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Abstract

An emotional speech corpus of Finnish was collected that 

includes utterances of four emotional states of speakers. More 

than 40 prosodic features were derived and automatically 

computed for the speech samples. Statistical classification 

experiments with kNN classifier and human listening tests 

indicate that emotion recognition performance comparable to 

human listeners can be achieved.

1. Introduction

The scientific study of the vocal expression of emotion is now 

reaching a level of maturity where the focus is on important 

applications, for example, those involving human-computer 

interaction [1] and audio search machines [2]. The vocal 

parameters of emotions have been extensively researched; see 

[3] for a general review of the literature. As it is now 

understood that affective computing may have an important 

industry potential, automatic recognition of emotions in 

speech has become a more attractive area of research. For 

example, the automatic recognition and classification of 

emotions and affect in speech, based on prosodic/acoustic 

features, could open up exciting new possibilities for content-

based information retrieval from radio play databases. 

The methods to extract prosodic data automatically, 

especially fundamental frequency (F0), are still lacking, 

although many algorithms have been proposed in the literature 

[4]. There has already been some research on the automatic 

recognition/classification of emotions in speech, mainly for 

such major languages as English and German [5], [6], [7]. 

Systematic data mining was used by [6], and some of the 

features utilized were: mean F0, max F0, min F0, range 

between max and min, variance of F0 and intensity 

distributions, and of F0 rising segments. Research groups 

aiming to develop automatic recognition of emotions for 

colloquial speech include [7] and [8]. In [7], three classes 

(approval/attentional bids/prohibition) were recognized. 

Speech was analyzed using three classes: F0 (variance, slope, 

range, mean), formant transitions and energy variations. A 

speaker-dependent classifier worked best, with an accuracy of 

66%.

A general conclusion suggested in the literature is that, for 

four basic emotions, speaker-independent recognition rates 

can reach 60% or so at best. In research of this kind, the 

immense speaker variability with respect to the vocal 

expression of emotions is clearly one of the most difficult 

problems: the way in which vocal cues correlate with affect 

may be to some extent speaker-dependent. Another problem is 

that systematically collected emotional speech databases are 

not usually publicly available – hence the lack of any standard 

database in Finnish.  It is difficult to get authentic data due to 

copyright restrictions, see for example [9] and [10]. In some 

experiments, the researchers have even behaved in an arrogant 

and offensive manner in order to induce real emotions to the 

subjects [11]. For spoken Finnish, there has been very little 

research on vocal correlates of emotions, mainly for short 

syllables [12]. 

Our aim is to develop content based information retrieval 

methods for spoken Finnish, utilising the MediaTeam 

emotional speech corpus, a first large Finnish emotional 

speech database. In addition to acoustic measurements, we use 

subjective listening tests in order to determine how well basic 

emotions can be differentiated automatically vs. perceptually. 

In this paper, the focus is on the technical aspects of the 

speech analysis algorithms and classification procedure. 

2. Methods

Before computing prosodic features of speech, signal is first 

processed for detecting voiced segments and measuring F0 

curves. Then 43 features are computed. 

2.1. Voiced/unvoiced segmentation 

A digital audio signal is first partitioned into 60ms 

overlapping segments in 10ms steps. Through the guidelines 

described below, a ceptrum is computed for each segment, 

and voiced/unvoiced (V/UV) classification is performed by 

combining information from consecutive segments. Cepstrum 

peaks are estimated in two stages: first rough estimates are 

computed, and then more accurate values are achieved. 

For computing rough estimates, a cepstrum is computed 

for each segment. An amplitude correction by linear weighing 

is performed on the cepstrum in range of 1/700 – 1/40 

quefrenciesation e in order to compensate for F0 variation 

within a segment [13]. This operation enables F0-independent 

global thresholding for peak detection, to be described next. It 

also enables better F0 estimation at the end points of voiced 

segments. To emphasize the F0 peaks of a noisy cepstrum and 

thus make peak detection more reliable, a running average 

liftering over the cepstrum is performed. Medians of the 

cepstrum peak amplitudes and segment root-mean square 

(RMS) energies over the speech recording are next calculated. 

These are used in the second stage as thresholds to find the 

cepstral peak locations of voiced segments. If multiple peaks 

are present within a segment the one lowest in quefrency is 

selected. The peak detection operation is embedded in a F0 

tracking routine that uses a 2ms tolerance window for locating 

the next expected pulse peak in the signal segment. This 

function is designed to enhance the processing of trailing 

voiced segments [14]. 

A common problem that makes F0 estimation difficult is 

the frequency doubling caused by higher formants of speech. 

This problem was solved by applying a nonlinear function 

developed in this work to the signal amplitude prior to 

cepstrum calculations. By flattening the spectrum it reduces 
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the predominance of higher formants [4]. This algorithm also 

improves glottal pulse peak determination of creaky voiced 

segments that are common in Finnish speech by stabilizing the 

amplitude of consecutive cycles. 

Finally, a segment is classified voiced if it and the 

segment immediately before it have RMS energy and cepstral 

peak amplitude higher than the corresponding median-based 

thresholds. Consecutive voiced segments and segments with 

only one unvoiced segment between them are then joined to 

form the final V/UV segmentation data [14]. 

2.2. F0-contour estimation 

A waveform-matching algorithm is used to estimate the F0 

pitch contours for each voiced segment [15]. Accurate F0 

estimation is required in order to estimate features like jitter 

and shimmer. 

First, a finite impulse response (FIR) band-pass filter is 

adapted to the F0 distribution obtained from the rough pitch 

information during V/UV segmentation from cycle period 

information of cepstrum peak locations. A zero-crossing 

calculation is then used to construct rough cycle boundaries 

for the waveform-matching algorithm. 

Every consecutive pair of roughly marked cycles of 1kHz 

FIR low-pass pre-filtered data is then screened for maximum 

or minimum peak match using least squared error method with 

quadratic peak interpolation. The raw cycle peak frequency 

contour is then screened for simple errors and fitted with a 

cubic smooth contour for prosodic parameter calculations [4]. 

2.3. Prosodic feature computation 

From the V/UV segmentation and F0 contour data a total of 

43 prosodic features are calculated automatically, see Table 5. 

Features include F0 frequency, segment energy, 

voiced/unvoiced/silent temporal and spectral derivates as well 

as other high level correlates. 

2.4. Feature selection 

A feature selection was performed using the method of 

unexplained variance [16] in which, at each step, the prosodic 

feature that minimizes the sum of the unexplained variation 

between groups is selected in the feature vector. The 

threshold for adding/removing a feature was set so that 10 

best prosodic features were selected. The utilization of more 

correlates was found not to improve the performance of the 

classifiers used in this study. The small amount of data also 

suggested that longer vectors would not be advantageous due 

to over learning of data. 

2.5. Statistical classification 

Classification was performed using k Nearest Neighbor 

classifier (kNN) and Fisher’s linear classifier [17]. These 

classifiers were chosen as they are commonly used in the 

classification [6]. Both classifiers were tested using leave-

one-out classification method to maximize the utilization of 

data; therefore no separate training data was used. In kNN, 

prior to testing a sample against the data, all samples of that 

person were removed to ensure that no match would occur 

due to similarity of voice rather than emotion. However, 

when tested, this had only slight effect on the results. 

3. Experimental results 

3.1. Data

The MediaTeam emotional speech corpus includes 56 

monologues reflecting basic emotions, each about one minute 

in length. To collect speech material, professional actors 

(eight men and six women) were recruited to simulate basic 

emotions in Finnish speech. The age of the speakers varied 

between 25 and 50. First each speaker was asked to read out a 

phonetically rich Finnish passage of some 120 words in a 

neutral or natural tone of voice. Each one-minute monologue 

signal was divided into five consecutive segments for feature 

extraction and classification purposes. 

An attempt was made to find a text that would be 

semantically as neutral as possible; the text dealt with the 

nutritional value of the Finnish crowberry. Then the speakers 

were to read out the text simulating the following emotions: 

happiness/joy, sadness and anger. The actors were encouraged 

to take their time to prepare for each emotional state and they 

could retake the reading (as many times as they wanted) if 

they were not satisfied with the first version. The data was 

collected in fourteen consecutive sessions within a period of 

two months. All the speech material was digitally recorded 

with DAT in an unechoic studio to produce a 48 kHz, 16-bit 

recording. The data was stored in a PC as wav format files. 

For comparison purposes, a performance test for human 

emotion recognition has been performed. To investigate the 

perceptual adequacy of the emotional speech samples, 

listening tests were used: eighteen test subjects, university 

students of adult education (thirteen women, five men, aged 

between 19 and 32), were recruited to listen to the data. The 

test subjects heard the speech samples in random order; in the 

forced choice test, the emotional labels were the same as those 

actually expressed by the speakers. The test subjects heard the 

speech data in eight consecutive sessions within a period of 

two months in connection with the regular lectures they were 

attending.

The listening tests were arranged in a classroom where the 

test subjects heard the speech data from two computer 

speakers. The test subjects were instructed to listen to the 

“tone of voice” only and bear in mind that the lexical content 

of each speech sample was the same. It was also made clear 

that the emotional labels to choose between were limited to 

the intended emotions, not containing any distracters. The 

results for human performance (classification accuracy in the 

units of %) are presented in Table 1. The average 

classification accuracy was 76.9%. The tests also indicated 

that the quality of emotional content in the utterances varied 

significantly form actor to actor; a range of 57-93% 

classification accuracy was calculated from the listening 

experiment.



Table 1. Confusion matrix of listening tests 

Average accuracy: 76.9% 

3.2. Application scenarios 

Three scenarios of recognizing speaker emotions in a speech-

driven computer UI were designed to test classification 

performance in situations of varying difficultiness. In 

scenario 1, the speaker has been recognized earlier and the 

new emotional speech samples were compared with the 

speech of the same speaker in the database. In scenario 2, it 

was assumed that the speaker acted as a user of a computer 

trained to automatically recognize the emotional content of 

the speech of 14 persons, without knowing the identity of the 

speaker. In scenario 3, a speaker-independent application was 

assumed, in which the emotional speech samples of the 

current speaker were not included in the database.

3.3. Results 

The performance of our classifier was measured using kNN 

with k values of 1, 3, 5 and 7, and the best results are reported 

below.  As expected, the classification accuracy decreases as 

the recognition situation becomes more difficult. The first two 

scenarios show similar levels of performance as the human 

listeners. Scenario 3 represents speaker-independent model 

and yields a decreased performance.  

Table 2. Confusion matrix for Scenario 1 (k=1) 

Average accuracy: 80.7% 

Table 3. Confusion matrix for Scenario 2 (k=3) 

Average accuracy: 75.4% 

Table 4. Confusion matrix for Scenario 3 (k=5) 

Average accuracy: 60.0% 

4. Conclusions

The results indicate two things. Firstly, in spoken Finnish, 

basic emotions can be perceived accurately. Compared with 

the results reported in the literature, the results of the 

recognition scores in the listening tests are quite good (76 %): 

for example, according to Scherer et al. [18], in the western 

cultural context, basic emotions can be recognized on the 

basis of prosodic cues with an accuracy of about 66 %. 

Secondly, the automatic classification was also 

encouraging (60-80%) in comparison with previous results: 

Bosch [19] concludes that 60 % correct classification is an 

attainable goal for automatic systems aiming to (speaker-

independent) limited happiness/joy, anger, sadness/grief 

discrimination. Accorsing to Whiteside [20], the automatic 

recognition of a speaker’s three principal emotions – joy, 

sadness and anger – is possible, with an average classification 

rate varying between 60% and 80%. McGilloway et al. [21] 

report a classification level of 55% for the automatic 

recognition of fear, anger, joy, sadness, and the neutral 

emotion.

It should be pointed out that emotional content of our 

samples were relatively pure and intense: as professional 

actors produced the emotional speech material, effective vocal 

portrayals of emotions could be expected. The quality was not 

perfect, however, as only 57-93% classification accuracy was 

achieved with human listeners. 

It should be pointed out that as the size of the data is 

small, strong conclusions cannot be drawn. In the future 

research, more data will be needed, in terms of both speakers 

and listeners. Furthermore, more authentic speech data, 

reflecting genuine emotions more reliably, should be used. 
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Table 5. List of prosodic features. 

Mean F0 frequency (Hz) 

Median F0 frequency (Hz) 

Maximum F0 frequency (Hz) 

Minimum F0 frequency (Hz) 

F0 frequency range (Hz) 

95% value of F0 frequency (Hz) 

5% value of F0 frequency (Hz) 

5%->95% F0 frequency range (Hz) 

Average F0 rise during cont. voiced segment (Hz) 

Average F0 fall during cont. voiced segment (Hz) 

Average F0 rise steepness (Hz/cycle) 

Average F0 fall steepness (Hz/cycle) 

Max rise during cont. voiced segment (Hz) 

Max rise during cont. voiced segment (Hz) 

Max steepness of F0 rise (Hz/cycle) 

Max steepness of F0 fall (Hz/cycle) 

Normalized segment frequency distribution width 

variation

F0 variation 

Trend corrected mean proportional random F0 

perturbation

Mean RMS intensity 

Median RMS intensity 

Max RMS intensity 

Min RMS intensity 

Intensity range 

95% value of intensity 

5% value of intensity 

5%->95% intensity range 

Normalized segment intensity distribution width variation 

Intensity variation 

Trend corrected mean proportional random int 

perturbation

Average length of voiced runs 

Average length of nonvoiced segments shorter than 500ms 

Average length of silence segments shorter than 400ms 

Average length of nonvoiced segments longer than 500ms 

Average length of silence segments longer than 400ms 

Max length of voiced segments 

Max length of nonvoiced segments 

Max length of silence segments 

Ratio of speech against long nonvoiced pauses 

Ratio of voicing against pauses 

Ratio of silence against speech 

Proportion of Low Frequency Energy under 500Hz 

Proportion of Low Frequency Energy under 1000Hz 


