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ROBUST AND RELIABLE TECHNIQUES FOR SPEECH-BASED EMOTION
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Human emotion recognition during communication with intelligent dialogue systems
implies flexible algorithmic techniques satisfying the requirements of reliability and fast
operation in real time. In this paper we consider the heuristic feature selection procedure
based on the self-adaptive multi-objective genetic algorithm that allows the number of
acoustic characteristics involved in the recognition process to be reduced. The effectiveness
of this approach and its robustness property are revealed in experiments with various
classification models. The usage of this procedure leads to a reduction of the feature space
dimension by a factor of two (from 384 to approximately 180 attributes), which means
decreasing the time resources spent by the recognition algorithm. Moreover, it is proposed to
implement some algorithmic schemes based on collective decision making by the set of
classifiers (Multilayer Perceptron, Support Vector Machine, Linear Logistic Regression) that
permits the improvement of the recognition quality (by up to 10% relative improvement). The
developed algorithmic schemes provide a guaranteed level of effectiveness and might be used
as a reliable alternative to the random choice of a classification model. Due to the robustness
property the heuristic feature selection procedure is successfully applied on the data preprocessing stage, and then the approaches realizing the collective decision making schemes
are used.
Keywords: emotion recognition, adaptive multi-objective genetic algorithm, classifier,
collective decision making.
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Распознавание эмоций человека в ходе коммуникации с интеллектуальными
диалоговыми системами предполагает наличие гибкого алгоритмического аппарата,
отвечающего требованиям надежности и быстродействия при функционировании в
режиме реального времени. В статье рассматривается эвристическая процедура

извлечения информативных признаков, позволяющая существенно сократить число
акустических
характеристик,
используемых
алгоритмами
распознавания.
Эффективность данного подхода исследуется в сочетании с различными
классификационными моделями, благодаря чему демонстрируется свойство
робастности. Применение указанной процедуры позволяет снизить размерность
признакового пространства в два раза (с 384 и приблизительно до 180 атрибутов),
что сопряжено с сокращением временных ресурсов, затрачиваемых алгоритмом
распознавания. Кроме того, было предложено несколько алгоритмических схем,
основанных на коллективном принятии решений набором классификаторов, что
позволило существенно повысить качество распознавания (приблизительно до 10% для
одной из баз данных). Разработанные алгоритмические схемы обеспечивают
гарантированный уровень эффективности и являются надежной альтернативой
произвольному выбору классификационной модели. Благодаря свойству робастности,
эвристическая процедура отбора информативных признаков была успешно
использована на этапе предобработки данных с последующим применением подходов,
реализующих механизмы коллективного принятия решений.
Ключевые слова: распознавание эмоций, адаптивный многокритериальный
генетический алгоритм, классификатор, коллективное принятие решений.
While communicating with artificial systems we are deprived of vivid gestures and facial
expressions of the other speaker, and therefore the conversation becomes insipid and tedious
quickly. One of the obvious ways to solve this problem is to improve the abilities of spoken
dialogue systems. Due to the possibility of recognizing human emotions based on speech
signals we may train artificial systems to show regret or express happiness when it is required.
Moreover, another excellent example of the importance of emotion recognition is related to
the quality monitoring of call centres in an automatic way.
Although many good results have already been achieved in the sphere of emotion
recognition, there are a number of open questions. Some of them are about the development
of effective classification methods that should be applied to this problem [1]. Others pertain to
extracting acoustic characteristics from speech signals [2, 3] or selecting the set of relevant
features from databases [4].
At the «INTERSPEECH 2009 Emotion Challenge» an appropriate set of acoustic
characteristics used to describe any speech signal was introduced. This set of features,
comprising attributes such as pitch, intensity and formants, is high-dimensional: the number
of characteristics is 384. For most classifiers it is extremely difficult to make a decision based
on all this input data: features might have a low variation level, correlate with each other or be
measured with mistakes.
Background
During experiments it was revealed that the usage of the standard feature selection
procedures (such as Principal Component Analysis (PCA)) led to the classification accuracy
decreasing [5]. Therefore, to oppose this, some heuristic techniques based on the multiobjective genetic algorithm were developed.
Two main schemes of dimension reduction are realized normally to determine the relevant
feature set [6]. According to the first one, it is compulsory to evaluate the effectiveness of the
selected attributes with any classification model (the wrapper approach). The second method
requires some metrics (Attribute Class Correlation, Inter- and Intra- Class Distances,
Laplasian Score, Representation Entropy and the Inconsistent Example Pair measure) to be
estimated and it ignores the classifier performance entirely (the filter approach) [7]. The
details of the presented schemes and criteria introduced are described in [8].

As the feature search procedure we implement the Strength Pareto Evolutionary Algorithm
(SPEA) [9] based on the Pareto dominance idea (Fig. 1). It operates with a set of binary
strings coding the informative features in the following way: unit corresponds to the relevant
attribute whereas zero denotes the irrelevant one.
Begin

Generate an initial population

Evaluate criteria values for
each individual in the
population

Update the outer set: add nondominated individuals and
exclude dominated ones

Apply genetic operators to
produce new candidatesolutions

Check the stopcriterion
Finish with
the current
outer set

Continue
End

Fig. 1. The general scheme of the SPEA algorithm

SPEA uses the outer set to preserve non-dominated solutions and genetic operators to
produce new candidate solutions. Furthermore, to avoid choosing the algorithm settings we
suggest applying the self-adaptive modification of SPEA. Originally, tournament selection is
used; therefore only crossover and mutation should be adjusted.
We realize the self-configurable recombination operator based on the co-evolution idea
[10]: the population is divided into parts and each part is derived with a particular type of
crossover that is conventionally one-point, two-point or uniform. We also estimate the fitness
value for each variant of recombination that implies the number of non-dominated individuals
generated with it. Based on these rates, resources are reallocated in every T-generation. The
self-adaptive mutation operator is based on the idea proposed by Daridi [11]. At every
generation mutation probability is recalculated according to the heuristic rule.
The research conducted [8] has exposed that the filter approach permits the achievement of
better results in the sense of classification accuracy, whereas the usage of the wrapper
approach decreases the number of features significantly.
Due to the independency of the filter approach from classification models it might be
supposed that this feature selection procedure should be rather effective in combination with
various classifiers. Therefore in this paper we explore the robustness property of the filter
technique. In other words, it is necessary to consider a number of classification models and
check whether this method is effective for most of them or not.
Moreover, it is hardly ever possible for the online dialogue systems to vary classifiers and
determine the most effective one while interacting with a user. Consequently, some general
approaches based on involving different models should be elaborated. In this research we
propose three schemes of taking into account predictions of different classifiers and producing
the collective decision. The effectiveness of these algorithmic schemes is investigated on both
baseline and reduced feature sets of emotion recognition problems.
Databases description
In the study a number of speech databases have been used and this section provides their
brief description.
The Berlin emotional database [12] was recorded at the Technical University of Berlin and
consists of labelled emotional German utterances which were spoken by 10 actors (5 female).
Each utterance has one of the following emotional labels: neutral, anger, fear, joy, sadness,
boredom or disgust.

The VAM database [13] was created at Karlsruhe University and consists of utterances
extracted from the popular German talk-show «Vera am Mittag» (Vera in the afternoon). The
emotional labels of the first part of the corpus (speakers 1-19) were given by 17 human
evaluators and the rest of the utterances (speakers 20-47) were labelled by 6 annotators on a
3-dimensional emotional basis (valence, activation and dominance). To produce the labels for
the classification task we have used just a valence (or evaluation) and an arousal axis. The
corresponding quadrant (anticlockwise, starting in the positive quadrant, and assuming
arousal as abscissa) can also be assigned emotional labels: happy-exciting, angry-anxious,
sad-bored and relaxed-serene.
The UUDB (The Utsunomiya University Spoken Dialogue Database for Paralinguistic
Information Studies) database [14] consists of spontaneous Japanese human-human speech.
The task-oriented dialogue produced by seven pairs of speakers (12 female) resulted in 4,737
utterances in total. Emotional labels for each utterance were created by three annotators on a
five-dimensional emotional basis (interest, credibility, dominance, arousal, and pleasantness).
For this work, only pleasantness (or evaluation) and the arousal axes are used.
Table 1
Statistical description of the corpora used
Database
Berlin
VAM
UUDB

Language
German
German
Japanese

Full length
(min.)
24.7
47.8
113.4

Number of
emotions
7
4
4

File level duration
Mean (sec.)
Std. (sec.)
2.7
1.02
3.02
2.1
1.4
1.7

Notes
Acted
Non-acted
Non-acted

There is a statistical description of the corpora used in Table 1.
Robustness of the filter approach
The robustness property of the filter approach was investigated using a set of conventional
classification models: Multilayer Perceptron (MLP), Support Vector Machine (SVM), Linear
Logistic Regression (Logit), Radial Basis Function network (RBF), Naive Bayes, Decision
trees (J48), Random Forest, Bagging, Additive Logistic Regression (LogitBoost) and One
Rule (OneR) [15].
For each classifier the F-score [16] was evaluated, first, on the baseline data set and,
secondly, on the set of features selected by SPEA. Also the relative F-score improvement and
the average number of extracted attributes were estimated. We implemented a 6-fold crossvalidation procedure. For all of the corpora SPEA was provided with an equal number of
resources (for each run 10100 candidate solutions were examined in the search space).
The results obtained are presented in Table 2. The average number of selected features is
equal to: Berlin – 182.2, VAM – 178.7, UUDB – 179.2.
Based on the experimental results we may conclude that there is no classification model
which provides a lower F-score value for all of the corpora after the feature selection
procedure. Moreover, for example, the Decision Trees model (J48) demonstrates
improvement of the F-score in all of the experiments. Obviously, in some cases the dimension
reduction is achieved at the detriment of the classifier performance.
Besides, there is no particular model that is equally effective for all of the databases. We
may notice that F-score values vary significantly for different classifiers. Even the best model
for a certain database might be the worst for another one. For instance, MLP demonstrates the
highest performance on the Berlin corpus, whereas for the UUDB database it achieves the
worst results (and vice versa, for the One Rule classifier). Therefore it might be reasonable to
involve a number of classifiers in the decision making process in order to increase the

reliability of the classification technique. Otherwise, the random choice of the classifier may
lead to significant performance deterioration.
Table 2
Experimental results for conventional classifiers
Berlin

VAM

Gain, %

Baseline

SPEA

Gain, %

Baseline

SPEA

F_score, %

SPEA

MLP
SVM
Logit
RBF
Naive
Bayes
J48
Random
Forest
Bagging
Logit
Boost
OneR

UUDB

F_score, %

Baseline

F_score, %

Gain, %

82.87
81.71
80.04
68.93

82.26
82.14
82.15
71.59

-0.74
0.53
2.64
3.85

41.08
43.57
36.88
37.87

43.05
36.92
37.88
34.47

4.80
-15.26
2.71
-8.97

25.48
35.59
36.72
26.75

34.58
33.04
36.33
23.60

35.71
-7.15
-1.06
-11.77

66.91

67.45

0.81

40.86

42.33

3.60

36.52

36.45

-0.20

50.15

51.96

3.60

36.20

37.70

4.17

38.70

42.64

10.18

54.69

73.43

34.27

45.66

37.08

-18.79

40.11

36.56

-8.84

60.60

63.29

4.43

37.24

36.67

-1.54

40.94

37.08

-9.42

66.66

71.21

6.82

40.06

36.14

-9.80

41.28

37.17

-9.96

29.20

29.20

0.00

33.34

33.34

0.00

41.92

41.56

-0.85

The next section contains a description of the algorithmic schemes that compose the final
prediction based on decisions of a number of classifiers.
Collective decision making in the emotion recognition procedure
In this research we investigate the efficiency of three techniques that allow the predictions
of different classifiers to be taken into account while making the final decision [17].
Scheme 1. For each test example it is necessary to determine k-nearest neighbours from
the training data set. The prediction of the model that classifies these k-nearest neighbours
correctly is used as the final decision. (If several models demonstrate equal effectiveness,
choose one of them randomly).
Scheme 2. For each test example the engaged models vote for different classes according
to their own predictions. The final decision is defined as a collective choice based on the
majority rule.
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Fig. 2. An example how Scheme 3 works

Scheme 3. The previous scheme has one disadvantage: if the number of classes is greater
than or equal to the number of classifiers involved (or the number of classifiers is even), a
situation whereby several classes get the majority of votes often occurs. Therefore we
combine Schemes 1 and 2 in the following way (Fig. 2):
- fulfil the voting procedure as it is described in Scheme 2;
- if several classes have the maximum number of votes, apply Scheme 1.
In all these schemes there is no limitation to the number of classifiers.
Table 3
Experimental results for collective decision making schemes

Berlin
VAM
UUDB

Scheme 1
81.18
42.29
37.96

Baseline feature set
Scheme 2
Scheme 3
84.01
84.23
43.69
50.19
36.41
39.78

Scheme 1
79.91
37.99
40.43

Reduced feature set
Scheme 2
Scheme 3
82.54
82.54
39.18
39.18
34.99
35.19

Analysis of the results presented in Table 2 showed that for the used corpora Multilayer
Perceptron (MLP), Support Vector Machine (SVM) and Linear Logistic Regression (Logit)
demonstrated rather high performance. Therefore it was decided to involve these classifiers in
the proposed schemes of collective decision making.
We investigated the effectiveness of the developed schemes on the baseline feature set and
on the set of attributes selected by SPEA (due to the robustness property of the feature
selection procedure, it is also reasonable to apply these schemes including a number of
models to the reduced feature set). Table 3 contains the F-score values obtained during the 6fold cross-validation procedure for all of the corpora.
Based on the experimental results it might be concluded that on the set of presented
databases Scheme 3 is effective for the collective classification process on the full data set as
well as after the feature selection procedure.
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Fig. 3. Classification results for Berlin

On the Berlin database (Fig. 3) all schemes demonstrate high performance. The F-score
values obtained with the usage of Schemes 2 and 3 even outperform the best results achieved
by MLP on the full and reduced feature sets.
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Conventional
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Scheme 2
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40
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Reduced feature set

Conventional
Classifiers
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Scheme 2
Scheme 3

Fig. 4. Classification results for VAM

In most cases the F-score values achieved by any collective decision making scheme are
comparable with the best results provided by the most effective models or, at least, higher
than the average F-score value obtained by conventional classifiers.
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classifiers
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Fig. 5. Classification results for UUDB

The best classification results on the VAM corpus (Fig. 4) provided by Random Forest on
the baseline feature set were exceeded by the application of Scheme 2 (9.93% relative
improvement). It is essential to take into account that in this case the most effective
classification model (Random Forest) is not involved in the set of classifiers used in the
framework of Scheme 2 (MLP, SVM, Linear Logistic Regression). Nevertheless, we attained

a significantly better result with classifiers that demonstrated average effectiveness on this
corpus.
Even on the UUDB corpus we obtained rather high F-score values (Fig. 5), although MLP,
SVM and Linear Logistic Regression demonstrated the worst results separately.
Conclusions
In this paper some effective approaches to the emotion recognition problem based on
heuristic feature selection and collective decision making are considered. Due to the usage of
these techniques it became possible to improve the classification results for most of the
corpora (in some cases even by up to 10% relative improvement) and, moreover, to reduce the
number of features involved in the classification procedure significantly (from 384 to
approximately 180).
The conducted experiments also exposed that the proposed schemes of collective choice
might be effectively applied to the full data set as well as to the reduced one (after feature
selection).
Although we managed to achieve some good results, there are a number of questions. The
first one is related to the feature selection technique, in particular, to the introduced criteria:
whether it is reasonable to take into consideration other criteria (Laplasian Score,
Representation Entropy and the Inconsistent Example Pair measure) or not? Should we
engage the information about the classifier performance into the heuristic search on the stage
of feature selection or ignore it totally to maintain the robustness of this approach?
Other questions pertain to the classification models involved in the collective decision
making process: how many classifiers should we use to provide the most reliable scheme?
What kind of models should it be compulsory to include in the ensemble of classifiers?
These crucial questions will have to be elaborated in the next paper.
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