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1. Introduction 
Processing of speech information in human communication occurs in two different ways: on one hand, 

processing of the semantic content of messages in the brain; and on the other hand, a non-verbal way: 

perceiving the emotional intent, health, mood and speech style of the speaker [1].  Huge effort has been 

taken in the last decade to understand the operation of the verbal channel. Research into the non-verbal 

channel has been smaller so far, and its operation is still less understood.  

Tone, modulation and rhythm changes can be expressed besides semantic content with human speech.  

These are also appropriate to express the emotional intent, health, mood and speech style of the speaker. 

These are called non-verbal tools. Human voice and speech formative mechanisms are able to produce 

these tools. The base of examination was read or correctly formed speech in the topic of speech 

recognition, but in speech technological applications real spontaneous speech is necessary. It consists 

of non-semantic elements, which help people understand each other. Emotion helps to inform better, 

even if it is not expressed in words. Research of the non-verbal phenomenon is necessary for signal 

processing of spontaneous conversations. 

I examined expression of emotions, automatic classification without taking semantic content into 

account, and possibilities of speech recognition during my work. The basic emotions that occurs in 

almost every culture [2, 3] are sadness, excited, nervous, joy, anger, disgust. Emotional content besides 

semantic content can be varied.  Emotions that occur in speech processing according to MPEG-4 

standard are the almost the same as mentioned before [2]. Complex emotions are made of basic 

emotions, and can also be expressed. Acoustic manifestation of emotions is very complex, because its 

expression can be changed from one speaker to another [3]. Necessity for research of emotions is also 

increasingly important nowadays in IT, telecommunication and healthcare. 

Research of non-verbal channels has not been so important so far, as I mentioned before. It has many 

difficulties, for example the question of initial speech database. At the beginning of my research, actors’ 

speech was used; however, it is different from spontaneous conversation. Creating databases consisting 

of spontaneous speech with adequate quality is not easy. Control of speech eliminates effects of semantic 

content, but causes lack of spontaneity [4, 5, 6].  Modelling real data is limited, due to different presence 

of spontaneous and controlled speech. 

My results in emotion research are novel (or were novel at publication) not only in Hungarian, but also 

in international literature, for example, specificities of acoustic parameters in spontaneous speech, and 

characterizing of different emotions. At the beginning of my research (2007), the topic of acoustic 

parameters, which determine emotions, was an initial research field [4, 5, 6, 3, 7, 8, 9]. Although basic 

acoustic parameters were described, it was unequivocal that many other unidentified parameters are 

important, such as prosodic features. (By prosodic features I mean melodic thread of speech and 

temporal change of intensity.) There were attempts to emotion classification using spectral features [10], 

but the used database was annotated on the basis of visual information, and the size of the database was 

not sufficient enough. The information of the emotion is different in audio and video signals. In my 

work I processed the database by audio information. 

Furthermore the optimal size of the basic unit of emotion recognition is uncertain in today's international 

literature [11, 12, 13]. When considering the emotional response, we discovered the basic question of 

continuous speech is: what is the basic unit that can be taken long enough to make certain decisions, but 

short enough so that it does not contain two emotional episodes at a time. 
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The Interspeech 2013 [14] conference shows the novelty of research field. There were more than 15 

papers at the conference, that deal with the acoustic features of emotions and automatic emotion 

classification. 

Expression of emotions and recognition also shows cultural differences [15, 16]. That is the reason that 

taking general statements is not possible from a certain language database. So the examination of 

emotion expressive acoustic parameters is also important in the Hungarian language. These experiments 

were started in the last century by Iván Fónagy and Klára Magdics [17, 18], but confined to one speaker 

and some typical sentences. Basic classifying experiments based on machine learning started in the early 

2000s [19], but a small database was used. Detailed research in the Hungarian language was 

accomplished in my work. 

Automatic detection of speech is necessary for automatic determination of emotions, which is difficult 

in natural, noisy circumstances. The result of uncertain speech detection can be worse besides less 

accurate voice activity detection. To analyze the emotion content in a certain speech section, it is 

necessary to have an adequate size of segmentation besides detecting presence of speech. I have chosen 

a process based on the hidden Markov-model (HMM) for automatic recognition, because it follows well 

the terminal changes. A main requirement of real speech technology applications is noise tolerance. 

Noise tolerance can be embedded in acoustic models of HMM in case of speech applications based on 

HMM and working in a noisy environment. Noise filters can be used for pre-filtering of noises, and for 

proving signal-to-noise ratio [20]. Speech enhancements cause modification of the original signal, which 

can modify the acoustic parameters of the emotion’s expression [21, 22]. Voice activity detection (VAD) 

has been used for 70 years, but a really successful solution has still not been produced; the topic is under 

research. The newest implementations based on HMM contain speech, noisy speech and noise categories 

for voice activity detection [23, 24]. Acoustic event detection (AED) has more categories besides 

speech, but its speech recognition is not so accurate [25, 26, 27, 28]. The main aim is the recognition of 

different acoustic environments. 

As the result of my research I created the modules of a general real-time emotion recognition system, 

which is able to recognize emotions in spontaneous speech independently of speech content. 

Examination of human emotion perception 

It is necessary for the research of automatic emotion recognition to know the general ability of human 

emotion perception. This answers the question of the final classification accuracy that we can achieve. 

The chosen emotions that I examined were the following: joy, sadness, anger, surprise, disgust, fear, 

nervous and neutral. I looked at how listeners can classify these emotions. 

I made subjective listening tests, for which I created a database with emotional sentences [B1]. The 

subjective tests contained three phases: separate listening to sentences, listening to the sentences with a 

neutral reference sentence, and then listening again to the separate emotional sentences. The sequence 

of the sentences in a phase was random. The reference neutral sentence in the second phase was the 

neutral version of the original emotional sentence. 

The results that were obtained during the tests are shown in Figure 1. The best recognized emotion was 

disgust, which achieved 72%. The total recognition performance was 62%. The number of the correctly 

classified sentences increased with the neutral sentence in the second phase, but the improvement was 

not significant. Joy had the largest improvement, but even this was 15%. 
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Figure 1. Recognition results of the subjective tests 
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2. Research objectives 
The objective of my research is the examination of acoustic parameters of emotion expression which 

enable the automatic recognition of emotion in spontaneous speech. 

For this goal, I examined the acoustic features that were not commonly used in spontaneous speech in 

the literature, or that had not been fully investigated. The prosodic features (fundamental frequency, 

intensity) were commonly used in the literature but not in the case of spontaneous speech. But it is 

obvious that not only these parameters determine the expression of emotional speech. I investigated the 

decisive role of spectral features, which were new in the literature, especially in the case of spontaneous 

speech. The requirement of spontaneous speech material was necessary in my experiments. The 

researches in the literature were mostly done on acted, read speech, which does not have the same 

information content as spontaneous speech. 

The conclusions drawn are based on statistical examinations and automatic classification tests. During 

the statistical examinations I wanted to investigate the properties of the acoustic features in the function 

of emotions. The automatic classification tests answer the question of how these features affect the 

separation of emotions. 

Next, I identified a possible optimal unit for emotion classification. This task is necessary for an 

automatic emotion recognition system. I inspected three speech units with different duration: word, 

intonation phrase, and sentence. 

The detection and segmentation of speech is also essential. An inaccurate segmentation of speech can 

decrease the overall performance of emotion recognition. In order to develop a proper speech detection 

method I applied acoustic models for different noise categories and investigated their influence on the 

accuracy of speech detection. For speech segmentation I developed an optimized hidden Markov-model 

method, which can solve the intonational phrase segmentation in spontaneous Hungarian speech. 

The main objective was to develop an automatic, real-time emotion recognizer system, therefore the 

research phases were built on each other to help this kind of realization.  
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3. Methodology 
For the listed research goals I needed a database of different types of emotional speech, and research 

methods which can perform acoustic pre-processing, statistical examinations and automatic 

classification. I created new databases, which matched the actual tasks: 

a) Speech database for statistical examinations and automatic emotion classification 

The database contains spontaneous emotional speech, which was processed (annotated, 

segmented) for the statistical examination and automatic classification needs. 

b) Speech database with natural street noise through a phone line 

The database contains discourses with natural street noise through a phone line, which was 

processed (annotated, segmented) according to the acoustic environment. 

The descriptions of the databases are included at the actual examinations. 

For the measurements I used Praat [29] for the acoustic pre-processing. The machine learning methods 

were implemented using LibSVM [30] in C#.NET framework and HTK [31] framework. 

The analysis of the measurements and the statistical examinations were made by MATLAB 2008b.  
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4. New results 

4.1. Statistical examinations of the acoustic parameters that express emotions 

Introduction 

During the statistical examinations the question was that besides the prosodic features how the spectral 

features express emotions in the case of spontaneous speech. When beginning my research (2007) the 

subject of the acoustical parameters of human emotional speech was a hot topic. The prosodic features 

(fundamental frequency and intensity) were generally mentioned, but the role of the spectral components 

had not been deeply explored. The main deficiency of the researches is that the emotions are not 

examined in spontaneous speech environment. Many works use classification methods based on 

different selected features, although the exact properties of these features are described only in some 

works [4, 32]. Although the examinations apply controlled emotional speech of actors, the 

characteristics of the spontaneous speech are different than the acted speech. Therefore I examined the 

properties of different emotions in real, spontaneous speech. My goal was to check how the acoustic 

features can be separated in the function of emotions, and their possible usage in classification tasks. 

I used statistical t-test in order to test each emotion pair and see if the applied acoustical features differed 

significantly (with 95% significance level). There is a hypothesis analysis (Anova), which can compare 

more than two data sets, but this is just the generalization of the t-test, therefore does not contain more 

information. It tells if there is a set whose mean values differ from those of the other sets in the group. 

Whereas the pair-wise t-test gives more detailed results, because it shows the significance difference 

property of all the emotion pairs. 

The structure of continuous speech is very diverse. There are disfluencies and restarts. Spontaneous 

speech is not as well structured as read speech. The same emotional content is not continuous in the 

whole duration of the speech. In a complex sentence, which can consist of several clauses, the expression 

of emotion is not present in the whole sentence. The main question is the optimal structure unit that the 

examinations can be applied on. The intonational phrase is a specific speech unit that can be used as a 

proper unit. It contains a well definable intonational contour, which can determine the time boundaries 

of the given segment [33, 34]. It is small enough not to contain more than one emotional episode, and 

large enough to recognize the emotional content [B1]. In the II.2 thesis I prove that the applied 

intonational phrase is an optimal unit on the database used for emotional classification. 

Database 

For the statistical examinations a database is needed which contains speech reflecting generally used 

emotions. The recording of such a database was not possible, therefore I gathered radio and television 

recordings that match the given criteria. I selected two television shows that contain improvising plays 

of actors and spontaneous discourses [J1]. This is a compromise between the acted read speech and real 

spontaneous speech. Later this was extended with recordings of reality shows. 

During the annotation I segmented the speech into intonational phrases. The emotional labelling was 

done by 30 people with subjective tests. Based on the answers to the subjective tests I selected recordings 

from 43 speakers, totalling 985 emotional segments, where the decisions matched more than 70%. There 

were four emotions (neutral, sadness, anger, joy), which had sample numbers that are enough to apply 

the tests on them. The categories are shown in table 1. 
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Table 1. 

Number of samples selected by 30 listeners from the TV recordings 

Emotion type Number of samples (p.) Duration 

Neutral 517 10 minutes 

Anger 290 4 minutes 29 seconds 

Joy 61 1 minutes 20 seconds 

Sadness 54 1 minutes 11 seconds 

Figure 2 shows the density of the phonemes in the database. The density is even across the emotions, 

and it is consistent with the overall distribution of the Hungarian phonemes [35], therefore it reflects the 

properties of the Hungarian vernacular. 

 

Figure 2. Density of phonemes of the emotional database 

Acoustic pre-processing 

The recordings were normalized to peaks per intonation phrases due to the changing of the acoustic 

environment and the changing distance of the microphone and the speaker. 

In the researches so far, during the acoustic pre-processing, two main prosodic features were used, that 

I also applied: 

 Voice melody, which is realized as the momentary value and the changing of the fundamental 

frequency. The mean fundamental frequency (F0) and the mean of the fundamental frequency 

derivate were computed for all intonation phrases ( ). The computation was 

done by autocorrelation method with Praat. 

 Changing of the voice intensity. The mean intensity (EN) and the mean intensity derivate (

) were computed for all intonation phrases. 

Besides the prosodic features the following spectral features (that lacked detail in the literature) were 

added to the examinations: 

0

0,02

0,04

0,06

0,08

0,1

0,12

0,14

2 A: b d d' dz E e: f g h i j J k l m n o O p r s S t t' tS ts u v y z Z

F
r
e
q

u
e
n

c
y

 o
f 

o
c
c
u

r
r
a

n
c
e

Anger

Joy

Neutral

Sadness

Hungarian statistics



9 

 

 Mel-band energy values, which divide the spectra of the speech according to the frequency 

bands of human hearing (evenly spaced scale of melodic sound pitches), and give the energy in 

these bands. They are commonly used in speech recognition because they fit to the properties 

of human auditory perception. During the statistic examinations I used the 70Hz – 11050Hz 

frequency band. 

 Harmonic-to-Noise Ratio (HNR), which is the ratio of the energy of the periodic and aperiodic 

components in the signal. The HNR is given in dB units. For example if 99% of the signal’s 

energy is in the periodic components, then the value of the HNR is: 10 ∙ 𝑙𝑜𝑔10 (
99

1
) ≅ 20 . This 

parameter gives information about the voice quality (stressed, breathy, etc.). 

The applied window length and time step of the computation of each acoustic feature (which is different 

from the common values in the literature) are shown in table 2. The longer window length rather gives 

information about the differences of larger speech segments, than the phonemes. 

Table 2. 

The applied window length and time step values during the pre-processing 

Acoustic feature Analysis window length Timestep 

F0 [Hz] 100 ms 10 ms 

EN[dB] 100 ms 10 ms 

Mel-band energy values [dB] 150 ms 10 ms 

HNR [dB] 100 ms 10 ms 

 

Results of the examinations of the prosodic features 

The emotions I selected from the database were the four emotions formerly mentioned (joy, sadness, 

anger, neutral). During the statistical examinations the question was that besides the prosodic features 

how the spectral features express emotions in the case of spontaneous speech. First, I looked at the 

prosodic features that were commonly used in the literature in the case of acted read speech. I computed 

every feature for the annotation unit of the database: intonational phrases. I examined the following 

statistical properties: 

 the mean of the fundamental frequency of the intonational phrases, 

 the mean of the fundamental frequency derivate of the intonational phrases, 

 the mean of the intensity of the intonational phrases, 

 the mean of the intensity derivate of the intonational phrases. 

Figures 3 and 4 show the statistical data for the intonational phrase units in the form of boxplot functions 

(made by MATLAB 2008b). I illustrate the result of the significance tests in table 3: which emotion 

pairs show significant difference with 95% significance level. The statistical threshold was 1.96. The 

statistical t values of the emotion pairs are shown in brackets. For better understanding for every emotion 

pair I depicted if it reached the statistical threshold value or not. The filled circles represent the 

significant difference for the given acoustic feature at the given emotion pair. The results of the intensity 

derivates are not shown, because there were no significant difference at any emotion pair in the case of 

this acoustic feature. 
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(a)  (b) 

Figure 3. Mean of intensity (a) and mean of fundamental frequency (b) values of the intonational 

phrase units 

 
Figure 4. Mean of fundamental frequency derivates of the intonational phrase units 

Table 3. Significant differences at 95% significance level and the calculated statistical t values for the 

prosodic features 

(● – significant difference. ○ – no significant difference), threshold of t value: 1.96 

Emotion pair F0 ∆F0 EN ∆EN 

Anger-Joy ● (4.6) ● (3.9) ● (2.3) ○ (1.6) 

Anger - Neutral ● (27.7) ● (25.5) ● (18.3) ○ (1.5) 

Anger - Sadness ● (3.1) ● (3.4) ● (7.7) ○ (1.4) 

Joy - Anger ● (4.6) ● (3.9) ● (2.3) ○ (1.6) 

Joy - Neutral ● (21.4) ● (6.2) ● (4.8) ○ (1.5) 

Joy - Sadness ○ (1.8) ○ (1.8) ● (2.9) ○ (1.7) 

Neutral - Anger ● (27.7) ● (25.5) ● (18.3) ○ (1.5) 

Neutral - Joy ● (21.4) ● (6.2) ● (4.8) ○ (1.5) 

Neutral - Sadness ● (23.5) ● (6.1) ○ (1.6) ○ (1.3) 

Sadness - Anger ● (3.1) ● (3.4) ● (7.7) ○ (1.4) 

Sadness - Joy ○ (1.8) ○ (1.8) ● (2.9) ○ (1.7) 

Sadness - Neutral ● (23.5) ● (6.1) ○ (1.6) ○ (1.3) 

From table 3 we can see that the different prosodic features participate with different weights in the 

discrimination of the emotions. The mean value of the derivate of the intensity does not show any 
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significant difference. In the case of sadness the mean value of the fundamental frequency and the mean 

of the fundamental frequency derivate do not show significant difference from the emotion of joy. In 

the case of this emotion pair the intensity plays a larger role in the differentiation; the fundamental 

frequency information is less important. In the case of sadness and neutral emotion pair I did not measure 

significant difference in mean intensity values, but I did in the mean fundamental frequency and mean 

fundamental frequency derivate. Thus these acoustic features are important in the differentiation of this 

emotion pair. In summary the mean fundamental frequency, mean fundamental frequency derivate and 

the mean intensity play a great role in differentiation of the examined four emotions, but their weights 

are different. 

Thesis I.1. [B1]: I have demonstrated by statistical methods, that the examined prosodic acoustic 

features, mean fundamental frequency, mean fundamental frequency derivate and mean intonation, 

measured in intonational phrase units, show significant differences with 95% significance level in the 

case of the four emotions used in the case the applied database of spontaneous Hungarian speech. The 

role of the examined prosodic acoustic features changes for each emotion pair: 

a) The difference of the mean fundamental frequency and fundamental frequency derivate values 

are significant in the case of neutral-joy, neutral-anger, neutral-sadness, anger-joy and anger-

sadness emotion pairs with 95% significance level, but are not in the case of joy-sadness 

emotion pair. 

b) The difference of the mean intensity values is significant in the case of neutral-joy, neutral-

anger, joy-sadness, anger-joy and anger-sadness emotion pairs with 95% significance level, but 

is not in the case of the neutral-sadness emotion pair. 

Results of the examination of the spectral features 

After the prosodic features I investigated if the spectral components, the mel-band energy values, and 

the HNR also show significant difference in the function of emotions in the case of spontaneous speech. 

The measured speech spectrum for each mel-band in the case of the four emotions is shown in figure 5. 

It is clear that the spectra change between the emotions. The extent of this difference varies, thus I split 

the spectrum into four frequency bands (Table 4). I experienced different characteristics. I performed t-

test for each emotion pair. In table 4 I depicted the results of statistical experiments. The statistical test 

values show the minimum test value of the given frequency band (at 95% significance level), because 

that frequency band was significantly different in which all of the mel-bands were significantly different. 

The table shows that at 95% significance level the mel-band domains have varying values. Therefore 

we can speak about average speech spectrum of neutral, anger, joy and sadness. 

The mean HNR values are shown in Figure 6. The statistical values and results of HNR are also depicted 

in Table 4. 
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Figure 5. Mean energy values of the different mel-bands 

 
Figure 6. Mean HNR values of the intonational phrases 

Table 4. Significant differences at 95% significance level and the calculated statistical t values for the 

spectral and HNR features 

(● – significant difference. ○ – no significant difference), threshold of t value: 1.96 

Emotion pair HNR Mel-bands 1-5 Mel- bands 6-12 Mel- bands 13-21 Mel- bands 22-31 

Anger-Joy ● (11.1) ○ (1.6) ● (6.1) ● (7.4) ● (5.3) 

Anger - Neutral ● (9.4) ○ (0.1) ● (25.8) ● (22.5) ● (13.7) 

Anger - Sadness ● (7.6) ○ (1.5) ● (10.7) ● (11.5) ● (8.6) 

Joy - Anger ● (11.1) ○ (1.6) ● (6.1) ● (7.4) ● (5.3) 

Joy - Neutral ● (6.3) ● (1.8) ● (4.6) ● (6.6) ○ (1.8) 

Joy - Sadness ● (3.6) ○ (1.9) ○ (1.6) ● (2.9) ○ (1.3) 

Neutral - Anger ● (9.4) ○ (0.1) ● (25.8) ● (22.5) ● (13.7) 

Neutral - Joy ● (6.3) ● (1.8) ● (4.6) ● (6.6) ○ (1.8) 

Neutral - Sadness ○ (1.7) ○ (1.4) ● (4.1) ● (4.1) ○ (1.2) 

Sadness - Anger ● (7.6) ○ (1.5) ● (10.7) ● (11.5) ● (8.6) 

Sadness - Joy ● (3.7) ○ (1.9) ● (1.6) ● (2.9) ○ (1.3) 

Sadness - Neutral ○ (1.7) ○ (1.4) ● (4.1) ● (4.1) ○ (1.2) 

Table 4 shows that the different frequency bands play a different role in comparing the emotion pair. In 

the low frequency domain (mel-bands 1-5) the measured mean energy values show significant 

differences only in the case of neutral-joy emotion pair. In the low-middle frequency domain (mel-bands 
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6-12) the mean energy values do not show significant differences, only in the case of the joy-sadness 

emotion pair. So this frequency band is important at all other emotions. The upper-middle frequency 

domain (mel-bands 13-21) shows significant differences in all emotion pairs. We can deduce that this 

frequency band is very important. The upper frequency domain (mel-bends 22-31) has significant 

difference in the case of neutral-anger and sadness-anger emotion pairs, thus this frequency band plays 

an important role at the anger emotion. The mean HNR values are not specific for neutral-sadness 

emotion pair, but are specific for all other emotion pairs. In summary, the mel-band energy values and 

the HNR values contribute to the differentiation of the emotion pairs but their weights are different. 

Thesis I.2. [B1]: I have demonstrated by statistical methods that the examined spectral acoustic features, 

the mel-band energy values, measured in intonational phrase units, show significant differences with 

95% significance level in the case of the four emotions used in the case of the applied database of 

spontaneous Hungarian speech. The role of the energy values of the different mel-band groups changes 

for each emotion pair: 

a) The difference of the energy values of the low frequency domain (mel-bands 1-5) is significant 

in the case of neutral-joy emotion pair with 95% significance level, but is not in the case of 

neutral-anger, neutral-sadness, anger-joy, anger-sadness and joy-sadness emotion pairs. 

b) The difference of the energy values of the low-middle frequency domain (mel-bands 6-12) is 

significant in the case of neutral-anger, neutral-sadness, neutral-joy, anger-joy and anger-

sadness emotion pairs with 95% significance level, but is not in the case of joy-sadness emotion 

pair. 

c) The difference of the energy values of the upper-middle frequency domain (mel-bands 13-21) is 

significant in the case of all emotion pairs with 95% significance level. 

d) The difference of the energy values of the upper frequency domain (mel-bands 22-31) is 

significant in the case of anger-neutral, anger-joy and anger-sadness emotion pairs with 95% 

significance level, but is not in the case of neutral-joy, neutral-sadness and joy-sadness emotion 

pairs. 

Thesis I.3. [B1]: I have demonstrated by statistical methods that the mean Harmonic-to-Noise Ratio 

values, measured in intonational phrase units, shows significant differences with 95% significance level 

in the case of the neutral-anger, neutral-joy, anger-joy, anger-sadness and joy-sadness emotion pairs 

but does not in the case of the neutral-sadness emotion pair in the case of the four emotions used in the 

case of the applied database of spontaneous Hungarian speech. 

4.2. Automatic emotion classification experiments 

Introduction 

On the basis of the results of the significance tests, we can conclude that they are suitable for automatic 

emotion classification. During the classification tests the question was that besides the prosodic features 

how the spectral features contribute to the automatic emotion classification in the case of spontaneous 

speech. I tried two machine learning methods, the hidden Markov-models (HMM) and support vector 

machines (SVM). The evaluation tests I made on the applied database showed that the SVM had the 

better classification accuracy [B1]. 

For kernel function of the SVM I chose radial basis function (RBF), which is the most commonly used 

kernel function for non-linear tasks. The performance of the SVM greatly depends on the parameters of 

the method. It is necessary to set these up optimally. There are two parameters that need to be adjusted: 

C and γ. To adjust the C parameter, which enables the samples to be in the separating margin, is a hard 
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task. Its value depends on the actual problem, its common value is 2i, where i is got by simple trying. 

The coefficient of the kernel function (γ) changes the space of the teaching samples. The common value 

for this parameter is 1/2i where i is also got by simple trying. It is important to mention that when the 

teaching samples represent the problem to be solved sufficiently, the parameter search is easier, the 

values can be the default values (i = 0). The problem in this research is not so. The number of samples 

for different emotions in the database is underrepresented. This tendency can be observed in the case of 

all databases in the literature. It is a common problem to gather a database of emotional speech where 

all of the emotions are well represented. This problem is extended with the uncertainty of the applied 

acoustic features. Taking this into account, before every classification test I performed parameter search 

by 10-fold cross-validation. I will attach the chosen parameters to the results. 

At the evaluation of the classification test I used Leave-One-Out cross-validation, where we don’t need 

to separate the samples into training and testing sets. The method consists of a number of iterations, that 

is the number of samples. In each iteration we choose one sample for testing and all others for training. 

We perform the classification and choose another one for testing and all others for training, and so on. 

This way we use every sample for both testing and training but not at the same time. 

The results of the classifications are given in accuracy by the following formula: 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
#{𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒𝑠}

#{𝑡𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑒𝑠}
 

This value is 1, when all samples are classified correctly, and 0 when none is classified correctly. 

Acoustic pre-processing, structure of feature vectors 

For the acoustic pre-processing I used the same acoustic features as in the previous thesis group, with 

one exception. Instead of the mel-band energy values, I used a more compact feature – 12 mel-frequency 

cepstral coefficients (MFCC), which is commonly used in speech technology. The following statistical 

functions of acoustic features were included in the final feature vector: 

 mean, 

 maximum, 

 dynamic range (maximum value – minimum value), 

 standard deviation of each segmentation unit (intonation phrase). 

In order to examine the role of the prosodic and spectral features, I made three feature vector groups 

according to the acoustic features. The three groups were the following (Figure 7): 

 prosodic features (fundamental frequency, fundamental frequency derivate, intensity, intensity 

derivate), 

 prosodic and MFCCi features, 

 prosodic, MFCCi and HNR features. 

  



15 

 

x1, … x4, x5, … x8, x9, … x12, x13, … x16 

F0 ∆F0 EN ∆EN 

(a) 

x1, … x4, x5, … x8, x9, … x12, x13, … x16, x17, … x64 

F0 ∆F0 EN ∆EN MFCC1, …, MFCC12 

(b) 

x1, … x4, x5, … x8, x9, … x12, x13, … x16, x17, … x64, x65, … x68 

F0 ∆F0 EN ∆EN MFCC1, …, MFCC12 HNR 

(c) 

Figure 7. Input of the support vector machine using (a) prosodic, (b) prosodic and MFCCi features and 

(c) prosodic, MFCCi and HNR features 

Obviously the first group consists of the prosodic features that were generally used in the literature in 

the case of non-spontaneous speech; the other two groups consist of the novel spectral features, which 

means a new approach. 

Classification results in the function of feature vectors 

Table 5 shows the classification results in the form of a confusion matrix in the function of the three 

feature vector groups according to the different emotions. Figure 8 depicts overall classification 

accuracies. The parameters of the SVM were: C=64, γ=0.125. 

Table 5. 

Automatic classification results in the case of the three feature vector groups 

prosodic features 

 Anger Joy Neutral Sadness 

Anger 0.68 0.20 0.07 0.05 

Joy 0.26 0.46 0.25 0.03 

Neutral 0.08 0.12 0.76 0.04 

Sadness 0.39 0.10 0.33 0.18 

Average classification accuracy: 0.57 

 

prosodic and MFCCi features 

 Anger Joy Neutral Sadness 

Anger 0.76 0.17 0.05 0.01 

Joy 0.17 0.54 0.19 0.10 

Neutral 0.05 0.16 0.73 0.05 

Sadness 0.13 0.44 0.13 0.31 

Average classification accuracy: 0.62 

 

prosodic, MFCCi and HNR features 

 Anger Joy Neutral Sadness 

Anger 0.81 0.12 0.05 0.01 

Joy 0.16 0.59 0.16 0.09 

Neutral 0.04 0.16 0.75 0.05 

Sadness 0.13 0.41 0.13 0.33 

Average classification accuracy: 0.66 
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The result of the three different test assemblies shows that in the case of spontaneous speech the feature 

vectors extended with the spectral features increase the overall performance by 16% compared to the 

feature vector with only prosodic features. The classification of all emotions increased evenly, except 

the neutral emotion. It had the highest sample number, therefore it had the highest classification 

accuracy, the SVM learned it the most. We can say that although the number of features increased, the 

result was higher, so the new features (spectral features) are useful, next to the prosodic features they 

help the automatic classification. 

 

Figure 8. Results with different feature vectors 

In the following I formulate a thesis that contains the role of the acoustic features in the automatic 

emotion classification. In thesis II.1 I emphasize the importance of spectral acoustic features that were 

novel in the literature at the beginning of my research (2007), besides the commonly used prosodic 

features. 

Thesis II.1. [B1, B2, B3, C1, C2, C3]: By classification procedures I showed that besides the basic 

prosodic features (fundamental frequency, intensity) the spectral acoustic features (MFCC, HNR) 

increase the classification accuracy without considering semantic content, performing the automatic 

emotion classification, on the applied Hungarian spontaneous speech database using four emotional 

categories (anger, joy, neutral, sadness). The recognition was improved with 9% in the case of MFCC 

and 16% in the case of MFCC and HNR features together compared to the usage of basic prosodic 

features. 

The production organs of human speech are different in women and men. Thus I assume that there are 

specific acoustic differences that splitting these groups can have on the automatic classification of the 

emotions used. The splitting of these two categories does not mean that the classification will 

automatically improve. The question can be interpreted as if the acoustic features of emotional 

expressions depend on the gender of the speaker. To examine this question I performed the classification 

tests with separate samples of women and men with the same classification method as before. 

The results of the classification tests are shown in Figure 9. The accuracy increased in both groups. The 

classification with samples of women increased by 14.5% compared to using samples of both women 

and men. The classification with samples of men increased by 6.8%. 
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Figure 9. Results of classification according to gender of speaker 

Classification results in function of analysis window size of emotion 

In order to examine the applied analysis window size (intonational phrase) that I had used so far, I 

performed the classification tests for two more segment sizes: word and sentences. The sentence unit 

means the utterance of the spoken language, which in this context corresponds to the written sentence. 

The classification results were performed with the best feature vector so far: prosodic, MFCCi and HNR 

features. 

The database is under continuous extension. The gathering of recordings and their subjective evaluation 

is continuous. In this chapter the size of the database was 18% higher than in chapter 4.1. This resulted 

in the following sample numbers in the case of the four emotions: neutral – 648; anger – 304; joy – 107; 

sadness – 62. Due to this the overall performance of the classification increased. This results in the 

difference in overall accuracy values between table 6 and table 5 (and Figure 10). However this does 

not influence the statements because they don’t apply to the absolute vales but to the improvement of 

the classification.  

The word level segmentation was created by segmenting the available intonational phrases to accurate 

word boundaries. Each word got the emotional label of the corresponding phrase. The sentence level 

segmentation was created by combining those intonational phrases that were adjacent and had less than 

200 ms of silence between them. Another condition was that they must have the same emotion label. 

The combined sentence got the corresponding emotion label. While the intonational phrase is free of 

restarts and disfluencies, the sentences could contain these. 

During the evaluation, although the classification result gives the accuracy of classification with each 

segmentation unit, the different timings can disturb the comparison. For example ten word errors can 

belong to one intonational phrase of ten word length, but can belong to ten different intonational phrases. 

Due to this during the evaluation I used the smallest unit to obtain classification accuracy on the basis 

of the word numbers that each segmentation unit contained. Table 6 shows the classification results with 

these evaluation time units. 

  

0

0,1

0,2

0,3

0,4

0,5

0,6

0,7

0,8

Samples of

women and men

Samples of

women

Samples of men

C
la

ss
if

ic
a

ti
o

n
 a

cc
u

ra
cy



18 

 

Table 6. 

Word level classification accuracy in the case of the three segmentational units (with extended sample 

numbers) 

Intonational phrase level speech units 

 Anger Joy Neutral Sadness 

Anger 0.83 0.08 0.05 0.04 

Joy 0.27 0.48 0.13 0.12 

Neutral 0.04 0.04 0.92 0.01 

Sadness 0.10 0.10 0.06 0.74 

Average classification accuracy: 0.79 

 

Word level speech units 

 Anger Joy Neutral Sadness 

Anger 0.72 0.22 0.01 0.07 

Joy 0.26 0.47 0.10 0.18 

Neutral 0.02 0.11 0.90 0.02 

Sadness 0.10 0.22 0.02 0.66 

Average classification accuracy: 0.66 

 

Sentence level speech units 

 Anger Joy Neutral Sadness 

Anger 0.80 0.08 0.03 0.08 

Joy 0.26 0.45 0.15 0.13 

Neutral 0.02 0.15 0.80 0.03 

Sadness 0.20 0.14 0.09 0.57 

Average classification accuracy: 0.70 

The previously built classification method was performed with the three different segmentational units. 

As I wrote earlier the database is under continuous extension. Due to this the total classification accuracy 

increased but this doesn’t influence the comparison of the performance with the different segmentational 

units. The results are shown in Table 8 and Figure 10. From the three units the intonational phrase gave 

the best result in the case of the applied feature vector. The optimal SVM parameters were the following: 

C=64, γ=0.125. It is important to emphasize that the database contains spontaneous speech, so the 

determined segmentational unit can be used in free structured, spontaneous speech. The intonational 

phrase has well structured intonational contour with determined movement of fundamental frequency 

and intensity. Its duration follows the size of the emotional utterance. Thus it provides a good basic unit 

for automatic emotion recognition, by providing a recognizable unit in free speech. Thesis II.2 contains 

a statement that is useful in automatic emotion recognition in real, spontaneous speech. 

Thesis II.2. [J1]: I proved by classification procedures that the optimal unit of automatic emotion 

classification among the applied segmentational units is the intonational phrase, without considering 

semantic content, with the applied feature vector on the applied database. The classification result of 

the intonational phrase units was 9% higher compared to the sentence-level units and 13% higher 

compared to the word-level units. 
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Figure 10. Comparison of results with the three apllied segmentational units 

4.3. Speech detection and intonational-phrase level segmentation for emotion 

recognition 

Introduction 

In speech communication, mainly in a long conversation, the emotional state of the speaker changes 

continuously. In order to follow the emotional state of the speaker we have to segment the speech into 

adequate units. On the basis of the statement in thesis II.2 one optimal unit is the intonational phrase. 

For the recognition of the segmentational unit I chose the hidden Markov-model (HMM). HMM, due to 

its algorithm, can follow specific changes over time. Thus it can be applied to recognize units whose 

duration change over time. HMMs are common in speech technology. 

The HMM based speech segmentation can perform the speech detection and segmentation in one step 

due to the acoustic models with proper length. The question is: if we do the speech detection and 

segmentation in two separate steps, would the recognition performance increase? This separation can be 

appropriate because for the two methods two different acoustic features are needed. The detection of 

speech depends mainly on the spectral domain, while the segmentation of intonational phrase boundaries 

depends mainly on prosodic features. In order to examine this question I performed the following tests: 

 I investigated the effect of feature vector extended by different noise models to speech detection.  

 I investigated if the recognition performance is higher when the speech detection and 

segmentation is realized together or sequentially (one after another). 

The concept of speech detection was the following: in the method we distinguish not only the speech 

and silence parts but the different noises, too. Thus, even if the recognition of noise categories is not 

perfect, the recognition of speech will be more precise, because the noise models describe those parts 

better where speech is not present. The speech detection method is based on hidden Markov-models. 
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Database 

In order to make the speech detection functional in natural, noisy speech I needed a database where each 

noise type is well represented. Thus I can build acoustic models that fit to the noise categories. The 

database that was used for the training was segmented into proper speech segments. The database was 

created with the help of the workers and students of the Laboratory of Speech Acoustics using mobile 

phones. The speech was recorded with three signal-to-noise ratio categories (Table 7). The recordings 

with low noise level were made in almost noiseless surroundings. The noisy speech can be divided into 

two categories: medium noise, where the speech is intelligible but there is background noise (car noise, 

street noise, background speech); and high noise (< 8 dB SNR), where the speech is hardly 

understandable. 

Table 7. 

Duration of recording in the database used for speech detection according to the different noise levels 

Noise level SNR 
Duration of recordings 

[minutes] 

Low > 30 dB 27.05 

Medium 8 dB – 30 dB 48.09 

High < 8 dB 18.03 

The recording can be divided into two groups according to usage: bound speech with isolated sentences, 

and spontaneous speech with continuous speech material. These are evenly distributed among the noise 

categories. 

The annotation contains two layers: “speech” and “noise”. The labelled speech and noise types are 

shown in Table 8. 

Table 8. 

Labellings used in the database during the annotation 

Layer Sound type Notation 

speech speech b 

noisy speech z 

pause in speech u 

noise car noise a 

gestures g 

background speech k 

wind noise s 

phone tone t 

cracking r 

hitting h 

breathing l 

 

Acoustic pre-processing 

During the acoustic pre-processing I computed the fundamental frequency (F0), intensity (EN) and mel-

frequency cepstral coefficients (MFCCi). The computational parameters must be chosen carefully. The 

wrong computational window size can result in values that don’t fit to the task. If we compute the 

fundamental frequency, spectrum and the intensity with too short windows (~25 ms) we obtain 
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information about the phonemes. If the fundamental frequency is highly variable this can mess up the 

training of the HMM. On the other hand, if the computational window is too long (> ~350 ms), there 

will be changes that we won’t recognize. Additionally I matched the HMM models to the noise and 

speech categories. The different types of categories got different state numbers (different lengths). I 

depicted these categories in Table 9. Those categories that model highly variable acoustic events 

(speech, background speech, noisy speech, car noise, etc.) got longer Markov-chains (higher state 

number), while the shorter events got shorter Markov-chains. From this I expected an improvement in 

speech detection. 

During the acoustic pre-processing I calculated the following features: 

 fundamental frequency and intensity with 100 ms computational window size and 10 ms time 

step, 

 12 MFC components with 500 ms computational window size and 10 ms time step. 

The resulted fundamental frequency and intensity values were median and mean filtered with 500 ms 

window. The basic features and there first () and second () derivates were included into the feature 

vectors. 

Table 9. 

Category groupings according to the Markov-chain lengths 

State number Categories 

14 b, z, k 

11 s, a, u 

5 g, r 

4 l, t 

Results of the speech detection 

The effect of the noise categories on the speech detection was examined through four model groupings: 

I. 10 models (speech, noisy speech, silence, noise categories) 

II. 4 models (speech, noisy speech, silence, combined noise category) 

III. 3 models (speech, silence, combined noise category) 

IV. 3 models (speech, silence, combined noise category with noisy speech) 

From the database 70% of the samples were chosen for testing and 30% for training. Both groups 

contained evenly distributed spontaneous, bounded speech and different noise levels. The results were 

evaluated on a 10 ms basis by comparing the automatic recognition to the manual labelling. Table 10 

contains the detection accuracy of the speech parts. 

Table 10. 

Recognition results according to the model groupings 

I. II. III. IV. 

0.916 0.869 0.878 0.876 

The grouping with the individual noise models outperformed all others, those who have only one 

combined acoustic model for all noises.  
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Thesis III.1. [B2, C1, J2]: For speech detection I developed a method based on hidden Markov-models 

applying more noise models optimized to the acoustic properties of the noise types in the case of 

spontaneous speech through phone line. With the usage of the noise acoustic models the recognition 

result improved by 4.6% compared to the detection based on two acoustic models (speech, non-speech). 

Optimization of speech detection and intonation phrase segmentation 

The next question that arises is accuracy of the segmentation of speech into intonational phrases. The 

HMM method provides an opportunity to perform the speech detection and segmentation in one step. 

This is important because this way it is not necessary to do two separate computationally intensive tasks. 

For this intonation phrase sized acoustic models were built. Thus not only the speech parts are 

recognized but also the proper speech boundaries. However the accuracy of this method is questionable 

because the spectral features that are used during speech detection can mess up the segmentation. I 

examined that if I separate the two tasks then I get better overall performance. For teaching and testing 

the 70% and 30% of the database were used, as before. During evaluation I compared the automatically 

recognized intonational phrase boundaries to hand labelling. Due to the filtered acoustic features I 

allowed 200 ms difference during the comparison. 

In the first case, when the two tasks are performed in one step (Figure 11), the used feature vector was 

the same as the one used at speech detection: F0, F0, F0, EN, EN, EN, 12 MFCC. 

During the separate solution of the two tasks the segmentation is done after the speech detection (Figure 

12). For the segmentation only the prosodic features (fundamental frequency, intensity) are used. 

 

Figure 11. One-step intonational phrase segmentation 

 

Figure 12. Two-step intonational phrase segmentation 
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The recognition results show that the separate speech detection and segmentation performs the 

intonational phrase segmentation better than the one-step solution. The accuracy of the segmentation is 

shown in Table 11. 

Table 11. 

Results of speech detection and segmentation according to the two solutions 

One-step recognition Two-step recognition 

0.73 0.81 

Thesis III.2. [B2, C1, J2]: I developed an automatic method based on optimized hidden Markov-models 

which is able to segment telephone-band spontaneous Hungarian speech into intonational phrases. The 

method can be implemented in two ways: 

a. performing speech detection and segmentation at the same time (one-step segmentation), 

b. performing speech detection and segmentation separately (two-step segmentation). 

The intonational phrase segmentation achieved 81% accuracy in the case of the applied database using 

the two-step segmentation method, which is 11% higher than the one-step segmentation method using 

the applied database. 

 

Figure 13. Example for the automatic recognition of the intonational phrases (lower line: manual 

segmentation, upper line: automatic segmentation)  
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5. Applicability of the results 
As the result of the work I created the modules of a real-time automatic emotion recognition system, 

which is able to recognize emotions independent of the semantic content of spontaneous speech. It can 

follow the emotional changing in speech by performing automatic speech detection and segmentation, 

as shown in Figure 14. The real time is valid with the restriction of the segmentation window size. The 

duration of the intonational phrase can vary from 0.5 seconds to 2-3 seconds. Some detail about the 

running speed of the system: the SVM gives a decision about a feature vector in 5 ms on an Intel Core 

i5 processor with 3.30 GHz core speed. The trained SVM models take 17 MB disk space. However we 

can’t conclude much from these, because the type and speed of the processor and the size of the database 

influence the speed. The proper implementation can optimize the running speed too. 

 

Figure 14. Block diagram of the automatic emotion recognizer 

The main goal during the research was always the applicability. Every thesis and new statement was to 

advance the practical implementation. Based on the theses I created an emotion recognition engine 

which is able to recognize human emotions from spontaneous speech without considering semantic 

content. The main limit of this is the size of the actual database, which does not contain enough samples 

for all basic emotions. However the classification engine can be freely extended. We can also extend 

the acoustic features used. 

The recognition of emotions is mainly used in human-machine interaction and communication. The 

proper recognition of human emotions can enhance the user experience towards a given device. The 

project TÁMOP-4.2.2-08/1/KMR-2008-0007 aimed at this goal, in which my engine was applied. 

Another proper application is statistical analysis of clients’ speech in logistics centres. I did this analysis 

for SPSS Hungary Kft., which is a good example for the model change in the classification engine. 

Instead of four emotions I used only two categories: neutral and discontent (mainly anger). The 

automatic mood detection of the clients was 11.3% correct compared to the manual labelling. Additional 

usage can be envisioned in clinical usage, where we can monitor neurological diseases, supplementary 

to medical care. 

We can use the results in automatic speech recognition, where we can extend the ASR with mental 

content recognition.  
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