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Abstract
The role of automatic emotion recognition from speech grows
continually because of accepted importance of reacting to the
emotional state of the user in human-computer interaction.
Most part of state-of-the-art emotion recognition methods are
based on context independent turn- and frame-level analysis. In
our earlier ICME 2011 article it has been shown that robust high
arousal acted emotions detection can be performed on the con-
text dependent vowel basis. In contrast to using a HMM/GMM
classification with 39-dimensional MFCC vectors, a much more
convenient Neyman-Pearson criterion with the only one average
F1 value is employed here. In this paper we apply the proposed
method to the spontaneous emotion recognition from speech.
Also, we avoid the use of speaker-dependent acoustic features
in favor of gender-specific ones. Finally we compare perfor-
mances of acted and spontaneous emotions for different crite-
rion threshold values.
Index Terms: formant analysis, affective speech, emotion clas-
sification, high arousal emotion detection

1. Introduction
Recently, special attention has been brought to speech as a
modality from which to automatically deduct information on
emotion. Emotions detection and classification plays more and
more important role in user-friendly human-machine interac-
tion.

Fragopanagos et al. [1] state that most research efforts were
made in order to investigate the affective speech processing on
complete utterance, word level or context independent chunks.
Batliner et. al. [2] also admitted that words can be seen as the
smallest possible chunk of analysis. Just a few results have been
presented for a vowel or syllable level analysis during emotional
speech processing and synthesis. Goudbeek and others [3] pre-
sented their research of the effect of emotion dimensions on
formant placement in individual vowels.

In [4] we proved that the positions of the average F1/F2 val-
ues extracted on a vowel level are strongly correlated with the
level of arousal of the speaker’s emotional state. Furthermore,
it has been also shown that an average first formant value ex-
tracted on vowel level can be used as unidimensional acoustic
feature vector for emotion classification task.

Thus, it has been proven that vowels can be succesfully
used as an emotional unit. In this work we apply the method
proposed in [4] to the emotion analysis from spontaneous
speech. For that purpose we use The Vera am Mittag Ger-
man Audio-Visual Spontaneous Speech Database [5], which
contains spontaneous and very emotional speech recorded from
unscripted, authentic discussions between the guests of the talk-

show. Another difference to the formerly presented approach is
use of gender-dependent acoustic features instead of speaker-
dependent ones.

2. Corpora
For a neutral speech corpus we used part of The Kiel Corpus of
Read Speech [6]. For our evaluation we used speech samples
from 6 female and 6 male speakers. 1041 utterances for female
speakers and 1033 utterances for male speakers were used for
our experiments.

For affective speech we decided to use the popular studio
recorded Berlin Emotional Speech Database (EMO-DB) [7] and
The Vera am Mittag (VAM) corpus [5]. The EMO-DB con-
tains acted emotional speech samples. 10 professional actors
(5 male and 5 female) spoke 10 German emotionally undefined
sentences. Within our evaluation we used only 20 neutral ut-
terance for training (2 utterances per speaker). EMO-DB test
set included neutral (rest 58 utterances), low arousal emotions
(boredom (79), sadness (53)) and high arousal emotions (anger
(127), fear (55) and joy (64)). In total we used 456 utterances
with defined measures received within perception-test. Each of
these utterances has a level of naturalness not less than 60% and
a level of recognizability not less than 80%.

The VAM database consists of 12 hours of audio-visual
recordings taken from a German TV talk show. The corpus con-
tains 947 utterances with spontaneous emotions from 47 guests
of the talk show which were recorded from unscripted, authentic
discussions. A large number of human labelers was used for an-
notation (17 labelers for one half of the data, six for the other).
The labeling bases on a discrete five point scale for three di-
mensions (valence, arousal, dominance) mapped onto the inter-
val of [-1,1]. For our evaluations we use only arousal measures
received with an evaluator weighted estimator. For training our
models we used only 19 negative and 28 positive arousal emo-
tional utterances. We selected one utterance per speaker. Each
utterance has a minimum absolute value of an arousal measure
(In other words this is an utterance which is pronounced with
the most neutral level of arousal). VAM test set included 483
negative and 417 positive arousal emotional utterances.

3. Acoustic features extraction
On the first stage of our evaluation we estimated the phoneme
boundaries, which were automatically determined, using a
forced alignment provided by HTK [8]. To receive the most re-
liable phoneme boundaries alignment mono-phone HMMs have
been trained on each corpus independently. We have used a sim-
plified version of BAS SAM-PA [9] with a set of 39 phonemes
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(18 vowels and 21 consonants). The list of German vow-
els (unreduced, reduced, diphthongs) and their corresponding
SAM-PA and IPA symbols can be found in [4].

In order to execute a vowel level analysis a phoneme level
transcription is needed, which requires a corresponding lexicon
containing phonetic transcription of words presented in a cor-
pus. Unfortunately, the VAM corpus does not provide such a
lexicon, so we created it by ourselves using a combined ap-
proach. The major part of the word transcriptions (1216 items)
has been taken from other German corpora, namely Verbmo-
bil [10] and SmartKom [11]. For the rest (688 words) we
created transcriptions using grapheme-to-phoneme conversion
with Sequitur G2P converter [12]. The converter was trained
on a joined lexicon based on SmartKom and Verbmobil lexi-
cons (12460 German words at all). Prior to applying the G2P
software to the missing VAM lexicon, we tested it on the con-
structed united lexicon, where 1% randomly selected words
were moved into the test set. The phoneme error rate was 5.33%
(56 from 1050), the word error rate – 29.13% (37 from 127).

Taking into account automatically extracted phoneme bor-
ders, we estimate an average first formant (F1) and second for-
mant (F2) value for each vowel instance. Formant contours
were extracted by using PRAAT speech analysis software [13]
and the Burg algorithm with the maximum number of formants
tracked (five), the maximum frequency of the highest formant
(set to 6000 Hz), the time step between two consecutive anal-
ysis frames (0.01 sec.), the effective duration of the analysis
window (0.025 sec.) and the amount of pre-emphasis (50Hz).

4. Vowels specification in formant space

First of all, we constructed a German vowel triangle based on
selected material from the Kiel read speech corpus [4]. We rep-
resent each vowel by the mean over utterances of the average
F1 and F2 values within each vowel segment.
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Figure 1: The German vowels triangle. Male (top), female (bot-
tom).

On the triangles presented in Fig. 1, one can see an absolute
and relative position of 13 unreduced, 2 reduced vowels and 3
diphthongs in the F1/F2 space. As one can see, relative posi-
tions of vowels within the vowel triangle are almost constant for
male and female speakers. Still, female speakers use the larger
frequency scale intervals during vowels articulation [4]. As a
consequence, we decided to provide gender dependent process-
ing of the emotional speech.

5. Comparison of affective and neutral
speech

For the comparison of affective and neutral speech, vowel trian-
gles have been estimated for selected EMO-DB’s [7] utterances.
For comparison we used utterances which represent low arousal
emotions (boredom, sadness ), neutral, and high arousal emo-
tions (anger, fear, and joy).
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Figure 2: Classical vowel triangle form for different speaker’s
emotional states. Speakers: male (top), female (bottom).

As one can see from Fig. 2, the vowel triangles form and
their position are different for different emotional states of the
speaker. All emotional vowel triangles expand along the F1
axis more than along the F2 axis. As a result, we decided to
use only the average F1 values for our evaluations.

Taking into account the central limit theorem, the mean of
a sufficiently large number of vowel-level discrete estimations
of first formant values, which definitely have a finite mean and
a finite variance, will be approximately normally distributed.
We define a new variable X which corresponds to an average
F1 value estimated on vowel level. The value of X can be
calculated by:

X =
1

tk

tk∑
i=1

fi
1 (1)

where tk is a number of discrete estimations of first formant
values within a vowel segment, fi1 is an estimation of first for-
mant value at discrete time i.

To characterize the vowels’ quality changes under the influ-
ence of the different speaker’s emotional state, we estimated the
mean of the centralized F1 values for each vowel individually.
The centralized F1 value shows the difference between the es-
timated average F1 value on some emotional vowel segment,
and the mean of the average F1 value of the same vowel pro-
nounced in a neutral way. For this evaluation, we use all vowels
(e,E,i,@,I,U,o,6,aU,O,aI,a) which contain a sufficient amount
of instances for low and high arousal emotions.

Figures 3 and 4 display the mean of the centralized F1 val-
ues for the 12 vowels presented in EMO-DB. Due to the sparse
amount of instances, we do not estimate the mean of the cen-
tralized F1 values for the following list of vowels [2,u,Y,9,OY]
with corresponding IPA symbols [2,u,Y,9,OY].

As one can see from figures 3 and 4, the most indicative
vowels are [a, e, E, @, 6, aI, aU] with the corresponding IPA
symbols [a, e, E, @, 6, aI, aU]. Now we want to find out if it is pos-
sible to build a reliable simple emotion classifier based on the
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Figure 3: Mean of the centralized F1 values for high arousal
emotions (fear, anger, joy). Male (top), female (bottom).
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Figure 4: Mean of the centralized F1 values for low arousal
emotions (boredom, sadness). Male (top), female (bottom).

Neyman-Pearson criterion which will use the average F1 value
as a parameter. This criterion is quite often used for speaker
classification, identification and authorization tasks [14].

6. Simple classifier description
The random variable X defined in equation 1 is approxi-
mately normally distributed. Hence, it can be represented by
N (

x |μ, σ2
)
. In Section 5 we define seven of the most in-

dicative vowels. Now we shall compute the normal distribu-
tion parameters for each indicative vowel pronounced in a neu-
tral speaking style. In contrast to our previous research [4]
we decided to use gender dependent μ estimation instead of
speaker dependent. For calculating the mean value estimations
μ, we use two neutral speech sentences per speaker for EMO-
DB dataset and one utterance per speaker with smallest absolute
arousal value for the VAM dataset. These sentences have been
removed from the test sets. For gender dependent σ estimations
of seven of the most indicative vowels we use Kiel corpus. The
list of normal distribution parameters for indicative vowels can
be found in Table 1.

For our evaluation we generate male and female (μ, σ) es-
timations pools. Mean and standard deviation values from these
pools will be adopted for each utterance according to speaker’s
gender. This can be expressed as follows: μik = μig(k),
σik = σig(k), where i is an index of an indicative vowel, k is an
utterance index, g(k) is a function which specifies a speaker’s
gender of utterance k.

For classification purposes we use the Neyman-Pearson cri-
terionΛ(U) = L(θ0|U)

L(θ1|U)
≤ η. In our case, θ0 is a hypothesis that

indicative vowels included in utterance U are being pronounced
with high arousal emotion, and θ1 is a hypothesis that vowels in-
cluded in utterance U are being pronounced with neutral or low
arousal emotion. Taking into account that the random variable

Vowel EMO-DB VAM Kiel
ID m μ

[Hz]
f μ
[Hz]

m μ

[Hz]
f μ
[Hz]

m σ

[Hz]
f σ
[Hz]

a 644.1 749.4 658.8 769.8 62.0 119.4
e 443.7 439.1 488.9 607.5 67.6 88.1
E 440.8 439.2 579.2 623.0 66.1 111.1
@ 509.1 475.0 555.2 584.5 123.6 124.6
6 547.8 584.1 594.6 690.7 89.5 127.1
aI 610.6 731.7 615.5 756.0 48.7 78.1
aU 514.7 594.1 684.9 694.4 48.1 77.6

Table 1: Estimations of the normal distribution parameters cal-
culated on Kiel, EMO-DB and VAM corpus material

Xi has a normal distribution, conditional likelihoods L(θ0|U)
and L(θ1|U) can be expressed as [4]:

L(θ0|Uk) =
∑

∀i :xij(k)∈Uk

FX(xig(k))

=
∑

∀i :xij(k)∈Uk

1

2

(
1 + erf

{
xij(k) − μig(k)

σig(k)

√
2

})
(2a)

L(θ1|Uk) = Nk − L(θ0|Uk) (2b)

whereNk is a number of indicative vowels in utterance Uk.
As a result, the Neyman-Pearson criterion for two classes emo-
tion classification can be estimated as:

Λ(Uk) =
Nk

L(θ1|Uk)
− 1 ≤ η (3)

The criterion threshold η can be estimated with Leave-One-
Speaker-Out (LOSO) strategy or by using some a-priory value
η = 1 (it is a case when we simply select the hypothesis with
higher likelihood). The next section provides results of a classi-
fier evaluation for different types of η parameter specification.

7. Results
As evaluation measures we employ the weighted (WA, i.e. ac-
curacy) and unweighted (UA) average of class-wise recall rates.
For estimation of the η values, which is only one parameter
of our classifier, we applied a Leave-One-Speaker-Out (LOSO)
strategy. We used two different optimization criteria: maximum
unweighted and maximum weighted average recall. For each
speaker we estimate the optimal η values based on utterances
from other speakers presented in the corresponding database.

0 1 2 3 4 5

50%
60%
70%
80%

η

weighted average recall unweighted average recall

Figure 5: Recognition rates of the two class emotion classifier.
Black - EMO-DB, gray - VAM.

In Fig. 5 and Fig. 6 one can see the UA and WA rates of
our two class emotion classifier and receiver operating charac-
teristics (ROC) which represent the false acceptance (FA) and
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false rejections (FR) rates for the high level arousal emotions
detection task as a function of η.
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Figure 6: Receiver operating characteristics curve, for high
arousal emotion detection task. Black - EMO-DB, gray - VAM

In Table 2 one can see performances of two class emotion
classifier for η = 1 and η values estimated within LOSO (with
UA and WA as optimization criteria).

EMO-DB VAM
UA WA FA FR UA WA FA FR

UA 81.3 80.6 13.1 24.2 60.2 61.8 18.7 60.8
WA 79.4 79.3 19.5 21.7 61.4 63.0 16.4 60.8
η = 1 81.8 81.3 14.2 22.1 58.7 58.2 48.9 33.7

Table 2: Recognition rates on EMO-DB and VAM corpora

With LOSO strategy and UA optimization criteria we found
the optimal η value for each speaker; these values are in range
1.01 ≤ η ≤ 1.23 (EMO-DB) and 1.37 ≤ η ≤ 1.63 (VAM).
In the case of WA optimization criteria optimal η values are
follows: 0.62 ≤ η ≤ 1.01 (EMO-DB) and η = 1.63 (VAM).

By using gender dependent models instead of speaker de-
pendent we can provide statistically sufficient number of in-
stances for calculation of μig(k) estimations. Due to more accu-
rate mean values estimations we improve our results presented
in [4]. Presented results can be compared with the results pre-
sented in [15]. In this article, we presented benchmark evalua-
tion results for two class emotion recognition (positive/negative
arousal) with a HMM/GMM general model. We reached UA
rates up to 91.5% for EMO-DB and 76.5% for VAM. In our cur-
rent research, instead of using 39MFCC we use only one aver-
age F1 value. In contrast to HMM/GMM we use a straightfor-
ward Neyman-Pearson criterion. In the case of a priory defined
η our classifier does not require any affected speech samples for
training. Within practical application of our simple method the
η value can be selected based on task oriented balance between
FA and FR rates, see Fig. 6.

8. Conclusion
We showed that the average F1 values extracted on a vowel level
are strongly correlated with the level of arousal of the speaker’s
emotional state. We estimated the optimal criteria thresholds
for acted and spontaneous emotions. It has been shown that
spontaneous emotions required higher η values. Most of the
state-of-the-art emotion recognizers required sufficient amount
of affected speech samples within the training phase. In the case
of a priory defined η (for example η = 1) value within the train-
ing phase we require only one or two neutral (or speaking style
samples. As a result our method can be easily implemented for
speaker independent emotion classification. We showed that the
list of the most indicative German vowels [4] within the task of

measuring the level of arousal of the speaker’s emotional state,
can be used for spontaneous emotion classification.

The research highlights the interaction between phonetic
and affective factors in speech production. By using a simple
classification technique and a unidimensional feature vector we
proved a highly discriminative potential of first formant values
extracted on the vowel level. In such a way, we show that vow-
els can be seen as the smallest possible chunk of analysis within
a robust emotion classification system.
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