaking rate), MFCC features (first 13 coefficients plus calculated mean, median, 

standard deviation, max and min of each order – total of 65 MFCC features) and 

formant frequency features (extraction based on Linear Prediction method and 

extracted 15 formant freq. features). These features were extracted from spectral 

analysis of pre-processed speech signal segmented into speech frames using Hamming 

window of 512 points with 50% overlap. 

In paper [Wang11a], authors used for audio feature extraction Hamming window 

of size 512 points with 50% overlap. Then, pitch, power and first 13 MFC coefficients 

were extracted from each frame. 

Also in paper [Buss07], there are used features based on MFCCs (first 13 coeff.), 

pitch and energy. In addition, the first and second derivates of the pitch and energy 

were added to the prosodic features. Furthermore, velocity and acceleration 

coefficients were extracted from MFCCs. Dimension of feature vector was reduced 

using PCA then. 

2.2.4 Visual Based Features and Facial Expression of Emotions 

Facial expression of emotion linked with face muscles activity is depicted in 

[Esch98]. 

• features based on feature points (MPEG-4) 

 Visual features for automatic emotion recognition are derived from facial 

expression in 2D or 3D images. For a purpose of extracting facial expression 

information from human face, there is important to recognize objects or region from 

which will be features extracted. In facial expression, it could be very helpful to use 

MPEG-4 specification where Facial Animation Parameters (FAPs) and Facial 

Definition Parameters (FDPs) are defined [Esch98]. Those parameters are designed to 

control facial animation at an extremely low bitrates, and allow the definition of facial 

shape and texture, as well as animation of faces reproducing expressions, emotions 

and speech pronunciation. Those parameters are highly related to muscle activation, in 

the sense that they represent a complete set of atomic facial actions, therefore they 
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allow the representation of even the most detailed natural facial expressions, even 

those that cannot be categorized as particular ones. 

 

Fig. 2-5 The 3D orientation of feature points [Syol08] 

 In general, facial expressions and emotions can be described as a set of 

measurements (FDPs and derived features) and transformations (FAPs) that can be 

considered as atomic with respect to the MPEG-4 standard. In this way, one can 

describe the anatomy of a human face, as well as any animation parameters with the 

change in the position of the facial feature points, thus eliminating the need to 

explicitly specify the topology of the underlying geometry. These facial feature points 
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can then be mapped to automatically detected measurements and indications of 

motion on a video sequence and thus help to analyse or reconstruct the emotion or 

expression recognized by the system. [Syol08]  

MPEG-4 specifies 84 features points on the natural face. The main purpose of these 

feature points is to provide spatial references to key position on a human face. These 

84 points were chosen to best reflect the facial anatomy and movement mechanics of a 

human face. The location of these feature points has to be known for any MPEG-4 

compliant face. The location of the feature points on the model of face from [Syol08] 

are depicted on Fig. 2-5. 

It is important to select from the set of these specified feature points the most 

relevant ones that dominate in facial emotion recognition and thus to reduce the 

number of features. 

In [Syol08], authors reduced amount of feature points required for emotion 

recognition and selected the final subset of 11 feature points. They selected 9 features 

from the left side of face and assume that the right side of face is not needed due to the 

symmetry. Classification of emotion was based on 6 distances measurement between 

selected feature points. 

In article [Dorn08] authors describe problems of extracting facial features and 

expressions from face in dynamic scenarios rather than from static images. We can 

also find there a review of recent deterministic and stochastic techniques that perform 

efficient facial expression recognition from video sequences. Authors proposed two 

pose and texture independent approaches that exploit the tracked facial action 

parameters. First approach adopts a Dynamic Time Warping technique for 

recognizing expressions where the training data is a set of trajectory examples 

associated with universal facial expressions. The second approach models trajectories 

associated with facial actions using Linear Discriminant Analysis. They also proposed 

simultaneous tracking and facial recognition. Contrary to the mainstream approach 

"tracking then recognition", this framework simultaneously retrieves the facial actions 

and expressions using a particle filter adopting multi-class dynamics that are 

conditioned on the expression [Dorn08]. 



	
  

 

13 

In [Pale10] authors used Tomasi Lucaas-Kanade’s algorithm to track face points. 

Firstly, the authors detect a face in the video. After face detection, they apply a two 

dimensional anthropometric model of human face to define 13 different regions of 

interest and extract coordinate features set and distance feature set. Coordinate feature 

set consists of 24 features per frame – 12 pairs of the feature points and coordinates 

(Fig. 2-6a) representing the average movement of points belonging to the regions of 

interest. Distance feature set is created from the first feature set. This process results in 

14 feature distances defined as mouth, nose distance to chin, left/right eye to eyebrow 

distance, left/right eyebrow alignment,  left/right eyebrow to forehead distance, 

forehead to eye line distance, head x/y displacement and normalization factor 

proportional to head displacement (Fig. 2-6b). 

Another approach is introduced in work [Gune05] where authors used for emotion 

recognition two modalities: face and body expression. They also used early and 

decision level fusion. In early fusion, both modalities are combined before 

classification. At decision-level fusion they use separate classifier for each modality, 

and then combine the outputs using suitable criteria. Details of features used in this 

paper can be found in one of their references. 

 

Fig. 2-6 Video features – facial markers (from [Pale10]) 

In [Buss07], face is divided in Voronoi cells centred on the facial markers. The 

complete set of the markes, head motion, eyebrow, and lip features are used as facial 

features. 
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Video based feature vector used in [Silv04, Gune05] consisted of 11 features. 

Feature vector was created from max/min of left/right eyebrow y-displacement, max 

and sum of change in lip width/height, min/max/sum of centre line y-velocity of lip. 

In [Guan09a], colour based method was employed for face detection, and Gabor 

wavelet based method was used for facial expression representation. Authors also 

proposed an automatic fiducial points detection system. Fiducial points are a set of 

facial salient points, usually located on the corners of the eyes, corners of the 

eyebrows, corners and outlier mid points of lips, corners of the nostrils, tip of the 

nose, and the tip of chin.  

In [Wang08], researchers perform facial analysis by treating the face as a holistic 

pattern. A face detection scheme based on HSV colour model is then used to detect 

the face from the background. The visual information is presented by Gabour wavelet 

features. Because of high dimensionality of Gabor coefficients, they consider to use 

mean and standard deviation of the magnitude of the transform coefficients of each 

filter as the features. 

2.2.5 Multimodal Emotion Recognition 

The idea of using more than one modality arises from two main observations 

[Pale10]: 

1. The system will still be able to return an emotional estimation thanks to the 

other one 

2. When both modalities are available, the diversity and complementary of the 

information should couple with an improvement on the general performance of 

the system. 

Multimodal approach requires an appropriate modalities fusion. This task can be 

done, for example, by fusion on feature level where feature vector from different 

modalities could be simply concatenated [Gune05]. One of the major drawbacks of 

fusion at this level is the problem of “curse of dimensionality,” that is computationally 

expensive and requires a large set of training data. [Guan09b] Another way is to use a 

separate classifier for each modality and to combine outputs using some proper 

criteria - this technique is entitled as score level fusion [Guan09b]. Last example of 
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possible fusion of different modalities is a decision fusion level. The decision level 

fusion generates final results based on a decision from multiple modalities or 

classifiers using such as majority voting [Guan09b]. 

In [Guan09a, Wang08], authors introduce a bimodal emotion recognition system 

using audio and visual information. The audio features used in the system were based 

on prosodic and phonetic features extracted from the speech signal. Based on the 

speech information, they extracted a key frame from the video sequence. The key 

frame was detected as the frame with the highest speech amplitude. For face detection, 

colour based method was employed. Gabor wavelet based method was employed for 

face expression representation. Features were fused together at the feature level via 

vector concatenation. Overview of proposed system parameters is depicted in Tab. 

2-3. 

Ref. Emotion 
Classes 

Features 
Class. Data/ 

Perf. Audio Video 

[Wang08] happiness,  
sadness, 
anger, fear, 
surprise, 
disgust 

13 - MFCC + 
derived features, 25 
- prosodic features, 
formant frequency 
features,  
Dimension :105 

Face detection -HSV colour 
model, face image of size 
128x128 calculate mean and 
standard deviation from 
Gabor wavelet features   
Dimension: 48 

GMM, 
kNN, 
NN, 
FLDA,  

RML 
Multi..: 
82%,  
LOO: 
89.2% 

[Wang11b] happiness, 
sadness, 
anger, fear, 
surprise, 
disgust 

13 - MFCC + 
derived features,  
25 - prosodic 
features,  formant 
frequency features, 
Dimension : 90 

Haar-like feature based face 
detector (OpenCV), region 
normalized to size 150x130 
+ other processing of image 
and PCA, Dimension: 100 

LDA, 
SVM 

RML 

[Silv04] joy, 
sadness, 
anger, fear, 
surprise, 
disgust 

Log-Frequency 
Power Coefficients 
 (LFPC)  based 
features 

11 - features extracted from 
face 

HMM, 
NN 

??? 

[Schu07]  aggressive, 
cheerful, 
intoxicated
-ted, 
nervous, 
neutral, 
tired 

Features based on 
pitch, energy, 
duration, formant, 
HNR, MFCC, FFT, 
ZCR, 
Dimension:276 

Face detection – classifier 
with Haar-like image 
features, train classifier to 
recognize several facial 
parts, model based image 
interpretation technique, 
Dim.: 1048 

SVM ABC 
Audio: 
73.7% 
Video:  
61.1%  
AV: 
81.3% 

Tab. 2-3 Experiment and database details 

In reference [Wang11b], authors present novel approach from multimodal 

information fusion. The proposed method is based on kernel cross-modal factor 



	
  

 

16 

analysis (KCFA). This novel approach and its effectiveness are demonstrated through 

the experimentation on the audiovisual based emotion recognition problem. 

Experimental results in paper show that proposed approach outperforms other 

methodology like concatenation on feature level, the linear CFA as well as the 

canonical correlation analysis (CCA) and kernel CCA methods. 

In [Silv04] De Silva et al. researched available audio and video based emotion 

recognition techniques. Then they combined the audio features and video features 

using a rule-based technique to get an improved recognition performance. In Tab. 2-3 

are depicted some information about their experiment. 

Schuller et al. in [Schu07] use both modalities audio and video for emotional state 

recognition for public surveillance task. Namely, they recognize a human behaviour as 

aggressive, cheerful, intoxicated, nervous, neutral, and tired in an airplane situation. 

They also show the results for a feature space combination, which allows for overall 

feature space optimization. First, low level audio and video features are derived. Than 

synchronization and feature combination is performed using multivariate time-series 

analysis. Other details are depicted in Tab. 2-3. 

2.2.6 Available Multimodal Emotional Databases 

Review of available multimodal databases is done in reference [HUMA11], authors 

describe emotional material, available modalities, emotion elicitation methods, nature 

of material etc. In this section I will describe the most suitable databases for 

continuous emotion recognition from audio signal and with possibility to extend this 

modality also with visual information. There are three datasets that satisfy our 

demands, namely VAM, SEMAINE and IEMOCAP. 

• VAM database 

The VAM corpus [Schu09] consists of audiovisual recordings taken from German 

TV talk show. The set contains 946 spontaneous and emotionally coloured utterances 

of 47 guests of the talk show which were recorded from unscripted, authentic 

discussions. The topics were mainly personal issues such as friendship crises, 

fatherhood questions, or romantic affairs. To obtain non-acted data, a talk show in 

which the guests were not being paid to perform as actors was chosen. The speech 
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extracted from the dialogs contains a large amount of colloquial expressions as well as 

non-linguistic vocalisations and partly covers different German dialects. For 

annotation of the speech data, the audio recordings were manually segmented to the 

utterance level, whereas each utterance contained at least one phrase. A large number 

of human labellers was used for annotation (17 labellers for one half of the data, six 

for the other). The labelling bases on a discrete five point scale for three dimensions 

mapped onto the interval of [-1,1]:  the average results for the standard deviation are 

0.29, 0.34, and 0.31 for valence, activation, and dominance. The average for the 

correlation between the evaluators is 0.49, 0.72, and 0.61, respectively. The 

correlation coefficients for activation and dominance show suitable values, whereas 

the moderate value for valence indicates that this emotion primitive was more difficult 

to evaluate, but may partly also be a result of the smaller variance of valence. 

[Schu09] 

An advantage of the VAM corpus is that have a significant number of participants, 

and large number of human labellers. However VAM corpus has one drawback, 

namely, very fast changes of camera views and microphone sources change. 

[McKe10] More details about database collection and labelling could be found in 

[Grim08]. 

VAM 
data 
structure 

Speaker 

Labellers 

C
ontinuous 
Labels 

D
iscrete 

Labels 

U
tterances/ 

sentences 

Data format Available 
emotional 
data 

Video 104  NO NO 1421 *.mpg, 25fps, 
44.1 kHz NO 

Audio 47 17/6 YES YES 1018/947 *.wav, 16kHz., 
16b. Categories, 

Continuous 
rating Faces 20 VAR YES YES 1872 *.png, 352x288 

Tab. 2-4 VAM database data summary 

The database is divided into 3 parts. First part called VAM-video contains the 

audio-visual signals structured as 12 broadcasts (shows), where 10 of the broadcasts 

are sub-structured as 4-5 dialogs, the remaining two broadcasts are only added in total 

as mpg files. Each dialog is provided as one audio-visual mpg file. In addition each of 

the dialogs is also segmented into utterances, and for each utterance, three data 
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sources are provided: audio-visual signal as a mpg file, the audio-only signal as wav 

file, and the visual signal only as a sequence of  *.png files. In total VAM-Video part 

contains 1421 segmented utterances of 104 different speakers. For this part, no 

emotion labels are available. The next two parts (VAM-Audio, VAM-Faces) are 

extracted from VAM-Video corpus.  

VAM-Audio part is also divided into two parts VAM-Audio 1 (Speaker 1 - 19) and 

VAM-Audio 2 (Speaker 20 - 47), The main difference between the parts is in the 

count of human labellers 17 or 6. For each speaker, the data is sub-structured in 

sentences, and for each sentence, they provide the wav file, and emotions label 

(*.eva), and the fused emotion label (*.ewe).  

VAM-Faces contains extracted facial images of the speakers in the VAM—Video 

corpus. The data is organized in speaker-wise for a reasonable 20 speakers. Data for 

each of the speakers is structured in sentences. They provide an audio signal as a 

reference, and in addition the facial image as a *.png file as well as a emotion 

category label (*.cat) and emotion primitives (*.eva) labels form many (not all) frames 

of the sentence. 

• SEMAINE database 

SEMAINE is a corpus of emotionally coloured conversation. The duration of 

collected audio visual data is more than 6 hours. Conversations were recorded using 

high-resolution cameras and by four microphones. In total, they recorded 20 

participants. Trace style continuous ratings were made on five core dimensions for all 

recordings where annotators have been instructed to provide ratings for their overall 

sense of where an individual should be placed along a given dimension [McKe10]. 

The five dimensions based on psychological evidence to best suited for capture 

affective colouring in general were choosen. They are valence, activation, power, 

anticipation/expectation with the addition of overall emotional activity. [McKe10] 

Once raters have annotated the five core dimensions, then they chose an additional 

four out of a possible 27 optional rating dimensions (four was considered feasible 

given resource limitations). Occasionally more than four are chosen in case four is not 

considered sufficient. These dimensions are only annotated where a rater feels that 

there has been at least one obvious instance of the relevant phenomenon within the 
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section being rated. The additional dimensions are divided into four categories, as 

shown in the table below. These categories are derived from four different 

backgrounds, basic emotions, epistemic states, interaction process analysis and 

validity. 

Basic 
Emotions 

Epistemic States Interaction Process 
Analysis 

Validity 

10 anger 23 (not) certain 9  shows solidarity 11 breakdown of engagement 
2 disgust 79 (dis) agreement 15  shows antagonism 0 anomalous simulation 
82 amusement 22  (un) interested 12  shows tension 19 marked sociable concealment 
27 happiness 39 (not) at ease 14  releases tension 5 marked sociable simulation 
21 sadness 41 (not) thoughtful 6  makes suggestion  
10 contempt 9 (not) concentrating 2 ask for suggestion  

  42 gives opinion  
  3  ask for opinion  
  72  gives information  
  3  ask for information  

Tab. 2-5 Additional annotation dimension by category (numbers represent the row 
number of annotations for each dimension at time of print) – adopted from 

[McKe10] 

Introduction dataset, scenario and process of data collection can by found in 

subsection 3.3. Dataset is divided in 49 sessions (Session ID: 1-72). To every 

transcript session there are 11 sensor data files, and they call these database entries 

tracks (see table below). Nine of these are 5 camera recordings and the 4 microphone 

recordings. In addition each, each session has two low level-quality audio-visual 

tracks. 

 Track no. User/Op. Format Note 

Audio HQ 4 2/2 *.wav  

Audio LQ 1  *.wav Corrupted file-noise presented 

Video HQ 5 3/2 *.avi, 780x580 Colour/BW video + user profile BW 

Video LQ 2 1/1 *.avi, 640x480  

Tab. 2-6 SEMAINE audio and video recordings information 

Emotional labels are attached as txt file. In database, all annotation files 

(annotations) are associated with a track. It is possible that a single annotation belongs 

to multiple tracks: for instance, the affective state of the user is associated with all 
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tracks that feature the user. Other annotations can be associated with only a single 

track. [McKe10] 

SEMAINE  Speaker 
number 

Raters 
Number (ses.) 

Continuous 
Labels / Dim. Discrete Labels Data 

format 

Video 
transcription 20 2(8) / 6(23) YES / 5 YES (see Tab. 2-5) *.txt 

Tab. 2-7 SEMAINE database information’s 

• IEMOCAP database 

IEMOCAP – interactive dyadic motion emotional capture database were collected 

by the Speech Analysis and Interaction Laboratory (SAIL) at the University of 

Southern California (USC). The database was recorded from 10 actors in dyadic 

sessions with markers on the face, head and hands. These markers provide detailed 

information about their facial expressions and hand movements during scripted and 

spontaneous spoken communication scenarios. [Buss08] Detail description of 

IEMOCAP dataset is included in section 4.2.3.  

2.2.7 Continuous Emotion Recognition 

In reference [Schu11] named:”Recognition realistic emotions and affect in speech: 

State of the art and lessons learnt from the first challenge“, authors analyze research 

over last 15 years, in the field of affecting computing and emotion recognition. Also 

examine available databases, annotation of affective data etc. In the second part it is 

also possible to find results and conclusions form first challenge on emotion 

recognition from speech – the INTERSPEECH 2009. They also make a review of 

freely available tools for research in the field of emotion recognition. 

Continuous or dimensional emotion recognition from speech signal using 

regression can by found in reference [Grim07]. Authors use VAM database and 

recognize emotions in three dimensions Activation, Valence and Power. They also 

compare estimation results of dimensional emotion recognition for different kernels 

using SVR (Support Vector Regression).  

Author Gunes et al in [Gune11a] in journal paper published in 2010 dealing about 

automatic, dimensional and continuous emotion recognition. Provide analysis of 

background research in emotion theory, human perception and recognition, variety of 
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signals that could be used for emotion recognition. Also authors provide overview of 

the systems for dimensional affect recognition from multiple modalities. 

Another review of research work of audio-visual dimensional emotion recognition 

is in paper [Eybe11], where authors also proposed their own system based on SVR, 

using both modalities AV, database utilized in experiment were SEMAINE. 

Audio-visual emotion recognition using an emotional space is also presented in 

[Kanl08], where authors present method for emotion estimation using SVR and VAM 

database.  

Paper [Gune10] dealing with a brief overview of current state-of-the-art in 

automatic measurement of affective signals in dimensional and continuous spaces.  

An additional paper dealing with continuous emotion recognition from audio visual 

signal is [Karp07] and [Nico11]. In [Nico11] use in addition to face and voice features 

also shoulder gestures, and compare the performance of two state-in-the-art machine 

learning techniques BLSTM-NNs and SVR. In the paper, there is also a comparison of 

different systems using both modalities A-V. 

2.2.8 Continuous Emotion Regression – Evaluation Protocol 

In [Eybe11] authors presented novel string-based prediction approach to fuse 

events (smiles, head shakes or laughter) and to predict human affect in a continuous 

dimensional space. Analysis and study has been conducted using SEMAINE database. 

Experimental setup description – they train SVR (epsilon SVR with polynomial 

kernel). From SEMAINE database been selected sessions coded with same 3 raters. 

As evaluation matrices they use Mean Linear Error (MLE) and a correlation 

coefficient (CC). MLE measures the average of the absolute error between an 

estimator and the true value of the quantity being estimated. CC (usually referred to as 

Pearson's correlation) indicates the strength of a linear relationship between two 

variable. MLE and CC have been calculated both for individual raters and (automatic) 

predictor. 

In paper [Gune11b] called "Emotion Representation, Analysis and Synthesis in 

Continuous Space: A Survey“, authors discuss evaluation measures applicable to 
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dimensional approach. Most commonly used measure is Mean Square Error (MSE). 

However, using MSE might not be the best way to evaluate the performance of 

dimensional approach to automatic affect recognition. Therefore, the correlation 

coefficient is also applied by several studies together with MSE [Gune11b]. 

Paper authors [Kanl08] also use as evaluation matrices CC and MLE (mean linear 

error) estimation for evaluation of SVR. They use 3 dimensional emotional space 

valence, activation and dominance. Database used in experiment was VAM, and they 

use both modalities audio and video. 

2.3 PARAMETERIZATION OF SPEECH SIGNALS, AUDIO 

FEATURES 
Parameterization of speaker utterances that represents information of identity, 

gander or emotional state is also called feature extraction. Feature extraction and 

quality of extracted feature has a great impact on overall performance of the system. 

Under the term quality, we can imagine an ability of features to reflect properties of 

signal for particular task. In context of speaker recognition features have to describe 

speaker identity which is physically represented by vocal tract properties, or in 

emotional context represents properties connected with emotions. 

Another purpose for the feature extraction is the reduction of dimensionality, and at 

the same time to increase of the invariance to distortion. Usually after transformation 

of an audio signal from time-frequency domain additional transformation are applied 

to the audio frames and they generate the final acoustic vectors [Kim05]. 

 According to [Clav08] we can divide speech related features that describe acoustic 

content into three categories: 

1. Prosodic features 

2. Voice quality features 

3. Spectral or cepstral features 

In the following text, acoustic features commonly used in the emotion recognition 

as well as the features suitable for speaker recognition will be described. 
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F0 (Fundamental frequency) 

Fundamental frequency of periodic signal is the inverse of the pitch period length. 

Fundamental frequency is one of the important attributes that provides information 

about how high or how low the frequency of person’s voice sound is. There exists a 

lot of various approaches for F0 estimation. [KimH05] Definition of local fundamental 

frequency is described with following formula: 

  ! ! !
!

! !
, (2.1) 

where F0 represents fundamental frequency and T0 is fundamental period 

[KimH05]. 

In our case F0 is calculated via Sub-Harmonic Sampling (SHS) method, which is 

related to the Harmonic Product Spectrum method. Frequency limits for F0 detection 

used during pitch estimation were from 75 Hz to 500 Hz.  

HNR (Harmonics-to-noise ratio) 

HNR is a ratio of harmonic components measured against the noise component in 

signal. This feature allows us to describe in context of speech signal noise contribution 

of speech during the vocal effort [Clav08]. HNR is computed from ACF (auto 

correlation function) defined by equation [Eybe10]: 

!"# ! !" !"#
!"# !!

!"# ! !   !"# !!
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Intensity & Loudness 

Intensity and loudness were calculated directly from frames, computation is 

simplified narrow band approximation. Intensity is calculated as mean squared of an 

input values multiplied by Hamming window. Loudness is calculated by following 

equation: 

𝑙 = !
!!

!.!
, (2.3) 

where I0=0.000001.[ Eybe10] 
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ZCR (Zero Crossing Rate) 

The zero-crossing rate is commonly used in characterizing audio signals. The ZCR 

is computed by counting the number of times that audio waveform crosses the zero 

axes. ZCR calculation is defined by following equation [Kim05]: 

( )( )[ ] ( )[ ]∑
=

−−=
N

n
nxnx

N
ZCR

2

1sgnsgn1 , (2.4) 

where N represents number of frames and sgn function is define as: 

𝑠𝑔𝑛(𝑥) =
1  𝑖𝑓  𝑥 > 0  
0  𝑖𝑓  𝑥 = 0
−1  !"   𝑥 < 0

. (2.5) 

MCR (Mean Crossing Rate) 

The mean crossing rate is the rate at which a signal crosses its mean, for signal with 

mean equal to zero this is identical to the ZCR. [Eybe10] 

Absolute maximum 

This feature represents maximum absolute sample value [Eybe10]. 

Max. and Min. 

Maximal and minimal sample value for particular frame [Eybe10]. 

MFCC (Mel frequency cepstral coefficients) 

The MFCC are the most popular cepstrum-based audio features. They have been 

widely used for signal representation [Jari08] [Huan06] [TaoL06] in the area of 

speech recognition, speaker recognition, general sound recognition etc. These features 

are a perceptually motivated representation defined as a cepstrum of a windowed 

short-time signal. A non-linear mel-frequency scale is used, which approximates the 

behaviour of the human auditory system. Transformation of these frequency bands is 

sequentially conducted with cosine transformation [Juha99]. Computation of MFCCs 

is following: 
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where 
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icb , (2.7) 

Ncb is number of critical bands in mel-scale and m is index of cepstral coefficient. 

Spectral Rolloff Frequency 

The spectral rolloff frequency can be defined as the frequency below which 85% of 

the accumulated magnitude of the spectrum is concentrated [Kim05]. In our algorithm 

we use 90% roll-off point. Kroll in next equation is frequency bin corresponding to the 

estimated rolloff frequency, and NFT is the order of the discrete fourier transformation, 

S(k) represents spectrum of analyzed signal [Kim05]. 

! ! ! ! ! ! !!" ! ! ! !! !" ! !
! ! !

! !"##
! ! !  (2.8) 

SF (Spectral Flux) 

The spectral flux is defined as the average variation of the signal amplitude 

spectrum between adjacent frames. It is computed as the average squared difference 

between two successive spectral distributions [Kim05]: 

!" ! !
!

! ! ! !"
!"# ! ! ! ! ! ! ! ! !!" !! ! ! ! ! ! ! ! ! ! ! !! !"

! !

! ! !
! ! ! !
! ! ! , (2.9) 

where S1(k) is the DFT of lth frame, Lf is total number of frames and δ is a small 

parameter to avoid calculation overflow. [Kim05] The SF is a measure of the amount 

of local spectral change. SF values of speech are higher than those of music [Eybe10]. 

SC (Spectral Centroid) 

The spectral centroid is not related to the harmonic structure of the signal. It gives 

the power-weighted average of the discrete frequencies of the estimated spectrum over 

the sound segment [Kim05]: 

!" ! !
! ! ! !

! !" ! !
! ! ! ! ! ! ! !

! ! ! ! !
! !" ! !
! ! !

, (2.10) 

Term Ps is estimated power spectrum, f(k) stands for the frequency of the kth bin. The 

spectral centroid is commonly associated with the measure of the brightness of a 
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sound. It has been found that increased loudness also increases the amount of high 

spectrum content of a signal thus making a sound brighter [Kim05]. 

Spectral max and min position 

Spectral maximum (minimum) represent of the position of maximum (minimum) 

magnitude spectral bin (in Hz). [Eybe10] 

Jitter and Shimmer 

Jitter and shimmer are acoustic characteristics of the voice signal, and they are 

quantified as the cycle-to-cycle variations of fundamental frequency and waveform 

amplitude, respectively, expressed as [Farr07]: 

!"##$%! !
!

!" ! !
!!!!!!!!"!!

!!!
!
!" !!!"

!!!
, (2.11) 

where Ti are extracted F0 period lengths and N is number of extracted F0 periods. 

[Farr07] Shimmer calculation is expressed as: 

𝑆ℎ𝑖𝑚𝑚𝑒𝑟 =   
!

!"!! !!!!!!!!"!!
!!!
!
!" !!!"

!!!
, (2.12) 

where Ai are extracted peak-to-peak amplitude data and Pn is the number of extracted 

fundamental frequencies periods [Farr07]. 

Formants and Formants bandwidth 

Harmonics near the resonances of the vocal tract are emphasized, and, in speech, 

the resonances of the cavities that are typical of particular articulator configurations 

(e.g., the different vowel timbers) are called formants [Kim05]. Formants are very 

useful features for speech recognition. They convey the differences between different 

sounds, but they haven't been widely used because of the difficulty in estimating them 

[Kim05]. 

BBE (Bark Band Energy) 

Bark band energy features represent signal magnitude in Bark bands. It is hoped 

that by treating the spectral energy over the Bark scale, a more natural fit with spectral 

information processing in the human ear can be achieved. The Bark scale ranges from 
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1 to 24 Barks, corresponding to 24 critical bands (see Fig. 2-7) of hearing [Huan01]. 

Perceptual resolution is finer in the lower frequencies. The Bark frequency b can be 

expressed in terms of the linear frequency in Hz by [Huan01]: 

𝑏 𝑓 = 13 arctan 0.00076𝑓 + 0.35 ∗ arctan !
!"##

!
! !𝑏𝑎𝑟𝑘!  (2.13) 

In our experiments we use Bark scale which divides thhe spectrum into 12 bands, 

with lower frequency set to 20 Hz and higher frequency set to 8 kHz. 

 

Fig. 2-7 Bark filters central frequencies (adopted from[Huan01]) 

LSP (Linear Spectral Pairs) 

The LSP are derived from linear prediction coefficients (LPCs). Previous research 

has shown that LSPs may exhibit explicit differences in different audio classes. LSPs 

are also more robust in noisy environments [Kim05]. LPCs are calculated by partial 

factorisation of the LPC polynomial [Eybe10]. From audio signal we extracted 8 LSP 

coefficients. 

2.4 MODELS FOR CLASSIFICATION 

2.4.1 SVM 

Support vector machines algorithm is analysed in detail in section 5. 
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2.4.2 k- Nearest Neighbour 

The kNN algorithm (k Nearest Neighbour) can be classed as a nonlinear 

nonparametric classification method [Xind09]. This algorithm is based on very simple 

principle that similar data are close to each other in the searching or data space. In 

other words, the kNN finds for every object from test data set of k objects in the 

training data that are closest to the test object (nearest neighbours). The label 

assignment is usually based on the rule of majority voting, e.g. the most frequent class 

from the k nearest neighbours for given test object determines the class where this 

object should belong. A value of k dictates a number of closest objects from training 

data that are taking into account at the label decision. If the value is too small, then the 

result can be sensitive to noise points. If it is too large, then the neighbourhood may 

include too many points from other classes. [Hric11b] 

Example of k - value impact to classification result is shown in Fig. 2-8, where 

kNN classifier classifies two dimensional data into two classes. First circle represents 

region with three neighbours taking account into making decision where orange point 

is belong, in this case k value is set to three (k = 3). In this case classified data/point 

belong to ”red” class. Second circle represents six neighbours (k = 6) considered in 

classification task. In the second case, the classification result is an opposite and 

unknown point belongs to “blue” class. [Hric11b] 

 

 

 Besides a k value, the distance metric is important to the kNN algorithm. As can 

be clearly seen, the distance metric represents the measure of data similarity. The 

D2 

D1 

k = 6 

k = 3 

? 

Fig. 2-8 Example of kNN classification (adopted from [Hric11b]) 
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choice of particular distance metric usually depends on the given classification 

problem. Commonly used are Euclidian (4) or Manhattan (5) distance measure 

[Xind09] defined as follows: 
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where x, y are points and na is number of attributes. [Hric11b] 

Regardless simplicity of kNN, this method is well suitable for multi-modal classes, 

very flexible and belongs to top 10 data mining algorithms (IEEE Conference on data 

mining 2007 [3]). 

2.4.3 Gaussian Mixture Model 

In GMM classification Gaussian mixture model is used for statistical representation 

of speaker patterns. The distribution of feature vectors extracted from speech is 

modelled by a mixture of Gaussian density functions (Fig.1). For a D-dimensional 

feature vector x, the mixture density for speaker λr is defined as [Reyn95]: 
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where M is number of components and pi
r are mixture weights. Density is weighted 

linear combination of M component uni-modal Gaussian densities bi
r(x): 
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Each density parameterized by a mean vector µi
r and covariance matrix Σi

r. Mixture 

weights must satisfy the constraint: 

∑ =
=

M

i
r
ip1 1. (2.18) 

Complete GMM is defined by mean vector, covariance matrix and mixture 

weights: 
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{ }∑= ,, r
i

r
ip µλ . (2.19) 

Every recognized speaker has its own model which is then used as its 

representation instead of utterances in identification procedure. 

In computation of covariance matrix we use a diagonal covariance matrix, which 

usually gives better results in recognition compared to full covariance matrix. The best 

results in parameter estimation are achieved by using the iterative Expectation 

Maximization (EM) algorithm [Reyn95], [Bimb04]. In this work we use 100 iterations 

steps for the estimation of model.  

 

 

The identification assignment is maximum likelihood classifier. The main task of 

the system is to make a decision if input utterance belongs to one of the set of 

speakers, which are represented by its models λ1…λr. This decision is based on 

computation of maximum posterior probability for input feature vector [Reyn95]. 

2.4.4 Other Classification Algorithms 

Some other classification algorithms that are very often used to solve of various 

problems related with (not only) speaker characterization are: 

C4.5 

It is a supervised learning algorithm. Given an attribute-valued dataset where 

instances are described by collections of attributes and belong to one of the set of 

D1 

 

D2 
 

µ3 

µ2 

µ1 

µ4 

Fig. 2-9 Example of modeling 2 dimensional data using 4 Gaussian mixtures 
(adopted from [Hric11b]) 



	
  

 

31 

manually exclusive classes, C4.5 learns a mapping from attribute values to classes that 

can be applied to classify new, unseen instances. C4.5 is not only one algorithm but 

rather a suite of algorithms [Xind09].  

C4.5 was designed by J. Ross Quinlan. Its name relates to the fact that it is a 

descendant of the ID3 approach. It includes the decision trees, which in turn is the 

third incarnation in a series of “iterative dichotomizers“ [Xind09]. 

K-Means 

It is a widely used clustering algorithm. Given a set of the objects, the goal of 

clustering or segmentation is to divide these objects into groups or clusters such that 

objects within a group tend to be more similar to one another as compared to objects 

belonging to different groups. Clustering with k-means is often referred to as 

unsupervised learning algorithm. It is an algorithm suitable for variety of applications 

where labelled data is difficult to obtain. Value of k represents number of clusters and 

it is an input to the algorithm [Xind09]. 

AdaBoost 

AdaBoost is one of the most influential ensemble methods. It took birth from the 

answer to an interesting question posed by Kearns and Valiant in 1988. That is, 

whether two complexity classes, weakly learnable and strongly learnable problems, 

are equal. If the answer to the question is positive, a weak learner that performs just 

slightly better than random guess can be “boosted” into an arbitrarily accurate strong 

learner [Xind09]. 

AdaBoost and its variants have been applied to diverse domains with great success, 

owing to their solid theoretical foundation, accurate prediction, and great simplicity. 

For example this algorithm is used in well known face detection algorithm developed 

by Viola and Jones where they combined it with a cascade process [Xind09]. 

CART: Classification and Regression Trees 

The 1984 monograph, “CART: Classification and Regression Trees,” coauthored 

by Leo Breiman, Jerome Friedman, Richard Olshen, and Charles Stone (BFOS), 



	
  

 

32 

represents a major milestone in the evolution of artificial intelligence, machine 

learning, nonparametric statistics, and data mining [Xind09]. 

The CART decision tree is a binary recursive partitioning procedure capable of 

processing continuous and nominal attributes as targets and predictors. Data are 

handled in their raw form; no binning is required or recommended. Beginning in the 

root node, the data are split into two children, and each of the children is in turn split 

into grandchildren. Trees are grown to a maximal size without the use of a stopping 

rule [Xind09]. 

2.5 OPTIMIZATION BASED ON EVOLUTION STRATEGIES 
Evolution strategies belong to the category of evolutionary computation, it is a 

relatively young approach for optimization based on observations of processes in 

animate or inanimate nature. The field of evolution computation produces a number of 

important evolution computation paradigms, including evolutionary programming 

(EP), evolution strategies (ESs), and genetic algorithms (GAs), which served as the 

basis for much of the work done in the 1970s [Back97].  

Optimization does not imply perfection. Nowadays evolution can discover highly 

precise functional solutions to particular problems posted by an organism’s 

environment, and even though the mechanisms that are evolved are often overly 

elaborate from an engineering perspective, function is s sole quality that is exposed to 

natural selection, and functionality is what is optimized by iterative selection and 

mutation [Back97].  

In the next subsection, there is a brief description of two optimization techniques 

particle swarm optimization and genetic algorithms, applied in the experiments. 

2.5.1 Particle Swarm Optimization (PSO) 

Particle swarm was firstly defined to solve problems in binary search space and 

later extended to solve optimization problem in real value space. The PSO is a parallel 

evolutionary computation technique developed by Kennedy and Eberhart, that is 

based on social behaviour metaphor [Trel03].  
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The PSO algorithm is initialized with a population of random candidate solutions, 

conceptualized as particles. To each particle is assigned a randomized velocity, 

position and is iteratively moved over the problem space. It is attracted towards the 

location of the best the fitness achieved so far by the particle itself and by the location 

of the best fitness achieved so far across the whole population.  

YES

YES

Begin

Random Generation of Population

Properties Calculation for Particle in 
Generation

Best Particle in 
Population

YES

Store Particle Position into 
Memory: gBest

Store Particle Position into 
Memory: pBest

NO

Calculate New Positions and Velocity 
Vectors for Particles

fitness > pp
NO

Store Particle Position into 
Memory: pBest

Keep Memory State For 
pBest Unchanged

pp > gp
YESNO Store Particle Position into 

Memory: gBest
Keep Memory State for gBest 

Unchanged

Total 
Number of 
Iterations

End

Calculate Particle Fitness in 
Population

NO

 

Fig. 2-10 PSO algorithm 
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Algorithm also includes parameters tuning and they have a great influence on the 

performance. [Trel03] These parameters are: number of individuals, inertia factor, 

learning coefficients, and maximal velocity. [Hric11a] 

PSO consists of a swarm of interacting particles that move moving in a D-

dimensional search space of the problem’s solutions. Each particle ip is represented by 

four elements (vectors): its current position xpi, velocity vpi, best previous position 

(pBest in Fig. 2-10) and the best global position (gBest in Fig. 2-10) in the swarm ever 

found g. The PSO iterates for several generations, updating particles velocities and 

positions. Information about good solutions spread throughout the swarm and the 

particles can explore promising regions. [Hric11a]  

Process of PSO algorithm is shown in the flow chart Fig. 2-10. Where pp 

represents previous position of particular particle, and gp represents global position. 

Whole process of selecting best parameters is terminated when algorithm achieves a 

set number of iterations – generations or any other stop criterion (such as achieved 

desired fitness function value, number of iterations without best solution improvement 

etc.).  

2.5.2 Genetic Algorithm (GA) 

Genetic Algorithms are one of the most frequently used optimization techniques in 

many areas. This group of algorithms belongs to the stochastic optimization 

algorithms and their origin reaches to the seventies of 20th century. Original approach, 

inspired by the laws of evolution, worked in the binary space and represented the 

individuals as a bit string. Later, the real space version was described, where 

individual was represented as a real number or group of numbers. [Hric11a] 

Genetic algorithm is search algorithms that attempt to find best solution to a 

specific problem (e.g. maximum of the function – this represents fitness function) by 

generating a collection (”population”) of potential solutions (”individuals“) of the 

problem and for this purpose it uses operations like mutation and crossover, better 

solutions are than created from current set of potential solutions [Rash97]. GA flow 

chart is drawn in Fig. 2-11. 
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In the following text we will describe only a real space version of genetic 

algorithm.  

Real space version of GA uses the same operation at the offspring creation like the 

binary version – crossover and mutation. Crossover mostly performs by averaging – 

offspring is created from the parents as a mean of their values – the other possibility is 

crossover by selection – from 2 parents is randomly picked one and the offspring 

accepts its value. Mutation is the process when the individual is randomly changed. 

Usually, crossover acquires a value from the range 0.5 – 1 and mutation has value 

lower than 0.1. The offspring creation runs in generations consisted from the 

individuals – the same as in original binary approach. [Hric11a] 

Begin

Random Generation of Population

Properties Calculation for Individual 
in Population

Termination 
Criteria Achived?

YES

Designed Solution

Produce New Population by 
Reproduction, Crossover, 

Mutation

NO

End

 

Fig. 2-11 Genetic Algorithm Flow Chart (Adopted from [Renn03]) 
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3 GOALS OF THE THESIS 
The aim of this dissertation thesis is the application of the SVM state-of-the art 

classifier for solving a classification or regression problems in machine learning. Main 

focus of this work is to apply the SVM on real life problem such as speaker 

characterisation using voice signal. A speaker characteristic in this work represents 

speaker identity – recognizing “who is talking” and emotional state in which person is 

during the conversation or interaction with a computer.  

To apply the SVM algorithm successfully, it is important to present classifier set of 

parameters that have a great impact on learning particular knowledge and the overall 

performance of the system. These parameters depend on SVM formulation used for 

classification or regression problem and on selection of kernel function used for 

features mapping in high dimensional feature space. Great impact on the whole ability 

of prediction unseen examples is also a selection of proper features that are used to 

represent the data.  

From the debate above, following goals of this thesis arise: 

1. New approach to application of SVM for speaker characterization and 

emotion recognition 

2. Optimization of model parameters selection for SVM classifier for 

reduction of training time 

3. Selection of sub – optimal feature set for emotion recognition in continuous 

space 
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4 PROPOSED APPROACH AND METHODS 

4.1 PROGRAM EQUIPMENT 
To extract the features related to emotion recognition, an openSMILE toolkit was 

used. This toolkit (Munich open Speech and Music Interpretation by Large Space 

Extraction) is a modular and flexible feature extractor for signal processing and 

machine learning applications. [Eybe10] Primarly, it is used for extract audio features. 

Tests of optimized model selection algorithm for SVM were done in MATLAB 

with SVM implementation precompiled in *.mex32 file. LIBSVM is integrated 

software for support vector classification (C-SVM and nu-SVM formulation), 

regression (epsilon-SVR, nu-SVR) and distribution estimation (one-class SVM). 

LIBSVM also supports multiclass classification and the main motivation for using this 

library was a C implementation which is computationally powerful. [Chan01] 

Features preprocessing and analysing emotional data were done in Python 2.7 

scripting language. Grid search implementation used in emotional recognition 

experiments is form Scikits-learn module for Python. Other tools used in Python 2.7 

are extension modules: Numpy, Scipy and Pytables. 

4.2 DATASETS USED IN EXPERIMENT 
In the next subsection, datasets used in experiments will be described. Datasets 

were used for evaluation of algorithms used for classification and regression. Namely 

MobilDat-SK dataset was used for speaker recognition, dataset Letter was used for 

evaluation of algorithm for model parameters selection based on PSO and GA, and 

dataset IEMOCAP was used for emotion recognition in continuous space. 

4.2.1 MobilDat-SK 

The MobilDat-SK is a Slovak mobile-telephone speech database. This database is 

consists of 1100 speakers and it is balanced according to the age, accent, and gender 

of the speaker. Every speaker pronounced 50 files containing numbers, names, dates, 

money amounts, embedded command words etc [Rusk06].  
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This database was directly recorded over mobile telephones, and therefore there are 

many possible environments from which mobile callers may conceivably make their 

call. Five acoustic conditions have been chosen as representative in the mobile 

telecommunication environment namely: home, office environment, public buildings, 

street and vehicle [Rusk06]. 

Speech files are stored as uncompressed sequences of 8-bit, 8-kHz A-law speech 

samples (SSITT G.711 recommendation). [Rusk06] 

4.2.2 Letter dataset 

Letter dataset is a dataset for recognition of 26 capital letters (from A to Z). The 

objective to use this dataset is to identify each of the numerous black-and-white 

rectangular pixels displays as one of the 26 capital letters in the English alphabet. The 

character images were based on 20 different fonts and each letter within these 20 fonts 

was randomly distorted to produce a file of 20 000 unique inputs.  

Attribute	
  
ID	
  

Attribute	
  
Name	
  

Attribute	
  type	
   Description	
  

1	
   lettr capital Letter 26 values from A to Z 
2	
   x-box horizontal position box integer 
3	
   y-box vertical position box integer 
4	
   width width of box integer 
5	
   high height of box integer 
6	
   onpix total # on pixels integer 
7	
   x-bar mean x of on pixels in box integer 
8	
   y-bar mean y of on pixels in box  integer 
9	
   x2bar mean x variance integer 
10	
   y2bar mean y variance integer 
11	
   xybar mean x y correlation integer 
12	
   x2ybr mean of x * x * y integer 
13	
   xy2br mean of x * y * y integer 
14	
   x-ege mean edge count left to right integer 
15	
   xegvy correlation of x-ege with y integer 
16	
   y-ege mean edge count bottom to top integer 
17	
   yegvx correlation of y-ege with x integer 

Tab. 4-1 Numerical attributes dataset Letter 
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Each of these inputs was converted/ parameterized into 16 primitive numerical 

attributes, which were then scaled to fit into a range of integer values from 0 through 

12. [Slat11] Numerical attributes used for letters interpretation are stated in Tab. 4-1. 

4.2.3 IEMOCAP 

The IEMOCAP - “interactive emotional dyadic motion capture database” is an 

audio visual emotion corpus recorded in English language. The database was recorded 

from ten actors in dyadic sessions with markers in the face (53 markers), head, and 

hands. The positions of the markers extracted from each person in the database are 

shown in the figure below. These markers provide detailed information about their 

facial expressions and hand movements during scripted and spontaneous spoken 

communication scenarios [Buss08]. Corpus consists of approximately 12 hours of 

data. 

 Labelling of the data was done in two levels: discrete and continuous emotional 

descriptor. Discrete emotional labels were assessed by six labellers where three 

different labellers assessed each utterance. The underlying reason was to minimize 

evaluation time for preliminary analysis of the database. Categories selected for 

annotation were anger, sadness, happiness, disgust, fear and surprise (basic 

emotions), plus frustration, excited and neutral states [Buss08]. Continuous label 

assessment in terms of the attributes valence [1-negative, 5-positive], activation [1-

calm, 5-excited], and dominance [1-weak, 5-strong] were used. In addition to the 

emotional assessment with naive evaluators, there are also presented self emotional 

labels in database assessed by actors [Buss08]. 

Fifty-three markers were attached to the subject being motion captured, who also 

wore wristbands and headband with markers to capture hand and head motion, 

respectively. Position of these markers is shown in figure below [Buss08]. 

After the recording of sessions, dialogs were manually segmented at the dialog turn 

level (speaker turn), defined as continuous segments in which one of the actors was 

actively speaking. This procedure leads to the 10 031 turns with average duration of 

4.5 seconds. For each turn authors provide the information about positions of all 

traced markers, audio recording and annotation file. [ Buss08] 
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Visual information is represented on the frame level by facial marker position (in 3 

dimensions x, y, z).  

 

Fig. 4-1 IEMOCAP facial, head and hand markers (adopted from [Buss08]) 

The database provides categorical and also continuous emotional descriptors. The 

self-assessment manikins (SAMs) were used to evaluate the corpus in terms of 

attributes valence [1-negative, 4-positive], activation [1-calm, 5-excited], and 

dominance [1-weak, 5-strong]. This scheme consists of 5 figures per dimension that 

describe progressive changes in the attribute axis (Fig. 4-2 below) [Buss08]. 
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Fig. 4-2 Self-assessment manikins (rows represents dimension: top-valence, middle-

activation, bottom-dominance-[Buss08]) 

4.3 EVALUATION PROTOCOL 
Evaluation process is critical to make real advancement in data mining. There are a 

lot of ways of inferring system or algorithm performance for a particular task. For 

example, the evaluation of classifier performance over speaker identification problem 

we can do the calculation of accuracy of speaker identification, or calculation of the 

error rate which our algorithm achieved. However, the question is which evaluation 

method or protocol to use on a particular problem. We also need regular fashion to 

evaluate how different method works and to compare one to another [Witt11].  

In the next subsection there is an overview of widely used evaluation protocols for 

two types of problems – classification and regression. 

4.3.1 Training and Testing 

For the classification problem we want to measure a classifier’s performance in 

terms of the error rate. The classifier makes a prediction of the class for each instance. 

If it is correct, than we assume it is a success, if not, it is an error. The error rate is just 

a proportion of errors which classifier made over whole set of instances and it 

measures the overall performance of the classifier [Witt11]. On the other hand, our 

goal is the evaluation of performance on new data and not the performance on all 

available data. This is the main reason for splitting data set into training and testing 

part. In order to obtain an objective measure of performance for a classifier, we train it 
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on train part of data, and evaluate performance on new data – testing part of dataset. 

[Witt11]. 

During the algorithm developing stage we used training part of dataset. In case 

where we have only a small amount of data for training we use a technique called 

cross-validation. 

 Cross-validation, sometimes called rotation estimation, is a technique used to  

assess how the results of statistical analysis will generalize to an independent data set. 

It is mainly used in settings where the goal is prediction, and where one wants to 

estimate how accurately a predictive model will perform in practice. One round of 

cross-validation involves partitioning a sample of data into complementary subsets, 

performing the analysis on one subset (called the training set), and validating the 

analysis on the other subset (called the validation set or testing set). To reduce 

variability, multiple rounds of cross-validation are performed using different 

partitions, and the validation results are averaged over the rounds [Cros12]. 

4.3.2 Classification Evaluation 

For a classification evaluation we usually use simple evaluation matrices based on 

calculation of accuracy or error rate. 

Accuracy (Acc) is estimated as a ratio between correctly assigned instances against 

all instances: 

𝐴𝑐𝑐 =    !"##$!%&'  !"#$$%&%'(  !"#$%"&'#
!""  !"#$%"&'#

∗ 100  [%]. (4.1) 

Different way of representation of performance is possible by formulation of error 

rate (Err): 

𝐸𝑟𝑟 = 1− 𝐴𝑐𝑐  [%]. (4.2) 

Evaluation discussed before have one disadvantage. It does not take into account 

wrong decision and wrong calculation. This drawback could lead to unreliable results 

[Witt11]. Consequently, to avoid this problem and to have an objective information 

about system or algorithm performance, we could use other evaluation measures such 

as: true positive rate (TPr), true negative rate (TNr), false positive rate (FPr), false 
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negative rate (FNr), measures derived from them precision (P), recall (R) and finally 

F-measure (F also called as F1 measure). 

For the calculation of metrics written below we firstly need to create a confusion 

matrix. In next figure (Fig. 4-3 Example of confusion matrixFig. 4-3), there is the 

confusion matrix example created for binary classification problem. 

For binary problem (Fig. 4-3 Example of confusion matrixFig. 4-3), there are four 

possible outputs from the classifier (TP, FP, TN, FN). Their rate calculation is as 

follows [Davi06]: 

𝑇𝑃𝑟 ! !
!"

!" ! !"
, (4.3) 

!"# ! !
!"

!" ! !"
, (4.4) 

𝐹𝑃𝑟 ! !
!"

!" ! !"
, (4.5) 

!"# ! !
!"

!" ! !"
. (4.6) 

Than we calculate precision and recall with following formulas [Davi06]: 

! !
!"

!" ! !"
!, (4.7) 

! ! !
!"

!" ! !"
. (4.8) 

Precision value describes how many classified examples have been correctly 

classified from all examples presented to the classifier. Recall then represents the 

number of correct classified examples divided by the number of examples that should 

have been returned. Then we can calculate F measure of the test accuracy: 

𝐹 ! ! !
! ! !

! ! !
, (4.9) 

where F can be interpreted as a weighted average of the precision and recall. 

 Predicted Class 

yes no 

Actual Class 
yes TP FN 

no FP TN 

Fig. 4-3 Example of confusion matrix (binary classification) 
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4.3.3 Regression Evaluation 

In the next paragraph, the reader can find calculation of various correlation 

coefficients, mean square error calculation, most widely used evaluation matrices for 

regression problem and a simple example of correlation between two variables. 

Correlation or the degree of relationship between variables determines how well a 

linear or other equation describes or explain the relationship between variables. If all 

values of the variables satisfy an equation exactly, we say that the variables are 

perfectly correlated or that there is a perfect correlation between them. When we 

consider only two variables being involved, we refer to simple correlation and simple 

regression. When more then two variables are involved, we talk about multiple 

correlation and multiple regression. [Spie98] 

 

Fig. 4-4 Correlation example (adopted from [Youn06]) 

Correlation example between two variables is depicted in Fig. 4-4. Example on 

Fig. 4-4a represents a moderate negative correlation. The correlation is negative 

because the variable 2 decreases as variable 1 increases. An opposite situation is 

shown in Fig. 4-4b where variable 2 increases as variable 1 increases - this represents 

a positive correlation. Finally, on example Fig. 4-4c represents no correlation, variable 

1 have no systematic association with the other variable 2 [Youn06]. 

Pearson’s Product Moment Correlation Coefficient (rp) 

The most popular correlation coefficient is the Product Moment correlation 

coefficient, better known as Pearson’s rp. Pearson’s rp is used to determine the 

correlation between two variables under three conditions. First, both variables must be 

interval or ratio measures (i.e. attitude scales, test scores). Second, the relationship 
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between the two variables must be linear - the data points must generally fall along a 

straight line. A non-linear relationship between variables, produces a Pearson’s r near 

zero (see Fig. 4-5), even though is it clear from the example that there is a strong 

(“quadratic,” of the type y=x2) relationship between the two variables. The third 

condition is that both variables are normally distributed [Youn06]. 

Computation of Pearson’s rp is with following formula [Youn06]: 

!! !
!" !" ! ! !

!" !! ! ! ! !" !! ! ! !
. (4.10) 

 Where ns equals to the number of score-pairs, X and Y equal paired scores. 

 

Fig. 4-5 Spearman correlation example (from [Spea12]) 

Spearman’s rho Correlation Coefficient (rs) 

Another representation of variables correlation can be represented with Spearman’s 

correlation coefficient. It assesses how well the relationship between two variables can 

be described using a monotonic function. If there are no repeated data values, a perfect 

Spearman correlation of +1 or −1 occurs when each of the variables is a perfect 

monotone function of the other. The formula is [Youn06]: 

!! ! ! !
! !"!

!"(!"!!!!
, (4.11) 
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where Df  is the difference between paired ranks. The number “6” is a constant. 

 One of the main advantages of Spearman’s correlation coefficient opposite to 

Pearson correlation is that Spearman’s correlation better represents data correlation, 

while two variables being compared are monotonically related (see Fig. 4-5). 

Several other correlation coefficients description and definition are mentioned in 

the reference [Youn06]. 
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5 THEORY OF SUPPORT VECTOR MACHINE 
DETAIL ANALYSIS  

Support Vector Machines (SVM) is a universal learning procedure based on the 

statistical learning theory proposed by Vapnik in 1995. Term universal means that the 

SVM can be used to learn a variety of representations, such as neural networks, radial 

basis functions, polynomial estimators and so on. In general SVM offers a new 

approach for function parameterization and can be used for solving linear operators 

system equation, computer tomography, signal compression, pattern classification, 

regression etc. [Cher07] 

5.1 SVM INTRODUCTION 
SVM classifier, similar to neural networks, is a typical representative of 

nonparametric classifier. It becomes popular mainly because of its attractive 

characteristics and promising empirical performance. 

Classifier formulation includes principle of Structural Risk Minimisation (SRM), 

which has proved itself better than the Empirical Risk Minimisation principle applied 

with conventional neural networks. SRM minimises upper bound expected risk, in 

contrast to ERM principle, which minimises training error on training data. Especially 

this different approach gives SVM better generalisation ability, which is the main goal 

of statistical learning. [Gunn98, Cris00] 

According to reference [Cher07], SVM combines four distinct concepts: 

1. New implementation of SRM inductive principle. 

2. Mapping input samples into higher dimensional feature space, with 

utilisation collection of nonlinear basis functions define a priori. 

3. Use of linear functions with respect to complexity for approximation or 

recognition input samples in higher dimensional feature space. 

4. Utilisation of duality theory of optimisation to make estimation of model 

parameters in higher dimensional feature space computationally tractable. 
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Standard SVM classifier is a non-probabilistic linear binary classifier, which 

predicts classes to which unknown samples belong. During training the SVM uses 

input-output pairs for learning decision function which is used for classification of 

input data into one of the predicted classes. During the training procedure SVM 

creates model: represented by samples placed in feature space where samples 

belonging to the same class are separated in feature space with a margin, which size is 

as much as possible. Unknown data are also mapped into this space and are classified 

based on the position in this feature space. Formally we can say that SVM create 

hyperplane or a collection of hyperplanes in higher-dimensional or infinite 

dimensional feature space. The best separation ability is achieved if hyperplane has 

the greatest distance from the nearest training samples of arbitrary class. In general 

wideness of the margin shows generalisation ability of the classifier. [Cher07] 

The main reason for using higher-dimensional feature space for SVM based classifier 

is linearly non-separable classification problem, where data are distributed in feature 

space that way we cannot separate them with linear function. Transformation of the 

features into higher-dimensional feature space is conducted with Kernel functions, this 

approach is also called kernel trick. [Cher07] 

5.1.1 Structural Risk Minimization Algorithm 

SVMs algorithm is based on statistical learning theory. It embodies Structural Risk 

Minimization (SRM) principle. The idea of SRM principle is to create a structure such 

that Sh is hypothesis space of VC dimension (Vapnik Chervonenkis dimension) h 

where the VC dimension is a scalar value that measures the capacity of a set of 

function [Junl00] with following relationship: 

! ! ! ! ! ! ! ! ! ! ! !  

SRM consists in solving the following problem: 

[ ] ( )( ) ( )
!
"
#

$
%
& '+

+
lt

hlth
fRempSh

4ln12ln
min

(
 ,  (5.1) 

where term [ ]fRemp  represents empirical risk, lt is training dataset and !"1

confidence. [Junl00] 
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Equation 5.1 shows the construction idea of SVMs that optimizing structural risk to 

make the second term of 1 minimize, constrained by the first term unchanged. This 

method is substantially different from  the Empirical Risk Minimization (ERM) which 

is adopted in traditional neural networks [Junl00]. 

5.2 SVM CLASSIFICATION MECHANISM 
In this section, we will briefly describe classification mechanism of SVMs in three 

cases. 

5.2.1 Linear Separation Example 

First we will assume that we have given a set of data, which belongs to two 

separate classes:  

( ) ( ) { }1,1,,,,,, 11 !"" yRxyxyx N
mm!  . (5.2) 

The goal is to find some decision function ( ) ( )( )xfxg sgn=  that accurately predicts 

the label of unseen data ( )yx, , and minimizes the classification error. If function 

( )xf  is linear function [Junl00]: 

( ) ( ) bwxxf += . ,  (5.3) 

for NRw! and Rb! . This gives a classification rule whose decision boundary 

( ){ }0| =xfx  is an N-1 dimensional hyperplane separating the classes „+1” and „-1” 

from each other. [Junl00] This situation is depicted in Fig. 5-1. The problem of 

learning from data can be formulated as finding a set of parameters (w, b) such that 

( )( ) ybxw i =+.sgn  for all mi !!1 . Equations which describe the situation on Fig. 5-1 

are: 

( ) 1. 1 +=+bxw ,  (5.4) 

( ) 1. 1 +=+bxw ,  (5.5) 

( )
w

xx
w
w 2

. 21 =!
!
"

#
$
$
%

&
' .   (5.6) 
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Margin ( )bw,!  depicted in figure is defined as: 

( )
w

bw
2

, =! .  (5.7) 

The optimal separating hyperplane is given by maximizing margin, because a large 

margin can make an estimation reliable on the training set and make an estimation 

perform well on unseen data examples. [Junl00] Thus we can solve the following 

optimization problem: 

!
"
#

$
%
& ='

2

2
1

min w ,  (5.8) 

with respect to: 

( )( ) 1. !+bxwy ii ,  (5.9) 

for mi ,...,1= .[Junl00] 

 

Fig. 5-1 Binary classification problem example (adopted from [Junl00]) 

 

This constrained optimization problem is dealt with by introducing Lagrange 

multiplier 0!i! , and a Lagrange: 

( ) ( )( )( )!
=

"+"=
m

i
iii bwxywbwL
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2
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2
1

,, ## .  (5.10) 



	
  

 

51 

Lagrange L has to be minimized with respect to w and b, and with respect to i! . 

Classical Lagrange duality enables the primal problem (5.10) to be transformed to its 

dual problem, which is easier to solve. The dual problem is given by: 

( ) ( )
!
"
#

$
%
&

= ''
''

,,minmaxmax
,

bwLW
bw

.  (5.11) 

The minimum with respect to w and b of the Lagrange L is given by: 
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Hence from equations 5.10, 5.11, 5.12 dual problem is defined: 
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with constraints: 
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  (5.14) 

The second term of (5.12) shows that the solution vector has an expansion in terms 

of a subset of the training patterns, namely those patters whose Lagrange multiplier ! i  

are non-zero. By the Karush-Kuhn-Tucker complementarily conditions, these training 

patterns are the ones for which [Junl00]: 

( )( )( ) 01. =!+bwxy iii" ,  (5.15) 

Ttherefore they correspond precisely with the Support Vectors (SV). If the data are 

linearly separable, all the SV will lie on the margin and hence the number of SV can 

be very small. Consequently the hyperplane is determined by a small subset of the 

training set and recalculating the hyperplane would produce the same answer. 

[Junl00]. 

This decision function can be written as [Junl00]: 
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( ) ( ) ⎟
⎠

⎞
⎜
⎝

⎛
+= ∑

=

m

i
iii bxxyxf

1
.sgn α , (5.16) 

where b is computed using 5.15. [Junl00] 

5.2.2 Linear Non-separable Example 

For linearly non-separable example, one can introduce slack variable ( )0≥ξ . The 

constraint of (5.10) are modified to[Junl00]: 

( )( ) !"#+= 1. bxwy ii , (5.17) 

for mi ,...,1= . The generalized optimal separation hyperplane is determined by the 

vector w that minimizes the following functional [Junl00]: 

( ) !
=
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l
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iCww

1

2

2
1

, ## , (5.18) 

subject to the constrain (5.17). The solution of optimization problem of (5.18) under 

the constraint of (5.17) is given by the saddle point of Lagrange: 
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where ii !" ,  are Lagrange multipliers. As before, Lagrange duality enables the primal 

problem to be transformed to its dual problem. The dual problem is given by: 
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By minimum with respect to ! ! ! ! ! !  of the Lagrange L, dual problem is [Junl00]: 
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with constraints: 
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The solution to this minimization problem is identical to the separable case except 

for a modification of the bounds of the Lagrange multipliers. The parameter C 

introduces additional capacity control within the classifier. In some circumstances C 

can be directly related to a regularization parameter. [Junl00] 

5.2.3 Nonlinear Example 

In the case where a linear boundary is inappropriate, SVMs can map the input 

vector into a high dimensional feature space. By choosing a nonlinear mapping, the 

SVMs construct an optimal separation hyperplane in this higher dimensional space. 

Mapping into higher dimensional space is performed by the kernel function K(x,y). 

This example is depicted in Fig. 5-2. [Junl00] 

 

Fig. 5-2 Mapping mechanism (adopted form [Junl00]) 

The optimization problem defined in (5.21) becomes: 
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, (5.23) 

and the constraints in (5.22) are unchanged. Solving (5.23) with constraint (5.22) 

determines the Lagrange multipliers, and a classifier implementing the optimal 

separation hyperplane in the feature space is given by [Junl00]: 

( ) ( ) !
"

#
$
%

&
+= '

SVs
iii bxxKyxf ,sgn ( . (5.24) 

5.2.4 Feature Space and Mapping Mechanism 

Application of the kernel function allows us to map features from the original 

feature space into higher-dimensional feature space. The main idea of the kernel 
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function is to enable operations to be performed in the original space rather than the 

potentially high dimensional feature space [Junl00]. 

The kernel theory is based upon Reproducing Kernel Hilbert Space (RKHS). If K 

is symmetric positive define function and satisfies Mercer’s Condition, than it can be 

used as kernel for the feature space transformation. Consequently, the kernel 

represents a legitimate inner product in feature space. Not every function can be used 

as kernel and also not for every function we can find an appropriate transformation ΦT 

[Junl00]. Kernel function and their definitions are described in next section. 

5.3 KERNEL FUNCTIONS 
A well known kernel function used for transformation will be discussed in the 

following text. 

Polynomial function 
Polynomial mapping is very popular in non-linear modelling. The definition of 

polynomial kernel is following [Gunn98]: 

( ) ( )dyxyxK ,, = , (5.26) 

( ) ( )( )dyxyxK 1,, += , (5.27) 

The second definition is more suitable if components of Hessian matrix are zeros. 

Variable d represents degree of polynomial. 

Gaussian RBF (Radial Basis Function) 

RBF function is one of the widely used kernel functions among a variety of 

applications of SVM and is defined as: 

( ) ( )2
exp, yxyxK !!= " . (5.28) 

Another variation of RBF function is Exponential RBF, which is applied if there 

are accepted discontinuities. Definition of exponential RBF [Gunn98]: 
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Multiple Layer Perceptron (MLP) 

The long established MLP, with a single hidden layer, also has a valid kernel 

representation, 

( ) ( )( )!" += yxyxK ,tanh, , (5.30) 

for certain values of the scale ρ and offset ϴ parameters. Here the SV correspond to 

the first layer and the Lagrange multipliers to the weights. [Gunn98] 

Another approach for creating kernel function is a computation of the tensor 

product of kernels [Gunn98]. In reference [Huaz08] author proposed a combination of 

linear and RBF kernel named like “CombKer“. In another reference [LeiJ08] they use 

kernel defined as ”hyperkernel” which is compared against a variety of other kernels. 

There is the variety of other kernels and a reader can find more information in the 

reference [Shig05]. 

5.4 SVM IMPLEMENTATIONS 
The implementation of SVM learning algorithm requires solving a problem of 

quadratic programming (QP). A number of algorithms for quadratic optimization for 

general purpose already exists, for example, quasi-Newton methods such as MINOS 

or primal-dual interior point methods such as LOQO etc. Their disadvantage is that 

they can work only with small dataset. On the other hand they provide high accuracy 

of calculation. However, these algorithms are no longer suitable when the kernel 

matrix (or original data matrix for linear SVM) does not fit in main memory. In order 

to solve larger problems, special-purpose algorithms have been created that take the 

advantage of unique aspects of the SVM problem. [Cher07] These algorithms can be 

divided into three categories according to [Cher07]: 

• Subset selection methods: These methods have lower precision in the 

solution (in terms of Lagrange multipliers) in order to break the 

optimization problem up into manageable pieces. We can find three 

methods in this category [Cher07]:  

o Chunking 
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o Decomposition – this method is applied to software implementation 

SVMLight [Joac12] and SVMTorch [Coll12] 

o Sequential minimization algorithm (SMO) – the main advantage of 

this method is that optimization problem can be solved analytically, 

and also has less memory consumption. Popular software 

implementation is LIBSVM [Chan01]. 

• Iterative methods: The main advantage of iterative methods is that results in 

few steps and so are simple to implement. The disadvantage is that in 

general they exhibit liner convergence and so are slower than standard QP 

solvers [Cher07]. 

• Methods using alternative SVM formulations: By modifying the learning 

problem, it is possible to simplify the resulting optimization problem. This 

may involve simplifying or reducing the number of constraints by 

modifying the error functional or penalization. For example, an approach 

called Lagrangian SVM (LSVM) [Mang00] uses a learning formulation. 

5.5 SVM MODEL SELECTION 
The quality of SVM models depends on the proper setting (tuning) of SVM 

hyperparameters that is SVM model selection. This is a challenging problem due to 

the inclusion of kernels in the SVM. On the one hand, SVMs can implement a variety 

of representations via the choice of the kernel. On the other hand, kernel specification 

defines a similarity metric (data encoding) in the input space, which complicates 

model selection. [Cher07] 

In general according to [Cher07], SVM model selection depends on two 

parameters: 

1. parameters controlling the ”margin“ size, 

2. model parameterization which is the choice of kernel type and its 

complexity parameters. 

The notion of ”margin“ is also specific to each type of learning problem. The main 

problem is arise from the fact that both factors above may be independent and hence 
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cannot be tuned separately. Usually, the kernel type (linear, RBF, polynomial, etc.) is 

first selected by a user, based on properties of the application data, and then remaining 

SVM hyperparameters are selected using some computational or analytic approach 

[Cher07]. Following assumption that the user will select a good kernel for particular 

task than leads to the selection from three possible approaches for SVM model 

selection [Cher07]: 

• Exhaustive search – on many combinations of parameters values (usually 

on the log scale) in combination with cross-validation on each candidate 

set. The best set of parameters for a given dataset than provides the lowest 

prediction risk (estimated using cross-validation). This approach is a brute 

force approach and in principle can be applied to any SVM formulation. Its 

disadvantage is that it requires significant computational resources and final 

results can be sensitive to the initial range of parameters values [Cher07]. 

• Efficient search – in the parameter space using VC analytic theory. This 

approach typically works for classification where analytic bounds are 

available [Cher07].  

• Analytic “rule-of-thumb” selection – of SVM parameters connected to a 

given type of learning problem. This approach uses a understanding of 

specific SVM formulations, often combined with common sense heuristic 

approach [Cher07]. 

Successful tuning of SVM parameters requires a conceptual understanding of their 

role and their affect on generalisation ability. It is important to make the distinction 

between SVM parameters controlling margin size and those controlling the model 

flexibility. For example, the margin size is controlled by parameter C and model 

flexibility is controlled by the kernel parameters (kernel parameters are described in 

section 5.3). For regression problems, the width of insensitive zone (inversely related 

to margin size) is controlled by the value of ε and model flexibility can be controlled 

by the kernel complexity parameter and/or the regularization parameter C. 

In the next section, there is a description of Grid Search approach belonging to 

exhaustive approach for model selection, and also optimized parameters tuning using 

evolutionary algorithm. 
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5.5.1 Grid Search 

Grid search is one of the widely used approaches for model parameters selection. 

Algorithm of Grid search is depicted in Fig. 5-3.  

Parameters range definition:
  C min - C max
γ min -γ max

Step define for c,γ

Number of folds definition 
(for n-Fold Cross Validation) 

For C=Cmin :step:C max

For γ=γ min :step: γ max

Computation of CV 
(n-fold Cross validation 
computed on training 

data)

CV max = O, γ best = 0, 
C best = O

If CV > CV max

CV max = CV
C best = C
γ best = γ

Best parameters:
C best, γ best

 

Fig. 5-3 Grid search algorithm 

It is exhaustive searching method, where for each combination of parameters in 

parameter space is computed K-fold cross-validation (CV). The best parameters are 
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those with highest cross-validation accuracy. Unfortunately, even small resolution 

searches can result in a large number of evaluations and long run times. [Hric10] 

Practical example of grid search with application to the problem of speaker 

recognition can be found in reference [Hric10]. Authors there use a LIBSVM 

implementation of SVM for classification with RBF kernel for feature dimension 

transformation. They search for the best parameters combination of C and γ. The 

parameters range for search were { }15,13,...,3,5log2 !!"C  and { }5,3,...,13,15log2 !!"# . 

Calculation of 5 – fold cross validation accuracy was used during experiment. 

Parameters combination (C=25, γ=25)!achieved best CV accuracy of 92.96 %. This 

situation is depicted in Fig. 5-4. 

 

Fig. 5-4 CV plot for parameters space (adopted from [Hric10]) 

5.5.2 Optimized Model Selection 

Besides the deterministic method, how to set the parameters of SVM described in 

the previous paragraph, the other possibility is to exploit an evolutionary optimization 

techniques usually based on stochastic processes. These methods are able to find 

solutions that can be very close to the optimal ones even on the multimodal function 

with many local extremes. As a typical example, we can mention genetic algorithms, 

differential evolution, simulated annealing or evolution strategies. [Hric11a] 
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5.6 EXPERIMENT 
For the classification task we firstly need to learn classifier for a particular 

problem. We decided to use a classifier described before, because of its numerous 

advantages such as ability of generalization, fast prediction of classes and others.  

SVM is related to supervised learning methods that analyze data and recognize 

patterns. It is a non-probabilistic binary linear classifier. SVM belongs to the group of 

model based classifiers. Training algorithm constructs a model that is the 

representation of the examples as points in space. Mapped examples of the separate 

classes are divided by a gap that is as wide as possible. 

Learned information encompasses in model that is created in the training stage. 

This model is created based on parameters that an user have to set. Usually there are 

more parameters, dependent on a selection of appropriate kernel function and SVM 

formulation type. 

Besides the deterministic method, how to set the parameters of SVM described in 

section 5.5.1, the other possibility is to exploit an evolution optimization techniques 

usually based on stochastic processes. These methods are able to find solutions that 

can be very close to the optimal ones even on the multimodal function with many 

local extremes. [Hric11a]  

Therefore, we have decided to apply optimization techniques: GA (described in 

section 2.5.2) and PSO (described in section 2.5.1). These two methods we compare 

with a naive search method – grid search (described in section 5.5.1). 

In the experiment, C-SVM formulation with RBF kernel function is used. This 

formulation of SVM requires setting of two parameters: cost parameter C which has 

the value typically between 2-5 and 2-20, and the parameter γ which is typically 

between 2-20 and 25 [Hric11a]. 

The naive search method for selecting near – optimal parameters is called the grid 

search. This method exhaustively calculates K–fold Cross-Validation (CV) accuracy 

for every combination from defined region of parameters C and γ. For instance if 

performing a coarse search of region between 2-5 and 220 for the parameter C, we 

could choose to try every cost parameter 2m for m = -5, -4, -3,…, 20. For each of these 
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C parameters, we try every γ at the value 2m for m = -20, -19,…, 5. This search 

requires to run SVM training for 676 different parameters combination. This 

technique is very time consuming even for searching of two model parameters. 

[Hric11a]  

In the evaluation process, two datasets were used as follows: The Letter recognition 

dataset (see section 4.2.2) that consists of character images database; a speech dataset 

for speaker recognition task, where the speaker utterances have been picked from the 

MobilDat-SK database (see section 4.2.1). Dataset description is summarized in Tab. 

5-1. 

Dataset Features 
no. 

Classes 
no. 

Training set 
size 

Testing set 
size 

Letter 16 26 10500 5000 

MobilDat-SK 22 20 14091 7240 

Tab. 5-1 Datasets description (used for model selection experiment) 

The procedure of the signal computation is as follow. 

From the speakers utterances, 22 MFCCs have been generated as the speech 

features. Silent frames for each speaker utterance were dropped out by using short 

time energy thresholding and Gaussian mixture modeling (GMM). After the 

extraction process, every attribute of the data was scaled to the range [-1, 1]. We used 

the same method to scale both training and testing data. The main advantage of the 

scaling is to avoid attributes in greater numeric ranges dominating those in smaller 

numeric range. Another advantage is to avoid numeric difficulties during the 

calculation. [Hric11a]  

The Grid search model selection was performed on the Letter dataset over 

parameters range C = {2-5, 2-4.9,…, 219.9 ,220} and γ  = {2-20, 2-19.9,…, 24.9, 25} (Fig. 

5-5). The best model parameters C = 24.8 and γ = 21 were found. These parameters 

achieved the highest 5-fold CV accuracy 96.619 % and satisfy condition of maximum 

value of C and γ. Other parameters with equivalent 5-fold CV accuracy are depicted in 

Tab. 5-2. 
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log2C 2.9 3 3.1 4.1 4.2 4.3 4.4 4.5 4.7 4.8 
log2γ 1 1 0.9 1 1 1 1 1 1 1 

Tab. 5-2 Parameters with highest 5-fold CV accuracy (adopted from [Hric11a]) 

Model selection using standard version of PSO has also been employed. Each value 

of the particle was rounded to one decimal place where parameter range was the same 

as in grid search model selection. PSO parameters used in the algorithm were: 21 

individuals, inertia factor w = 0.729844, learning coefficients c1 = c2 = 1.49618, 

maximum velocity v = 4. PSO searched for the best model parameters of SVM in 20 

iterations.  

 

Fig. 5-5 5-fold CV accuracy contour over parameters for dataset Letter (from 
[Hric11a]) 

GA parameters used in algorithm were: 21 individuals, crossover probability equal 

to 0.85, probability of mutation equal to 0.05. GA search best model parameters of 

SVM in 20 iterations.  

Tab. 5-3 presents model parameters selection results for Letter dataset: 5-fold CV 

accuracy, time needed to parameters search and the best parameters. Results of the 

classification performance: F1 measure (macro and micro mean value), accuracy 

(macro and micro mean value) are shown in Tab. 5-4. [Hric11a] 
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Method Grid 
search 

PSO GA 

log2C 4.8 3.8 4.2 
log2γ 1 1 1 

5-f. CV Acc. [%] 96,619 96.6 96.619 
time [hour] 422 3.6 5.2 

Tab. 5-3 Model selection results - dataset Letter (from [Hric11a]) 

Method Grid 
search 

PSO GA 

Accuracy – ma. mean 0.9724 0.9718 0.9719 
Accuracy – mi. mean 0.9722 0.9716 0.9718 

F1 – ma. mean 0.9722 0.9717 0.9719 
F1 – mi. mean 0.9721 0.9714 0.9716 

Tab. 5-4 Classification results - dataset Letter (from [Hric11a]) 

On the Speaker dataset, both PSO and GA based search has been applied. The Grid 

search model selection is a time consuming technique and therefore was not 

performed. Results for the PSO and GA model parameters selection are shown in Tab. 

5-5. [Hric11a] 

Method PSO GA 
log2C 15.2 9.8 
log2γ 0.8 -4.3 

5-f. CV Acc. [%] 87.6233 78.8659 
time [hour] 5.7 29.2 

Tab. 5-5 Model selection – dataset MobilDat-SK (from {Hric11a]) 

Method PSO 
frame 

PSO 
segment 

GA 
frame 

GA 
segment 

Accuracy – ma. mean 0.4623 0.8107 0.4775 0.8266 
Accuracy – mi. mean 0.4577 0.8046 0.4741 0.8218 

F1 – ma. mean 0.4571 0.7987 0.4729 0.8217 
F1 – mi. mean 0.4561 0.7951 0.4729 0.8077 

Tab. 5-6 Classification results – dataset MobilDat-SK (from [Hric11a]) 
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Classification results were interpreted on frame and segment level. The frames of 

30 ms length were extracted from the speaker utterances. Segment classification was 

conducted on 300 ms segment consisted of 10 frames. Classification results are shown 

in Tab. 5-6. [Hric11a] 

5.7 COMPARISON PERFORMANCE OF PSO- SVM WITH 

OTHER CLASSIFIERS 
For a verification of proposed model parameter selection for SVM classifier 

(hereafter referred to as PSO-SVM) in previous selection is important to do 

comparison also with other types of classifiers. Classification precision of PSO-SVM 

was evaluated on the frame and recording level against two other classifiers GMM 

and kNN. Experiments were conducted over dataset MobilDat-SK. 

5.7.1 Experiment Scenario 

The corpus was recorded over mobile environment in Slovak language. From the 

corpus consisted of 1100 speakers, utterances of randomly selected 20 speakers were 

utilized. Two utterances as training sample and one utterance as testing sample were 

choose. A speech recording in MobilDat-SK was uncompressed PCM WAV file type 

with 16 bits resolution, 8 kHz sample frequency and 8 seconds length. From the 

speaker utterances, 22 MFC coefficients have been extracted as the speech features. 

Silent frames for each speaker utterance were dropped out using short time energy 

threshold and Gaussian mixture model (GMM). The frames of 30 ms length and 10 

ms overlap were used. 

Two approaches during performance evaluation have been used. The first one 

compared classification accuracy on the frame level, where each feature vector 

influence of the overall performance. The second approach – utterance level, where 

the most frequently class occurred in utterance were assumed as class where classified 

utterance belongs, evaluate performance over whole recordings or utterance. 

[Hric11b] 



	
  

 

65 

In the experiment 20 different speakers form database were selected. For every 

classifier, each test was run 30 times to obtain a statistical credibility of classified 

data. Classifiers parameters used in experiment were [Hric11b]: 

• GMM with 8 probability density functions (PDF) and diagonal covariance 

matrix 

• SVM with RBF kernel function – PSO model parameters selection were 

performed over parameters range C = {2-5,2-4.9,…,2-19.9,2-20} and γ = {2-20,2-

19.9, …,24.9,25}, criterion function for model parameters selection was 5-fold 

cross validation accuracy 

• kNN with 7 neighbors and Euclidean metric 

Experiment results for classifiers are sown in table Tab. 5-7 and figure Fig. 5-6 

below. 

Method GMM kNN SVM 

Frame level accuracy [%] 16.58 43.21 49.90 

Record  level accuracy [%] 31.89 92.15 98.11 

Tab. 5-7 Classifiers comparison (from [Hric11b]] 

 

Fig. 5-6 Classification accuracy results (from [Hric11b]) 
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5.8 DISCUSSION 
In the previous section (5.6), we described three different model parameters 

selection techniques for SVM with RBF kernel. Basic method for this task is the grid 

search that is a naive and time consuming. From this point of view, it is important to 

use some optimization method that allows reduction of required number of CV steps 

to set the SVM parameters. Model selection using GA and PSO proves that it can be 

used for parameters selection and solve problem faster than grid search, with 

comparable results (Tab. 5-3 and Tab. 5-4). Another advantage of PSO and GA 

algorithm is the possibility of optimize more than 2 parameters. 

 From results for dataset Letter emerge that GA and PSO finds good parameters 

and achieve classification accuracy almost the same as grid search. Experiment of 

classification on Speaker dataset (Tab. 5-5, Tab. 5-6) shows that PSO is able to find 

good parameters and achieve a comparable classification precision five times faster 

than GA. Classification accuracy for dataset Speaker is decreased because of the 

quality of speaker utterances recorded in noisy environment of public 

telecommunication network. 

In the section 5.7 comparison of PSO-SVM with other two classifiers GMM and 

kNN is presented. Classification accuracy for dataset MobilDat-SK were computed 

for frames with 30 ms length, and the whole recording of each speaker consisted of all 

frames. The best classification accuracy of 98.11 % achieved SVM classifier. The 

disadvantage of SVM is slow training procedure. KNN classifier scored comparable 

classification accuracy - 92.15 %. The drawback of kNN is an increasing 

computational complexity with large database. GMM classifier achieved significantly 

worse classification accuracy – 31.89% - than the other classifiers.  The reason behind 

this fact can be the limited amount of training data. [Hric11b] 
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6 EMOTIONAL STATE RECOGNITION 
Emotions as psychologists define them are delineate in section 2.2.1, beside that 

emotions play important role in human to human communication. In computer science 

specialized in affecting computing, it is also a important to understand this 

communication channels and ”learn” computer or system to recognize and express the 

emotions. This ability will than allow to create intelligent agents, artificial teachers or 

systems that can be used in wide area of application and create a new era of the 

communication - a natural like communication with computers.  

The main motivation for emotion recognition is to be able to distinguish a human 

state simply from the information obtained from microphone or camera. For this task, 

it is important firstly to start the investigation of an appropriate features, classifiers, 

databases and evaluation techniques. 

In our experiment, we decided to recognize emotions in continuous space instead 

of discrete emotion categories. However, continuous emotion recognition is more 

complex task in comparison to categorical emotion recognition but allows us to map 

these categorical emotions into dimensions and also covers wide range of emotions.  

6.1 EXPERIMENT DESCRIPTION 
In the experiment, we use multimodal database IEMOCAP described in detail in 

section 4.2.3. From database we use all available audio recordings labelled with 

continuous label in three dimensions DA, DV, and DD.  

This task includes the utilisation of regression algorithm and evaluation matrices 

appropriate for evaluating performance of system. For a regression, we use support 

vector regression (SVR) algorithm with RBF and polynomial kernel. Model selection 

for parameters of SVM and the kernel has been done by simple grid search. 

Parameters for a selection were: C {1, 10}, d {1, 3}, γ {1/feature dimension}. From 

these parameters, grid search technique found the best combination based on cross 

validation technique. After the best parameters selection, we used them for model 

estimation and test data label prediction. From all available data, we used one half for 

a training process and the rest for testing process. 
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Feature extraction technique is based on the work of [Clav08], where the author 

recognized a neutral and fear type of emotions from audio signal and extracts different 

features for voiced and unvoiced parts of speech signals. 

In the next section, a reader can find feature preparation, feature dimension 

reduction and experiment results. 

6.2 FEATURES EXTRACTED FROM IEMOCAP DATABASE 
Audio signal is parameterized on the frame level using 40 ms window with 30 ms 

overlap. Function utilised during frames extraction procedure was the Gaussian 

window with a sigma option set to 0.4, for more details see [Eybe10]. Audio features 

extraction has been performed by openSMILE tool – freely available tool for 

extracting audio features. Detail configuration of specific components can be found in 

Appendix B. 

 

Fig. 6-1 Example of calculation segment level features 

From the audio signal, we extracted audio features related to emotional state 

according to the previous work of author in reference [Clav08]. The main difference 

was that we did not use information about speech segments - in our case, we have 

segmented signal directly based on F0 detection from speech signals. 
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NAME	
   Dimension	
   Functionals	
   VO	
  segment	
   UN	
  segment	
  
!"# $ %$ %&$ ' $ ' $
(&$ %$ %&$ ' $ $
)*+,-$ %$ %&$ ' $ ' $
./012$ %$ %&$ ' $ ' $
34#$ %$ %&$ ' $ ' $
54# $ %$ %&$ ' $ ' $
67859: $ %$ %&$ ' $ ' $
59: $ %$ %&$ ' $ ' $
5;* $ %$ %&$ ' $ ' $
5(44<&=%>?$ %@$ %@&$ ' $ ' $
AB2$#/CCDEE$ %$ %&$ ' $ ' $
AB2$(C0:$ %$ %&$ ' $ ' $
AB2$4,*+F/;1$ %$ %&$ ' $ ' $
AB2$59: $G/82$ %$ %&$ ' $ ' $
AB2$5;* $G/8$ %$ %&$ ' $ ' $
H;++,F$ %$ %&$ ' $ $
AI;JJ,F $ %$ %&$ ' $ $
(%$ %$ %&$ ' $ $
(>$ %$ %&$ ' $ $
(%$79*12$ %$ %&$ ' $ $
(>$79*12$ %$ %&$ ' $ $
KKL<&=%%?$ %>$ %>&$ ' $ ' $
.AG<&=M?$ N$ N&$ ' $ ' $
(&$O$1,F2$ %$ %&$ ' $ $
5(44<&=%>?$1,F2$ %@$ %@&$ ' $ ' $
(%$1,F2$ %$ %&$ ' $ $
(>$1,F2$ %$ %&$ ' $ $
(%$79*12$1,F2$ %$ %&$ ' $ $
(>$79*12$1,F2$ %$ %&$ ' $ $
KKL<&=%%?$1,F2$ %>$ %>&$ ' $ ' $
P;J2$A0J$ N@$ N@&$ N@&$ M%&$

Tab. 6-1 List of extracted audio features IEMOCAP 

From audio recordings, we extracted 83 features on the frame level. After 

extraction of features from consecutive frames, we have done segmentation (see Fig. 

6-1) based on F0 estimation which leads to the determination of voiced (VO) and 

unvoiced (UN) segments from an audio signal. After segmentation, we calculate 

functionals which better describe temporal changes of signal. Functionals which we 

use are maximum, minimum, average, standard deviation, range, skewness, kurtosis, 

slope, intercept and standard error. These higher level features are referred as segment 

features. 

Dimension of segment level features after segmentation are for voiced segments-

830, and for unvoiced segments 710. For unvoiced segment features derived from F0, 
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formants, formants bandwidth, jitter, shimmer and their derivates are not considered. 

List of the features are depicted in Tab. 6-1. 

6.3 FEATURES DIMENSION REDUCTION 
In the previous section, there is a description of the features extracted from VO and 

UN segments. The dimension of features is very high so we need to select appropriate 

features that lead to reduced features set. The reduction of features dimension is 

important for a classification task where we need just features that have strong 

correlation with a label. Another reason is the training time which grows with a 

feature dimension. 

For the selection of proper acoustic features, we used evolutionary optimization 

methods - Particle Swarm Optimization algorithm. We decided to utilize PSO from 

the large group of optimization algorithms because of the following reasons. It is able 

to find global optimal solution, converges fast and since it uses only primitive 

mathematical operations, it is also very easy to implement. The criterion function used 

for the PSO algorithm exploits the distance measure between predicted and real label 

values. From the original feature space that consisted of 830/710 coefficients for 

voiced/unvoiced segments, PSO algorithm selected the best combination of 

coefficients. Then, for each coefficient was determined its informational value and 40 

the most significant acoustic features were picked. In the other case, we exploited 

PSO algorithm once again to select the final subset of 40 acoustic features from the set 

of previously optimized features.  

As a classifier, we applied the kNN algorithm with Euclidean distance with 7 

neighbours. Parameters of PSO algorithm were set as follows: 25 particles, inertia 

factor w = 0.729844, learning coefficients c1 = c2 = 1.49618, maximum velocity v = 4. 

Optimization process ran in 100 iterations. 

From all extracted features 830/710, we have then selected 40 features that are 

listed in Appendix C. It is obvious that features which best describe emotional content 

of unvoiced segments are statistics features extracted form BBE and MFCC and also 

their derivatives. Other features that are listed in Appendix C for unvoiced segments 

are features directly extracted from the sound samples as MCR and ZCR. Voiced 
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segments are in all cases mainly described by functionals extracted from BBE and 

BBE derivatives. They are also supplemented with features described temporal 

variation of signal. 

6.4 DATA ANALYSIS 
After all necessary preparation steps, the data has been reduced from 

approximately 10 hour to approximately 7 hours. This was caused by removing 

speaker turns that have agreement of all available raters lower then specified threshold 

defined in [Buss08]. Also we removed segments consisting of less than 4 frames 

because we consider these segments as very short and these segments are probably 

based on incorrect F0 detection. 

Segment	
  
type	
  

Number	
  
of	
  
segments	
  

Number	
  of	
  
sessions	
  
(speaker	
  
turns)	
  

Total	
  
length	
  of	
  
data	
  

Segment	
  length	
  
information	
  [in	
  
seconds]	
  

Min. Mean Max. 

Voiced	
   34447 X 3 h. 42 min. 0.129 0.387 6.730 

Unvoiced	
   24441 X 3 h. 08 min. 0.129 0.462 8.709 

All	
   58888 6416 6 h. 50 min. 0.129 0.418 8.709 

Tab. 6-2 Data statistics IEMOCAP 

After all data preparation data consisted of 34 447 voiced segments and 24 441 

unvoiced segments. The mean length of voiced and unvoiced segments was around 

400 ms and 6416 session’s speaker turns were used. All information about data is 

shown in Tab. 6-2.  

Continuous emotion label available in dataset IEMOCAP is dimension activation 

(DA), dimension valence (DV) and dimension dominance (DD). Dimension activation 

represents in context of emotions how positive or how negative the expression of 

emotions is. Dimension activation represents emotions in the manner how calm or 

excited person is during emotion expression, and dimension dominance supply these 

two dimensions with information how weak or how strong emotions are.  
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Fig. 6-2 Segments label distribution in dimension DA 

 
Fig. 6-3 Segments label distribution in dimension DV 

 
Fig. 6-4 Segments label distribution in dimension DD 

During the emotional label creation, raters assign information about emotion based 

on technique named SAM described in section 4.2.3. These emotion labels are 

integers but after averaging ratings from different raters these labels become real 

number. Distribution of segments over these three dimensions is interpreted as 

histogram in figures Fig. 6-2, Fig. 6-3 and Fig. 6-4, where x-axis represents emotional 

label in concrete dimension and y axis refers to the number of segments. 
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Segmentation described in section 6.2 divides feature frames in categories based on 

the information about F0, detection of fundamental frequency described in section 

2.2.2. Information about segments - number of frames that belongs to each category 

(voiced – unvoiced segments) is depicted in figures -Fig. 6-5, Fig. 6-6 and Fig. 6-7. 

 
Fig. 6-5 Distribution of segments length in frames 

 
Fig. 6-6 Distribution of unvoiced segments length in frames 

In Fig. 6-6 and Fig. 6-7 there is information about segment length shown separately 

for each type of the segment. There is one modification of the histogram - segments 

consisting of more than 85 frames are not taking into account that allow to drawn the 

distribution of segment length in more clear way. 
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Fig. 6-7 Distribution of voiced segments length in frames 

6.5 RESULTS 
The results for the emotion recognition task have been evaluated using correlation 

coefficients described in 4.3.3., on two levels: segment level and decision window 

level.  

Decision window length is another parameter that has a significant impact on the 

emotion prediction capability of system. The reason for application of decision 

window is that emotions expression recognition is not objective on segment level 

where segments have a different length and also emotion expression usually last few 

seconds. 

Description	
   Corr.	
  coeff.	
  type	
   DA	
   DV	
   DD	
  

Segment	
  level	
  
Pearson 0.1553 0.3187 0.2224 

Spearman 0.1524 0.2997 0.1970 

Decision	
  

window	
  level	
  

Pearson 0.3197 0.6156 0.4724 

Spearman 0.3198 0.6227 0.4503 

Tab. 6-3 Results of emotion recognition with the features proposed by Chloe 

An experiment with investigation of window length and prediction of emotions in 

all three dimensions is shown in Fig. 6-8 Window length influence on emotion 

recognition – selected features and Fig. 6-9. First figure show the dependency of 
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emotion prediction and window length for each dimension with selected feature set 

and second figure show same dependency for Chloe’s features. Decision window 

length has been set to 10 second for overall performance evaluation 

Feature set originally proposed by [Clav08] (refered as Chloe’s features) for all 

three dimensions DA, DV, DD, were used for comparison of performance with new 

feature set separately tuned for a specific dimension (selected features). 

Results of emotion recognition using proposed feature that authors in [Clav08] 

used are shown in Tab. 6-3.  

Description	
   Corr.	
  coeff.	
  type	
   DA	
   DV	
   DD	
  

Segment	
  level	
  
Pearson 0.1622 0.3430 0.2699 

Spearman 0.1679 0.3333 0.2294 

Decision	
  

window	
  level	
  

Pearson 0.3576 0.5769 0.5048 

Spearman 0.3763 0.5935 0.4822 

Tab. 6-4 Results of emotion recognition with features selected by optimization 
algorithm

 
Fig. 6-8 Window length influence on emotion recognition – selected features 
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Results in Tab. 6-4 represent emotion recognition with features selected with 

technique described in section 6.3. Detailed list of features is attached in appendix C. 

Another important thing is to select a proper decision window length. Dependency 

of window length and correlation coefficient for each dimension is drawn in Fig. 6-8 

and Fig. 6-9. 

 
Fig. 6-9 Window length influence on emotion recognition – Chloe’s features 

6.6 DISCUSSION 
In the previous section, the results of emotion recognition in three dimensions 

activation, valence and dominance have been introduced. Segmentation of speech 

signal follow work where authors handle separately voiced and unvoiced part of 

speech, detection of voiced part is based on F0 estimation which specifies a segments 

of consistent data. This approach was also re-used in our work with one modification - 

the segmentation has been done without using additional annotation data from the 

database. In this work, we used IEMOCAP database while the authors used a SAFE 

corpus.  

In Tab. 6-3 there are the results using feature set of author [Clav08] originally 

proposed for the classification task of two types of emotions - neutral and fear type. 

With the best ability to predict emotions in dimension valence (valence represents 

how negative or positive emotion expression is) and the worst performance is 
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achieved in dimension activation (this dimension represents how calm or excited 

persons emotion expression is). The third and last dimension achieved results 

somewhere in between other two dimensions.  

The same classification procedure with a different feature set has been done also 

with features selected using algorithm described in section 6.3. The main difference is 

that the features have been separately selected for each dimension and for both types 

of speech content voiced and unvoiced. The number of features to select from has 

been also greater than authors used in originally proposed framework for voiced 

segments 830 and for unvoiced segments 710, where authors select 40 features from 

534 features for voiced content and 40 features for unvoiced content from 516 features 

using Fisher selection. Results shown in Tab. 6-4 achieved improvement in dimension 

activation and dominance where they outperform “Chloe’s” features but achieved 

worst ability of predict emotion in valence dimensions. 

This difference could by caused by applied classifier with identical parameters for 

a model selection. The new features probably need to tune parameters more precisely 

to over performed results with previous approach. We now understand under more 

precise parameters – kernel and SVM parameter with a greater range of combinations. 

Another possibility to achieve better results is to use features for dimension valence 

according to authors and for prediction in dimension activation and dominance use 

new features. From analysis relieved in section 2.2.5 it is clear that some emotions are 

better described by vocal tract and other are expressed clearly in another modality 

such as facial expression. Therefore, the utilisation of visual or another modality will 

increase a performance of system. 

	
   Valence	
   Activation	
   Dominance	
  

Correlation	
  coeff.	
   0.47 0.78 0.75 

Tab. 6-5 Results for VAM corpus ([Grim05]) 

Objective evaluation of results is in this case impossible for one reason. That full 

release of the database IEMOCAP is available only from end of April 2012, and 

therefore it is not possible to find published results with continuous emotion 

recognition now. Coarse comparison of results is only possible with different database 
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e.g. VAM where the authors [Grim05] assert results for audio only continuous 

emotion recognition depicted in Tab. 6-5. For a this “coarse“ comparison it is clear 

that results achieved with classification system described above copy a state of the art 

capability to predict emotions.   
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7 ORIGINAL SCIENTIFIC CONTRIBUTION 
In line with the objectives and undertaken experiments, I consider the original 

scientific contributions as follows: 

• Optimization of model parameters for SVM algorithm with successful application 

of PSO and GA algorithms. 

In sections 5.5 and 5.6, there is presented selection of SVM parameters with 

utilisation of the PSO and GA optimization techniques. The results are compared 

with the grid search approach. The proposed approach has been successfully 

applied to two classification problems: 

• Recognition of hand-written letters in the English alphabet. 

• Speaker identification from voice 

Comparison of the optimized SVM classifier with common classifiers, namely 

GMM and kNN has been conducted in section 5.7. 

• New approach of speaker’s emotion recognition, which is based on 

voiced/unvoiced speech segmentation and SVM regression, is proposed. 

Emotional state is evaluated on continuous scale in three dimensions: activation, 

valence and dominance. Speech signal is processed on segment level where the 

segment assigns homogenous either voiced or unvoiced region of speech. 

Emotional state is predicted by SVM regressor (section 6.1). Decision window 

impact to overall performance of continuous emotion recognition is investigated in 

section 6.6. 

• Features selection for a continuous emotion recognition from speech. 

For emotion recognition, different sub-sets of features are selected from voiced 

and unvoiced segments separately for all three dimensions DA, DV and DD. 

These experiments are discussed in section 6.3, list of selected subsets of features 

is attached in Appendix C and whole set of extracted features is attached in 

Appendix B. 
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8 CONCLUSION AND FUTURE WORK 
This doctoral thesis is oriented on problems of SVM-based classification and 

regression with applications to speech/voice analysis and speaker characterization. 

Novel research area of the speaker’s emotional state is also investigated. 

 The first part deals with the state of the art SVM classifier utilised for experiments 

described in section 5.6 where we search for more sophisticated form of SVM model 

parameters selection. Also, we successfully apply optimization methods (PSO and GA 

algorithm) on two classification problems.  

From the presented results it is clear that optimization techniques for parameters 

selection save overall time important for training the SVM classifier and it is capable 

to achieve comparable results as obtained by naive techniques (such as grid search). It 

was proved that SVM is capable to deal with both classification and regression 

problems. 

The second part of this thesis deal with emotion recognition in 

continuous/dimensional space. Dimensional emotion recognition was selected for one 

major reason and that is the ability to cover a wide range of emotions expressed by 

humans. The results of this experiment are discussed in section 6.6, and show 

promising result in this research area.  

It is important to say that the classifier SVR applied in the experiment is not as 

sophisticated as SVM with PSO or GA model parameters selection and therefore the 

future work is utilisation of sophisticated SVR. Another problem with emotion 

recognition from voice signal is that, specific emotions are presented in speech and 

other in facial expression, therefore the suggestion for future research is to extend 

speech signal also with another modality.  
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Appendix  A: Characteristics of specific emotions (from [Silv04]) 
Emotions Anger Surprise Joy 

Fundamental 
Frequency 
(F.F./F0) 

Angular frequency curve, stressed syllables 
ascend frequently and rhythmically, irregular 
up and down inflection, level average 
fundamental frequency except for jumps of 
about a musical fourth or fifth on stressed 
syllables 

Sudden glide up to a 
high level within the 
stressed syllables, than 
falls to mid-level or 
lower level in last 
syllable 

Descending line, 
melody ascending 
frequently and at 
irregular intervals 

C
on

tin
uo

us
 A

co
us

tic
 V

ar
ia

bl
es

 

Average F.F. Increased in mean - Increased in mean 

F.F. Range Much wider Wide range, median, 
normal or higher Much wider 

Intensity Raised - Increased 

Rate High rate, reduced rate Tempo normal, tempo 
restrained 

Increased rate, slow 
temp 

Spectral High midpoint for average spectrum for non-
fricative portions - Increased in high 

frequency energy 

Voice Quality Tense, breathy, heavy chest tone, blaring Breathy Tense, breathy, 
blaring tone 

Emotions Fear Disgust Sadness 

Fundamental 
Frequency (F.F.) 

Disintegration of pattern and great 
number of changes in direction of 
fundamental frequency 

Wide, downward 
terminal inflects Downward inflections 

C
on

tin
uo

us
 A

co
us

tic
 V

ar
ia

bl
es

 

Average F.F. Increase in mean F0 Very much lower Below normal mean 

F.F. Range Increase in range F0 Slightly wider Slightly narrower 

Intensity Normal Lower Decreased 

Rate Increased rate, Reduced rate Very much faster 
Slightly slow, long falls in 
fundamental frequency 
contour 

Spectral Increase in high-frequency energy - Downward inflections 

Voice Quality Tense, irregular voicing Grumble chest tone Lax, resonant 
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Appendix  B: List of features extracted with openSMILE 

 

 
Feature name 

 
Feature name 

1 HNR 272 std_spectralRollOff90.0 
2 F0final 273 std_spectralFlux 
3 intensity 274 std_spectralCentroid 
4 loudness 275 std_spectralMaxPos 
5 zcr 276 std_spectralMinPos 
6 mcr 277 std_jitterLocal 
7 absmax 278 std_shimmerLocal 
8 max 279 std_formantFreqLpc[0] 
9 min 280 std_formantFreqLpc[1] 

10.22 mfcc[0]-mfcc[12] 281 std_formantBandwidthLpc[0] 
23 spectralRollOff90.0 282 std_formantBandwidthLpc[1] 
24 spectralFlux 283-294 std_BBE[0]-std_BBE[11] 
25 spectralCentroid 295-302 std_lspFreq[0]-std_lspFreq[7] 
26 spectralMaxPos 303 std_F0final_de 
27 spectralMinPos 304-316 std_mfcc_de[0]-std_mfcc_de[12] 
28 jitterLocal 317 std_formantFreqLpc_de[0] 
29 shimmerLocal 318 std_formantFreqLpc_de[1] 
30 formantFreqLpc[0] 319 std_formantBandwidthLpc_de[0] 
31 formantFreqLpc[1] 320 std_formantBandwidthLpc_de[1] 
32 formantBandwidthLpc[0] 321-332 std_BBE_de[0]-std_BBE_de[11] 
33 formantBandwidthLpc[1] 333 ran_HNR 

34-45 BBE[0]-BBE[11] 334 ran_F0final 
46-53 lspFreq[0]-lspFreq[7] 335 ran_intensity 

54 F0final_de 336 ran_loudness 
55-67 mfcc_de[0]-mfcc_de[12] 337 ran_zcr 

68 formantFreqLpc_de[0] 338 ran_mcr 
69 formantFreqLpc_de[1] 339 ran_pcm_absmax 
70 formantBandwidthLpc_de[0] 340 ran_pcm_max 
71 formantBandwidthLpc_de[1] 341 ran_pcm_min 

72-83 BBE_de[0]-BBE_de[11] 342-354 ran_mfcc[0]-ran_mfcc[12] 
84 max_HNR 355 ran_spectralRollOff90.0 
85 max_F0final 356 ran_spectralFlux 
86 max_intensity 357 ran_spectralCentroid 
87 max_loudness 358 ran_spectralMaxPos 
88 max_zcr 359 ran_spectralMinPos 
89 max_mcr 360 ran_jitterLocal 
90 max_pcm_absmax 361 ran_shimmerLocal 
91 max_pcm_max 362 ran_formantFreqLpc[0] 
92 max_pcm_min 363 ran_formantFreqLpc[1] 

93-105 max_mfcc[0]-max_mfcc[12] 364 ran_formantBandwidthLpc[0] 
106 max_spectralRollOff90.0 365 ran_formantBandwidthLpc[1] 
107 max_spectralFlux 366-377 ran_BBE[0]-ran_BBE[11] 
108 max_spectralCentroid 378-385 ran_lspFreq[0]-ran_lspFreq[7] 
109 max_spectralMaxPos 386 ran_F0final_de 
110 max_spectralMinPos 387-399 ran_mfcc_de[0]-ran_mfcc_de[12] 
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111 max_jitterLocal 400 ran_formantFreqLpc_de[0] 
112 max_shimmerLocal 401 ran_formantFreqLpc_de[1] 
113 max_formantFreqLpc[0] 402 ran_formantBandwidthLpc_de[0] 
114 max_formantFreqLpc[1] 403 ran_formantBandwidthLpc_de[1] 
115 max_formantBandwidthLpc[0] 404-415 ran_BBE_de[0]-ran_BBE_de[11] 
116 max_formantBandwidthLpc[1] 416 kur_HNR 

117-128 max_BBE[0]-max_BBE[11] 417 kur_F0final 
129-136 max_lspFreq[0]-max_lspFreq[7] 418 kur_intensity 

137 max_F0final_de 419 kur_loudness 
138-150 max_mfcc_de[0]-max_mfcc_de[12] 420 kur_zcr 

151 max_formantFreqLpc_de[0] 421 kur_mcr 
152 max_formantFreqLpc_de[1] 422 kur_pcm_absmax 
153 max_formantBandwidthLpc_de[0] 423 kur_pcm_max 
154 max_formantBandwidthLpc_de[1] 424 kur_pcm_min 

155-166 max_BBE_de[0]-max_BBE_de[11] 425-427 kur_mfcc[0]-kur_mfcc[12] 
167 min_HNR 438 kur_spectralRollOff90.0 
168 min_F0final 439 kur_spectralFlux 
169 min_intensity 440 kur_spectralCentroid 
170 min_loudness 441 kur_spectralMaxPos 
171 min_zcr 442 kur_spectralMinPos 
172 min_mcr 443 kur_jitterLocal 
173 min_pcm_absmax 444 kur_shimmerLocal 
174 min_pcm_max 445 kur_formantFreqLpc[0] 
175 min_pcm_min 446 kur_formantFreqLpc[1] 

176-188 min_mfcc[0]-min_mfcc[12] 447 kur_formantBandwidthLpc[0] 
189 min_spectralRollOff90.0 448 kur_formantBandwidthLpc[1] 
190 min_spectralFlux 449-460 kur_BBE[0]-kur_BBE[11] 
191 min_spectralCentroid 461-468 kur_lspFreq[0]-kur_lspFreq[7] 
192 min_spectralMaxPos 469 kur_F0final_de 
193 min_spectralMinPos 470-482 kur_mfcc_de[0]-kur_mfcc_de[12] 
194 min_jitterLocal 483 kur_formantFreqLpc_de[0] 
195 min_shimmerLocal 484 kur_formantFreqLpc_de[1] 
196 min_formantFreqLpc[0] 485 kur_formantBandwidthLpc_de[0] 
197 min_formantFreqLpc[1] 486 kur_formantBandwidthLpc_de[1] 
198 min_formantBandwidthLpc[0] 487-498 kur_BBE_de[0]-kur_BBE_de[11] 
199 min_formantBandwidthLpc[1] 499 slo_HNR 

200-211 min_BBE[0]-min_BBE[11] 500 slo_F0final 
212-219 min_lspFreq[0]-min_lspFreq[7] 501 slo_intensity 

220 min_F0final_de 502 slo_loudness 
221-233 min_mfcc_de[0]-min_mfcc_de[12] 503 slo_zcr 

234 min_formantFreqLpc_de[0] 504 slo_mcr 
235 min_formantFreqLpc_de[1] 505 slo_pcm_absmax 
236 min_formantBandwidthLpc_de[0] 506 slo_pcm_max 
237 min_formantBandwidthLpc_de[1] 507 slo_pcm_min 

238-249 min_BBE_de[0]-min_BBE_de[11] 508-520 slo_mfcc[0]-slo_mfcc[12] 
250 std_HNR 521 slo_spectralRollOff90.0 
251 std_F0final 522 slo_spectralFlux 
252 std_intensity 523 slo_spectralCentroid 
253 std_loudness 524 slo_spectralMaxPos 
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254 std_zcr 525 slo_spectralMinPos 
255 std_mcr 526 slo_jitterLocal 
256 std_pcm_absmax 527 slo_shimmerLocal 
257 std_pcm_max 528 slo_formantFreqLpc[0] 
258 std_pcm_min 529 slo_formantFreqLpc[1] 

259-271 std_mfcc[0]-std_mfcc[12] 530 slo_formantBandwidthLpc[0] 
531 slo_formantBandwidthLpc[1] 687 ser_spectralRollOff90.0 

532-543 slo_BBE[0]-slo_BBE[11] 688 ser_spectralFlux 
544-551 slo_lspFreq[0]-slo_lspFreq[7] 689 ser_spectralCentroid 

552 slo_F0final_de 690 ser_spectralMaxPos 
553-565 slo_mfcc_de[0]-slo_mfcc_de[12] 691 ser_spectralMinPos 

566 slo_formantFreqLpc_de[0] 692 ser_jitterLocal 
567 slo_formantFreqLpc_de[1] 693 ser_shimmerLocal 
568 slo_formantBandwidthLpc_de[0] 694 ser_formantFreqLpc[0] 
569 slo_formantBandwidthLpc_de[1] 695 ser_formantFreqLpc[1] 

570-581 slo_BBE_de[0]-slo_BBE_de[11] 696 ser_formantBandwidthLpc[0] 
582 int_HNR 697 ser_formantBandwidthLpc[1] 
583 int_F0final 698-709 ser_BBE[0]-ser_BBE[11] 
584 int_intensity 710-717 ser_lspFreq[0]-ser_lspFreq[7] 
585 int_loudness 718 ser_F0final_de 
586 int_zcr 719-731 ser_mfcc_de[0]-ser_mfcc_de[12] 
587 int_mcr 732 ser_formantFreqLpc_de[0] 
588 int_pcm_absmax 733 ser_formantFreqLpc_de[1] 
589 int_pcm_max 734 ser_formantBandwidthLpc_de[0] 
590 int_pcm_min 735 ser_formantBandwidthLpc_de[1] 

591-603 int_mfcc[0]-int_mfcc[12] 736-747 ser_BBE_de[0]-ser_BBE_de[11] 
604 int_spectralRollOff90.0 748 ske_HNR 
605 int_spectralFlux 749 ske_F0final 
606 int_spectralCentroid 750 ske_intensity 
607 int_spectralMaxPos 751 ske_loudness 
608 int_spectralMinPos 752 ske_zcr 
609 int_jitterLocal 753 ske_mcr 
610 int_shimmerLocal 754 ske_pcm_absmax 
611 int_formantFreqLpc[0] 755 ske_pcm_max 
612 int_formantFreqLpc[1] 756 ske_pcm_min 
613 int_formantBandwidthLpc[0] 757-769 ske_mfcc[0]-ske_mfcc[12] 
614 int_formantBandwidthLpc[1] 770 ske_spectralRollOff90.0 

615-626 int_BBE[0]-int_BBE[11] 771 ske_spectralFlux 
627-634 int_lspFreq[0]-int_lspFreq[7] 772 ske_spectralCentroid 

635 int_F0final_de 773 ske_spectralMaxPos 
636-648 int_mfcc_de[0]-int_mfcc_de[12] 774 ske_spectralMinPos 

649 int_formantFreqLpc_de[0] 775 ske_jitterLocal 
650 int_formantFreqLpc_de[1] 776 ske_shimmerLocal 
651 int_formantBandwidthLpc_de[0] 777 ske_formantFreqLpc[0] 
652 int_formantBandwidthLpc_de[1] 778 ske_formantFreqLpc[1] 

653-664 int_BBE_de[0]-int_BBE_de[11] 779 ske_formantBandwidthLpc[0] 
665 ser_HNR 780 ske_formantBandwidthLpc[1] 
666 ser_F0final 781-792 ske_BBE[0]-ske_BBE[11] 
667 ser_intensity 793-800 ske_lspFreq[0]-ske_lspFreq[7] 
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668 ser_loudness 801 ske_F0final_de 
669 ser_zcr 802-814 ske_mfcc_de[0]-ske_mfcc_de[12] 
670 ser_mcr 815 ske_formantFreqLpc_de[0] 
671 ser_pcm_absmax 816 ske_formantFreqLpc_de[1] 
672 ser_pcm_max 817 ske_formantBandwidthLpc_de[0] 
673 ser_pcm_min 818 ske_formantBandwidthLpc_de[1] 

674-686 ser_mfcc[0]-ser_mfcc[12] 819-830 ske_BBE_de[0]-ske_BBE_de[11] 
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Appendix  C: List of reduced feature set for VO and UN segments 

Dimension UN – DA UN – DV UN – DD 
 Feature name* 
1 mcr mfcc[11] mcr 
2 spectralRollOff90.0 BBE[7] pcm_min 
3 mfcc_de[5] mfcc_de[5] mfcc[0] 
4 mfcc_de[8] mfcc_de[8] mfcc[1] 
5 BBE_de[1] max_pcm_min spectralFlux 
6 BBE_de[7] max_mfcc[10] BBE[7] 
7 BBE_de[11] max_spectralMinPos BBE[8] 
8 max_HNR max_mfcc_de[6] BBE[9] 
9 min _pcm_absmax max_mfcc_de[7] BBE[11] 
10 min_mfcc[4] max_mfcc_de[9] BBE_de[1] 
11 min_mfcc[12] min_ mcr BBE_de[8] 
12 min_BBE[4] min_pcm_absmax BBE_de[9] 
13 min_lspFreq[5] min_spectralFlux BBE_de[10] 
14 min_mfcc_de[0] spectralCentroid BBE_de[11] 
15 std_mfcc[10] min_BBE[9] max_spectralMinPos 
16 std_lspFreq[1] min_BBE[11] max_BBE[11] 
17 std_lspFreq[5] min_lspFreq[0] max_BBE_de[2] 
18 std_mfcc_de[4] min_mfcc_de[9] max_BBE_de[10] 
19 std_mfcc_de[12] std_mfcc_de[12] min_BBE[8] 
20 std_BBE_de[7] ran_mfcc_de[5] min_BBE_de[7] 
21 ran_spectralMinPos ran_mfcc_de[8] std_spectralFlux 
22 kur_mfcc[1] kur _loudness std_BBE_de[9] 
23 kur_BBE_de[2] kur_pcm_min slo_ zcr 
24 slo_mfcc[0] kur_mfcc[1] slo_ min 
25 slo_mfcc[4] kur_lspFreq[3] slo_spectralFlux 
26 slo_mfcc[5] kur_BBE_de[11] slo_BBE[4] 
27 slo_mfcc[9] slo_mfcc[6] slo_BBE[11] 
28 slo_spectralFlux slo_lspFreq[0] slo_lspFreq[1] 
29 slo_spectralMinPos slo_mfcc_de[1] slo_mfcc_de[1] 
30 slo_BBE[7] slo_mfcc_de[3] slo_BBE_de[0] 
31 slo_BBE[9] int_mfcc[9] slo_BBE_de[7] 
32 slo_BBE[11] int_lspFreq[1] slo_BBE_de[8] 
33 slo_lspFreq[6] int_mfcc_de[10] slo_BBE_de[9] 
34 slo_BBE_de[8] int_BBE_de[11] slo_BBE_de[10] 
35 slo_BBE_de[9] ser _loudness int_pcm_max 
36 int_mfcc[9] ser_pcm_mcr int_BBE[9] 
37 int_BBE[9] ser_mfcc[0] int_BBE[10] 
38 int_BBE[11] ser_mfcc[6] int_BBE_de[7] 
39 int_mfcc_de[12] ser_mfcc[11] int_BBE_de[8] 
40 int_BBE_de[9] ser_lspFreq[4] ser_ intensity 
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Dimension VO – DA VO – DV VO – DD 
 Feature name* 

1 mfcc[2] loudness mfcc[1] 
2 spectralFlux mfcc[0] spectralFlux 
3 BBE[7] max _loudness spectralMaxPos 
4 BBE[10] max_pcm_absmax BBE[5] 
5 lspFreq[6] max_pcm_max BBE[10] 
6 max_F0final max_mfcc[0] BBE[11] 
7 max_ spectralFlux max_BBE[2] max_spectralFlux 
8 max_BBE[4] max_BBE[5] max_spectralCentroid 
9 max_BBE[6] max_BBE[7] max_BBE[7] 
10 max_BBE[7] max_BBE[8] max_BBE[8] 
11 max_BBE[9] max_BBE_de[7] max_BBE_de[11] 
12 max_lspFreq[0] max_BBE_de[8] min_pcm_min 
13 max_BBE_de[4] max_BBE_de[9] min_mfcc[1] 
14 max_BBE_de[7] max_BBE_de[10] min_mfcc_de[4] 
15 max_BBE_de[8] min_pcm_min min_BBE_de[8] 
16 max_BBE_de[9] min_BBE_de[1] min_BBE_de[11] 
17 max_BBE_de[11] min_BBE_de[9] std_pcm_absmax 
18 min_ zcr min_BBE_de[10] std_spectralFlux 
19 min_ mcr std_ intensity std_BBE[7] 
20 min_mfcc[9] std_pcm_max std_mfcc_de[0] 
21 min_F0final_de std_BBE[1] std_BBE_de[1] 
22 min_BBE_de[4] std_BBE[8] std_BBE_de[5] 
23 min_BBE_de[5] std_BBE_de[1] std_BBE_de[8] 
24 min_BBE_de[9] std_BBE_de[2] std_BBE_de[9] 
25 std_F0final std_BBE_de[6] std_BBE_de[10] 
26 std _mcr std_BBE_de[9] ran_pcm_min 
27 std_mfcc[10] std_BBE_de[10] ran_BBE[1] 
28 std_F0final_de ran_ intensity ran_BBE[4] 
29 std_BBE_de[6] ran_ loudness ran_BBE[6] 
30 std_BBE_de[9] ran_pcm_min ran_BBE[8] 
31 ran_F0final ran_BBE[7] ran_BBE[10] 
32 ran _zcr ran_BBE[10] ran_F0final_de 
33 ran _pcm_absmax ran_BBE_de[1] ran_mfcc_de[0] 
34 ran _spectralFlux ran_BBE_de[4] ran_BBE_de[5] 
35 ran_BBE[4] ran_BBE_de[6] ran_BBE_de[10] 
36 ran_BBE[7] slo_BBE[8] slo_BBE[5] 
37 ran_BBE[9] slo_BBE_de[9] slo_BBE[10] 
38 ran_mfcc_de[10] slo_BBE_de[11] slo_BBE[11] 
39 ran_mfcc_de[12] int_ intensity slo_BBE_de[9] 
40 ran_BBE_de[9] int_ absmax int_F0final 

*max - maximum, min - minimum, std - standard deviation, ran - range, kur -

kurtosis, slo - slope, int -intercept, ser - standard error, ske - skewness,  
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Appendix  D: Visualisation of predicted and original label 

Visualisation of original and predicted label for each dimension separately. 

 
1. Diemension DA - feature set Chloe 

 
2. Dimension DV - feature set Chloe 
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3. Dimension DD - feature set Chloe 

 
4. Dimension DA - feature set selected 
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5. Dimension DV - feature set selected 

 
6. Dimension DD - feature set selected  
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Appendix  E: Configuration of openSMILE tool 
///////////////////////////////////////////////////////////////////////////////////////////////////////// 
///////// > openSMILE configuration file for emotion features <      ///////// 
/////////   IEMOCAP audio features extraction                        ////////////////// 
//////////////////////////////////////////////////////////////////////////////////////////////////////// 
[componentInstances:cComponentManager] 
instance[dataMemory].type=cDataMemory 
instance[waveIn].type=cWaveSource 
instance[fr40].type=cFramer 
instance[w40].type=cWindower 
instance[fft40].type=cTransformFFT 
instance[fftmagphase40].type=cFFTmagphase 
instance[acf40].type=cAcf 
instance[cepstrum40].type=cAcf 
instance[pitchACF].type=cPitchACF 
instance[pe].type=cVectorPreemphasis 
instance[win].type=cWindower 
instance[fft].type=cTransformFFT 
instance[fftmagphase].type=cFFTmagphase 
instance[mspec].type=cMelspec 
instance[mfcc].type=cMfcc 
instance[spflux].type=cSpectral 
instance[scale].type=cSpecScale 
instance[pitchShs].type=cPitchShs 
instance[pitchSmooth].type=cPitchSmoother 
instance[jitshim].type=cPitchJitter 
instance[pitchSmooth2].type=cPitchSmoother 
instance[res].type=cSpecResample 
instance[lpc].type=cLpc 
instance[formant].type=cFormantLpc 
instance[intens].type=cIntensity 
instance[mzcr].type=cMZcr 
instance[lpcfull].type=cLpc 
instance[lsp].type=cLsp 
instance[bspec].type=cMelspec 
instance[delta1].type=cDeltaRegression 
 
;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;;; 
 ;;; OUTPUT write csv file  
instance[csvSink].type = cCsvSink 
;; run single threaded (nThreads=1) 
nThreads=1 
;; do not show any internal dataMemory level settings  
printLevelStats=0 
///////////////////////////////////////////////////////////////////////////////////////////// 
/////////////////////////   component configuration  //////////////////////////////////////// 
///////////////////////////////////////////////////////////////////////////////////////////// 
; the following sections configure the components listed above 
///////////////////////////////////////////////////////////////////////////////////////////// 
[waveIn:cWaveSource] 
writer.dmLevel=wave 
filename=\cm[inputfile(I){test.wav}:name of input file] 
monoMixdown=1 
[fr40:cFramer] 
reader.dmLevel=wave 
writer.dmLevel=frames40 
noPostEOIprocessing = 1 
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copyInputName = 1 
frameSize = 0.040 
; frameSize/Step - is defined in seconds 
frameStep = 0.030 
frameMode = fixed 
frameCenterSpecial = left 
 
[w40:cWindower] 
reader.dmLevel=frames40 
writer.dmLevel=win40frame 
copyInputName = 1 
processArrayFields = 1 
winFunc = gauss 
sigma=0.40 
gain = 1 
offset = 0 
 
[fft40:cTransformFFT] 
 ; FFT on a sequence of real values (one frame) 
reader.dmLevel=win40frame 
writer.dmLevel=fftc40 
copyInputName = 1 
processArrayFields = 1 
inverse = 0 
 
[fftmagphase40:cFFTmagphase] 
 ; computes the magnitudes and the phases for each array in the input level 
reader.dmLevel=fftc40 
writer.dmLevel=fftmag40 
copyInputName = 1 
processArrayFields = 1 
inverse = 0 
magnitude = 1 
phase = 0 
 
[acf40:cAcf] 
reader.dmLevel=fftmag40 
writer.dmLevel=acf40 
nameAppend = acf 
copyInputName = 1 
processArrayFields = 1 
usePower = 1 
cepstrum = 0 
 
[cepstrum40:cAcf] 
reader.dmLevel=fftmag40 
writer.dmLevel=cepstrum40 
nameAppend = acf 
copyInputName = 1 
processArrayFields = 1 
usePower = 1 
cepstrum = 1 
 
[pitchACF:cPitchACF] 
reader.dmLevel=acf40;cepstrum40 
writer.dmLevel=pitch1 
copyInputName = 1 
processArrayFields = 0 
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maxPitch = 500 
voiceProb = 0 
voiceQual = 0 
HNR = 1 
F0 = 0 
F0raw = 0 
F0env = 0 
voicingCutoff = 0.450000 
 
[pe:cVectorPreemphasis] 
reader.dmLevel=frames40 
writer.dmLevel=framespe 
copyInputName = 1 
processArrayFields = 1 
k = 0.97 
f = 0 
de = 0 
 
[win:cWindower] 
reader.dmLevel=framespe 
writer.dmLevel=winframe 
copyInputName = 1 
processArrayFields = 1 
winFunc = ham 
gain = 1 
offset = 0 
 
[fft:cTransformFFT] 
reader.dmLevel=winframe 
writer.dmLevel=fftc 
copyInputName = 1 
processArrayFields = 1 
inverse = 0 
 
[fftmagphase:cFFTmagphase] 
reader.dmLevel=fftc 
writer.dmLevel=fftmag 
copyInputName = 1 
processArrayFields = 1 
inverse = 0 
magnitude = 1 
phase = 0 
 
[mspec:cMelspec] 
reader.dmLevel=fftmag 
writer.dmLevel=mspec1 
copyInputName = 1 
processArrayFields = 1 
nBands = 26 
lofreq = 20 
hifreq = 8000 
usePower = 1 
htkcompatible = 0 
inverse = 0 
specScale = mel 
 
 [mfcc:cMfcc] 
reader.dmLevel=mspec1 
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writer.dmLevel=mfcc1 
copyInputName = 1 
processArrayFields = 1 
firstMfcc = 0 
lastMfcc =  12 
cepLifter = 22.0 
htkcompatible = 0 
 
[spflux:cSpectral] 
reader.dmLevel=fftmag 
writer.dmLevel=spflux1 
copyInputName = 1 
squareInput = 1 
rollOff = 0.9 
flux = 1 
centroid = 1 
maxPos = 1 
 minPos = 1 
entropy = 0 
[scale:cSpecScale] 
reader.dmLevel=fftmag40 
writer.dmLevel=hps 
scale=log 
logScaleBase=2 
 
[pitchShs:cPitchShs] 
reader.dmLevel=hps 
writer.dmLevel=pitchShs 
maxPitch = 500 
minPitch = 75 
nCandidates = 15 
scores = 1 
voicing = 1 
F0C1 = 0 
voicingC1 = 0 
F0raw = 0 
voicingClip = 0 
voicingCutoff = 0.50 
octaveCorrection=0 
nHarmonics = 15 
compressionFactor = 0.85 
 
[pitchSmooth:cPitchSmoother] 
reader.dmLevel=pitchShs 
writer.dmLevel=pitch 
F0raw = 0 
F0final = 1 
F0finalEnv = 1 
voicingFinalUnclipped = 1 
medianFilter0 = 0 
postSmoothingMethod = simple 
octaveCorrection = 0 
writer.levelconf.nT=10 
writer.levelconf.isRb=0 
writer.levelconf.growDyn=1 
 
[pitchSmooth2:cPitchSmoother] 
reader.dmLevel=pitchShs 
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writer.dmLevel=pitchF 
F0raw = 0 
F0final = 1 
F0finalEnv = 0 
voicingFinalUnclipped = 0 
medianFilter0 = 0 
postSmoothingMethod = simple 
octaveCorrection = 0 
writer.levelconf.nT=10 
writer.levelconf.isRb=0 
writer.levelconf.growDyn=1 
 
[jitshim:cPitchJitter] 
reader.dmLevel=wave 
writer.dmLevel=jitshim1 
nameAppend = jt 
copyInputName = 1 
F0reader.dmLevel = pitchF 
F0field = F0final 
searchRangeRel = 0.250000 
jitterLocal = 1 
jitterDDP = 0 
jitterLocalEnv = 0 
jitterDDPEnv = 0 
shimmerLocal = 1 
shimmerLocalEnv = 0 
onlyVoiced = 0 
 
[res:cSpecResample] 
reader.dmLevel=fftc 
writer.dmLevel=outpR 
targetFs = 11000 
 
[lpc:cLpc] 
reader.dmLevel=outpR 
writer.dmLevel=lpc1 
p=8 
method = acf 
saveLPCoeff = 1 
lpGain = 0 
saveRefCoeff = 0 
residual = 0 
forwardFilter = 0 
lpSpectrum = 0 
 
[formant:cFormantLpc] 
reader.dmLevel=lpc1 
writer.dmLevel=formant1 
copyInputName = 1 
nFormants = 2 
saveFormants = 1 
saveIntensity = 0 
saveNumberOfValidFormants = 0 
saveBandwidths = 1 
 
 [intens:cIntensity] 
reader.dmLevel=frames40 
writer.dmLevel=intens1 
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intensity = 1 
loudness = 1 
 
[mzcr:cMZcr] 
reader.dmLevel=frames40 
writer.dmLevel=mzcr1 
copyInputName = 1 
processArrayFields = 1 
zcr = 1 
mcr = 1 
amax = 1 
maxmin = 1 
dc = 0 
 
 [lpcfull:cLpc] 
reader.dmLevel=frames40 
writer.dmLevel=lpc2 
buffersize=1000000 
p=8 
method = acf 
saveLPCoeff = 1 
lpGain = 0 
saveRefCoeff = 0 
residual = 0 
forwardFilter = 0 
lpSpectrum = 0 
 
[lsp:cLsp] 
reader.dmLevel=lpc2 
writer.dmLevel=lsp1 
nameAppend = LSP 
copyInputName = 1 
processArrayFields = 0 
 
 [bspec:cMelspec] 
reader.dmLevel=fftmag40 
writer.dmLevel=bspec1 
nameAppend = BBE 
copyInputName = 0 
processArrayFields = 1 
htkcompatible = 0 
nBands = 12 
lofreq = 20 
hifreq = 8000 
usePower = 1 
inverse = 0 
specScale = bark 
 
// ---- delta regression of LLD ---- 
[delta1:cDeltaRegression] 
reader.dmLevel=pitchF;mfcc1;formant1;bspec1 
writer.dmLevel=lld_de 
blocksize=0 
buffersize=1000000 
writer.levelconf.isRb=0 
writer.levelconf.growDyn=1 
nameAppend = de 
copyInputName = 1 
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noPostEOIprocessing = 0 
deltawin=0 
////////////////////////////////////////////////////////////////////// 
///////////////////  data output configuration  ////////////////////// 
////////////////////////////////////////////////////////////////////// 
 [csvSink:cCsvSink] 
reader.dmLevel = 

pitch1;pitchF;intens1;mzcr1;mfcc1;spflux1;jitshim1;formant1;bspec1;lsp1;lld_de 
filename =\cm[outputfile(O){output.csv}:name of csv output file] 
delimChar = ; 
append = 1 
timestamp = 1 
number = 1 
printHeader = 1 
//////---------------------- END -------------------------///////   
 


