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Abstract
In this study a class of Multi-Objective Genetic Algorithms
(MOGAs) is proposed to select the most relevant features for the
problem of speech-based emotion recognition. The employed
evolutionary algorithms are the Strength Pareto Evolutionary
Algorithm (or SPEA), the Preference-Inspired CoEvolutionary
Algorithm with goal vectors (or PICEA), and the Nondominated
Sorting Genetic Algorithm II (or NSGA-II). Performances of the
proposed algorithms were compared against conventional feature selection methods on a number of emotional speech corpora. The study revealed that for some of the corpora the proposed approach significantly outperforms the baseline feature
selection methods up to 5.4% of relative difference.
Index Terms: Speech-based emotion recognition, humancomputer interaction, computational paralinguistics

1. Introduction
A system which can deal with human emotions is highly desirable in such domains as human-computer interaction, humanrobot interaction, biological and entertainment spheres. Nevertheless, the performance of the existing emotion recognizers
is not sufficient for real-world applications yet. The most essential components of emotion recognizers are the used speechbased features, the modelling algorithm and Feature Selection
(FS) techniques. Depending on the selected features and algorithms academic groups from all over the world obtain different
Emotion Recognition (ER) performances. Moreover, the optimal feature set and the algorithms used are still under examinations. This means, that in each particular case different approaches and features should be investigated in order to select
the quasi-optimal ones.
Based on previous successful applications of MOGAs in
the field of multi-objective unconstrained optimization [1, 2] we
applied these algorithms for the FS in speech-based ER. As it
was mentioned, the performance of ER highly depends on the
Classification Algorithm (CA), therefore we utilized several of
the most used modelling algorithms in order to set-up the baseline results, but also to investigate the appropriateness of using
MOGAs in the ER domain.
The rest of the paper is organized as follows: Significant related work is presented in Section 2. Section 3 describes the applied corpora and outlines their differences. State-of-the-art approaches and their results are shown in Section 4. Our approach
on automated speech-based ER using MOGAs-based FS techniques is presented in Section 5. Conclusion and future work
are described in Section 6.

2. Previous research
The main concept of MOGAs is inspired by the ideas of evolution and natural selection in Darwinism [3]. A survey of related
papers revealed the most powerful ones, in terms of function
optimization efficiency. These algorithms are SPEA [4], PICEA
[5] and NSGA-II [6]. The majority of the published papers describe the results of their theoretical applications - mostly the
optimization of a pre-defined function set [7, 8].
Since the problem of FS can be formulated as an multiobjective optimization problem [9] (i.e. minimization of the
intra-class and maximization of inter-class distances or maximization of F1 measure [10] and minimization of the feature
number) we proposed using MOGAs for FS in the ER problem.
Regarding the ER procedure itself by analysing the related
papers it was figured out that the most frequently used modelling algorithms are Multi Layer Perceptron (MLP) [11, 12],
Support Vector Machine (SVM) [11, 13, 14, 15], k-Nearest
Neighbours (kNN) [11, 16], and linear Logistic classifier [17].
Concerning the baseline FS methods the most frequently used
are Information Gain Ratio (IGR) [18], and Principal Component Analysis (PCA) [19]. Additionally we suggest using the
Chi- and GA-based [20] FS methods as a baseline.
As a baseline for acoustic features we consider the 384dimensional feature vector which was used within InterSpeech
2009 Emotion Challenge [21, 22, 23].

3. Corpora description
All evaluations were conducted using several audio emotional
databases. Here are their brief description and statistical characteristics.
The AVEC-2014 database was used for the fourth AudioVisual Emotion Challenge and Workshop 2014 [24]. In order
to obtain the level of depression, participants have been asked
to fill in a standard self-assessed depression questionnaire (the
Beck Depression Inventory-II) consisting of 21 questions. Each
affect dimension (Arousal, Dominance, and Valence) has been
annotated separately by a minimum of three and a maximum of
five raters.
The Emo-DB emotional database [25] was recorded at the
Technical University of Berlin and consists of labelled emotional German utterances which were spoken by 10 actors (5
females).
The EmotiW-2014 (or AFEW) audio-visual emotion corpus
[26] was used for the first [27] and the second [28] ”Emotion
Recognition in the Wild Challenges”.
The LEGO emotional database [29, 30] comprises nonacted English (American) utterances which were extracted from
the SDS-based bus-stop navigational system [31].

Database

Language

Full length
(min.)

File level duration
Mean (sec.) Std. (sec.)

Paralinguistic Labels (Type)

AVEC-2014

German

164.08

65.63

46.22

Valence, arousal, dominance (Dimensions)

Emo-DB

German

24.7

2.7

1.02

Anger, boredom, disgust, anxiety, happiness,
sadness, neutral (Categories)

EmotiW-2014

English

55.38

2.43

1.03

Angry, disgust, fear, happy, neutral, sad, surprise (Categories)

LEGO

English

118.2

1.6

1.4

Angry, slightly angry, very angry, neutral,
friendly, non-speech (Categories)

RadioS

German

278.5

6.26

5.17

Neutral, happy, sad, angry (Categories)

SAVEE

English

30.7

3.8

1.07

Anger, disgust, fear, happiness, sadness, surprise, neutral (Categories)

UUDB

Japanese

113.4

1.4

1.7

Pleasantness, arousal, dominance, credibility, positivity (Dimensions)

VAM

German

47.8

3.02

2.1

Valence, Activation, Dominance (Dimensions)

Table 1: Databases description.

The RadioS database consists of recordings from a popular
German radio talk-show. Within this corpus, 69 native German
speakers talked about their personal troubles.
The SAVEE (Surrey Audio-Visual Expressed Emotion)
corpus [32] was recorded as a part of an investigation into
audio-visual emotion classification, from four native English
male speakers.
The UUDB (The Utsunomiya University Spoken Dialogue
Database for Paralinguistic Information Studies) database [33]
consists of spontaneous Japanese speech through task-oriented
dialogue which was produced by 7 pairs of speakers (12 females), 4,737 utterances in total.
The VAM [34] dataset was created at Karlsruhe University
and consists of utterances extracted from the popular German
talk-show ”Vera am Mittag” (Vera in the afternoon).
There is a statistical description of the used corpora in Table 1.

4. Baseline experiments
As a baseline approach we consider a number of machine learning algorithms, namely k-NN, MLP, SVM trained by SMO [35],
and linear Logistic classifier as modelling algorithms. Further, a
number of FS techniques were considered as a baseline, namely
PCA, IGR, conventional Genetic Algorithm (GA) in wrapper
mode [36], and Chi-based FS method. In order to enhance
the statistical reliability we performed the same 6-fold emotionstratified Cross-Validation (CV) for each emotional corpus, CA,
and FS methods. For each classifier 5 types of FS methods were
applied (without any FS, PCA, IGR, GA, and Chi). Thus, we
performed 160 (8 databases x 4 classifiers x 5 FS methods) CVbased experiments as a baseline approach. The F1 measure was
selected as a main classification performance criterion.
More precisely, in case of experiments without any FS
method on every iteration of CV procedure all the training portions were used to train the model and testing portions to test
the emotional model. Finally, one average (over 6 folds of CV)
value of F1 measure is used as a performance. A similar procedure was repeated for all of the CAs (kNN, MLP, SVM, and
Logistic). In the end, the result of the CA with the highest mean
of the CV-based experiment was selected for each database and
presented in Figure 1 with the label ”without”.
Further, in case of conventional GA-based experiments

boolean true means that the corresponding feature is essential
and boolean false means it is an unessential one so that GA’s
individual is a 384-dimensional vector of ones and zeros. Thus,
on each iteration of the GA the corresponding training partition
is used to form a new instance of the explored database with the
selected features. After that, the resulting training portion of
the database with the selected features is used to run one more
inner 6-fold CS in order to assess the current individual. An
outcome of the inner CV is the quasi-optimal set of features for
the current iteration of the outer CV. Then, the corresponding
training and testing portions of the outer CV were transformed
based on the optimal feature set and used to obtain the F1 measure. This procedure was repeated 6 times within the outer CV
for each CA. Again, the result of the CA with the highest mean
was selected for each database and presented in Figure 1 with
the label ”GA”.
In contrast to parameter-free GA-based FS method for the
rest of the baseline FS procedures (PCA, IGR, and Chi) another
important parameter should be selected, namely the number of
selected features. For the PCA-based approach this parameter
corresponds to the number of principal components, whereas
for the IGR- and Chi-based approaches this parameter is the
number of included features with the highest ranking. In order to deal with the optimization of the parameter we introduce
to use conventional GA, where genotype is encoded number of
features (from 1 to 384) and the fitness value is F1 measure
obtained with the corresponding selected features again based
on 6-fold inner CV. For this reason, in each iteration of outer
CV the corresponding train portion is used to perform FS only
once (since these FS methods do not require the inner CA), then
the number of selected features was optimized with the GA approach. As early the outcome of the inner CV is the number of
top-ranked features obtained by GA. Further, this optimal number of features was used to form the new instance of the outer
CV’s portions to train and test the CA. This procedure was repeated for each fold of outer CV and the averaged F1 measure
over 6 folds is used as a performance. Finally, only results of
the best CA in terms of the highest average F1 measure were
included in Figure 1 with the corresponding captures.
It should be noted that the inner CVs were performed only
with the train portion of outer CV to obtain the quasi-optimal
solution and form the new instance of outer CV portions. The
obtained portions were used to train and test the CA on each
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Figure 1: F1 measure of speech-based emotion recognition with baseline feature selection methods and without any dimensionality
reduction (without). Colours show the optimal classifiers, whereas the average number of features is shown within the bars. Result of
single factor ANOVA test is above for all of the databases. All the experiments are 6-fold cross-validation emotion-stratified. Error
bars demonstrate the population-based standard deviation of F1 within the cross-validation.

iteration of outer CV.
The results of speech-based ER using the baseline approaches are demonstrated in Figure 1. There, for all the
databases and feature selection methods only the results of the
best classifier in terms of the higher F1 measure achieved with
CV experiments is provided. Further, in order to figure out significance difference throughout the baseline approaches a single
factor ANOVA [37, 38] was conducted. The corresponding P
values are also listed in Figure 1. Thus, in case of the EmotiW2014 the corresponding value is equal to 0.93 which means that
one may use whatever feature selection without significance difference in terms of F1 measure. In contrast, in case of the EmoDB with the corresponding value p = 0.06 the difference between PCA and Chi-based approaches is rather significant.

5. Proposed approach
The proposed heuristic feature selection scheme is based on
estimating statistical metrics. We introduce the two-criteria
model, specifically, the Intra-class distance (IA) and the Interclass distance (IE) as optimization criteria:
IA =

k nr
1 XX
d(pj r , pr ) → min,
n r=1 j=1

(1)

k
1X
nr d(pr , p) → max,
n r=1

(2)

IE =

where pj r is the j-th example from the r-th class, p is the central example of the data set, d(., .) denotes the Euclidian distance, pr and nr represent the central example and the number
of examples in the r-th class.

As a feature selection technique we propose to use MOGAs
operating with binary strings, where unit and zero correspond to
a relative attribute and an irrelative one respectively.
The common scheme of any MOGA includes the same
steps as any conventional one-criterion GA:
Generate the initial population
Evaluate criteria values
while stop-criterion!=true do
Estimate fitness-values;
Choose the most appropriate individuals with the
mating selection operator based on their
fitness-values;
Produce new candidate solutions through
recombination;
Modify the obtained individuals through mutation;
Compose the new population (environmental
selection);
end
Algorithm 1: General scheme of GA.
In contrast to one-criterion GAs, the outcome of MOGAs is
the set of non-dominated points which form the Pareto set approximation. Designing a MOGA, researchers are faced with
some issues which are referred to fitness assignment strategies,
diversity preservation techniques, and ways of elitism implementation. Therefore, in this study we investigate the effectiveness of MOGAs, which are based on various heuristic mechanisms, from the perspective of the feature selection procedure.
NSGA-II, PICEA with goal vectors, and SPEA were used as
tools to optimize the introduced criteria (1), (2). Table 2 demonstrates the main characteristics of the used MOGAs.
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Figure 2: F1 measure of speech-based emotion recognition with MOGA-based feature selection methods. Colours show the optimal
classifiers, whereas the average number of features is shown within the bars. The result of a single factor ANOVA test is provided
above for all of the databases. All the experiments are 6-fold cross-validation emotion-stratified, used in baseline experiments. Error
bars demonstrate the population-based standard deviation of F1 within the cross-validation. Coloured background shows the cases
where ANOVA-based significant differences with baseline approaches have been achieved, moreover a relative improvement over the
best baseline result is shown with the ”+” sign. Bars with bold frames indicate Z-test-based significant improvement against the best
values from the baseline approaches (see the corresponding bars in Figure 1).

MOGA

Fitness Assignment

Diversity
Preservation

Elitism

NSGA-II

Pareto-dominance
(niching mechanism)
and diversity estimation
(crowding distance)

Crowding
distance

Previous
population
and
offspring

PICEA-g

Pareto-dominance (with
generating goal vectors)

Nearest
neighbour

Archive
set,
previous
population
and
offspring

SPEA

Pareto-dominance
(dominance rate)

Clustering
technique

Archive set

Table 2: The main features of the used MOGAs.

As we have noticed, MOGAs return the set of candidatesolutions which cannot be preferred to each other. Taking into
account this fact, we have proposed a way to derive the final
solution based on the set of non-dominated points. It is assumed that the outcome of the MOGA is N binary strings (the
set of non-dominated solutions). Each chromosome should be
decoded to the reduced database, according the rule: if a gene
is equal to ’0’ then eliminate the corresponding attribute, and
if a gene is equal to ’1’ then include the respective feature in
the database reduced. In short, we obtain N different sets of

features and train N various classifiers based on these data. 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.
Taking into consideration predictions of several classifiers
is a good alternative to choosing one particular solution from the
set of non-dominated points. In fact, candidates, which demonstrate high effectiveness on the training data, might often be the
worst on the test data. Therefore, to avoid such cases, we use
the scheme described.
The results of speech-based emotion classification with
MOGAs are listed in Table 2.

6. Conclusion and future work
The achieved results show that the MOGA-based feature selection methods perform significantly better than the baseline
methods for some of the used corpora, whereas in case of the
rest of the corpora the proposed methods show the same performances. Moreover, in fact the proposed approach results in
fewer features than state-of-the-art methods.
It can be concluded, that a class of algorithms such as
MOGA-based FS can be wider used in the field of speaker state
recognition and dialogue analysis.
One possible direction for future work is the examination of
cooperative schemes of the mentioned algorithms, where several CAs and FS methods can be incorporated in order to use
features of each other.
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