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We study the cross-database speech emotion recognition based on online learning. How to apply a classifier trained on acted data
to naturalistic data, such as elicited data, remains a major challenge in today’s speech emotion recognition system. We introduce
three types of different data sources: first, a basic speech emotion dataset which is collected from acted speech by professional
actors and actresses; second, a speaker-independent data set which contains a large number of speakers; third, an elicited speech
data set collected from a cognitive task. Acoustic features are extracted from emotional utterances and evaluated by using maximal
information coefficient (MIC). A baseline valence and arousal classifier is designed based on Gaussian mixture models. Online
training module is implemented by using AdaBoost. While the offline recognizer is trained on the acted data, the online testing
data includes the speaker-independent data and the elicited data. Experimental results show that by introducing the online learning
module our speech emotion recognition system can be better adapted to new data, which is an important character in real world
applications.

1. Introduction

The state-of-the-art speech emotion recognition (SER) sys-
tem is largely dependent on its training data. Emotional vocal
behavior is personality dependent, situation dependent, and
language dependent. Therefore, emotional models trained
from a specific database may not fit to other databases. To
solve this problem, we introduce an online learning frame-
work to the SER system. Online speech data is used to retrain
and to improve the classifier. Adopting the online learning
framework, we may better adapt our SER system to different
speakers and different data sources.

Many achievements have been reported on the acted
speech emotion databases [1–3]. Tawari and Trivedi [4] con-
sidered the role of context and detected seven emotions on
the Berlin Emotional Database [5]. Ververidis and Kotropou-
los [6] studied gender-based speech emotion recognition sys-
tem for five different emotional states. A number of machine
learning algorithms have been studied in SER, using acted
emotional data. Only recently the need of using naturalistic
data has been pointed out. Several naturalistic speech emo-
tion databases have been developed, such as AIBO emotional

speech database [7] and VAMdatabase [8]. Many researchers
notice that real world data plays a key role in the SER system
[9], and the model trained on the acted data does not fit very
well on the naturalistic data.

Incremental learning may provide us a good solution
to solve this problem under an online learning framework.
The pretrained models on the acted data may be updated
using very few online data. Since the naturalistic emotion
data is very difficult to collect, acted speech data still plays
an important role, especially in studying rare emotion types,
such as fear-type emotion [1], confidence, and anxiety [10]. By
using incremental learning we can make use of the available
acted databases as a baseline recognizer and then retrain the
classifier online for specific purposes.

Many successful algorithms have been proposed for in-
cremental learning, such as Learning++ [11] and Bagging++
[12]. Incremental learning algorithms may be classified into
two categories. In the first category, a single classifier is updat-
ed by reestimating its parameters. This type of learning algo-
rithms is dependent on the specific classifier, such as the
incremental learning algorithm for support vector machine
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proposed by Xiao et al. [13]. The techniques used in such
parameter estimation may not be generalized. In the second
category, the incremental learning algorithm is not depen-
dent on a specific type of classifiers. Multiple classifiers are
created and combined by a certain fusion rule, such as major-
ity vote. Boosting is a typical type of algorithms that fall into
the second category. By creating weak classifiers using se-
lected data, we may add new training data to the learning
procedure and gradually adapt the SER system in an online
environment.

In this paper we explore the possibility of transferring
pretrained SER system from acted data to more naturalistic
data in an online learning framework. Section 2 describes
our acted data and elicited data. Section 3 provides acoustic
analysis of emotional features. In Section 4, we introduce our
speech emotion recognizer and the online learning method-
ology. Finally, in Section 5, we provide the experimental
results, which show that combining the acted data and the
elicited data using online learning brings us the best result.

2. Three Types of Data Sources

In this paper we use three types of data sources to validate our
SER system: (i) acted basic emotion database, (ii) speaker-
independent emotion database, and (iii) elicited emotion
database.

The first database contains the basic emotions, including
happiness, anger, surprise, sadness, fear, and neutrality. The
emotional speech is recorded by professional actors and
actress, six males and six females.This acted database may be
used as a standard training dataset for our baseline recog-
nizer. However, in real world applications the naturalistic
emotional speech is different from the acted speech.

The second database is designed for speaker-independent
test, which includes fifty-one different speakers. Other than
a large number of speakers, a special type of emotion is
considered, namely, fidgetiness. Fidgetiness is an important
type of emotion in cognitive related tasks. It may be induced
by repeated work, environmental noise, and stress. The sec-
ond database contains five emotions, as shown in Table 1.
This database may be used for testing the ability of speaker
adaptation.When using training data from the first database,
it is challenging to test our SER system on the second data-
base, due to many unknown speakers.

The third database contains elicited speech in a cognitive
task, as shown in Table 2. The first row shows the emotion
types collected in our experiments, such as fidgetiness, con-
fidence, and tiredness.The second row is the speaker number
related to each type of emotion. The third row is the male
and female proportion in the emotion data. The last row is
the number of utterances in each emotion class. The data
is collected locally in our lab. We carried out a cognitive
experiment and collected the emotional speech related to
cognitive performance. Subject was required to work on a
set of math calculations and to report the results orally.
During the cognitive task the speech signals were recorded
and annotated with emotional labels.

In the third database, “correct answer” or “false answer”
labels are marked on each utterance in the oral report by

Table 1: The Speaker-independent emotion dataset.

Emotion type Happiness Anger Fidgetiness Sadness Neutrality
Speaker
number 51 51 51 51 51

Male/female 23/28 23/28 23/28 23/28 23/28
Utterance size 2200 2200 2200 2200 2200

Table 2: The Elicited Emotion Dataset.

Emotion
type Confidence Tiredness Fidgetiness Happiness Neutrality

Speaker
number 6 6 6 6 6

Male/
female 3/3 3/3 3/3 3/3 3/3

Utterance
size 1200 1200 1200 1200 1200

the listeners who have not participated in the eliciting exper-
iment. Therefore we may calculate the percentage of false
answers in the negative emotion samples and the percentage
of negative emotion in the “false answer” samples. Results
show that the proportion of the mistake made in the math
calculation is higher with the presence of negative emotions,
as shown in Figures 1 and 2.The purpose of this database is to
study the cognitive related emotions in speech. The analysis
shows the dependency between the mistakes made in the
math calculation and the negative emotions in the speech.

3. Feature Analysis

3.1. Acoustic Feature Extraction. Emotional information is
hidden in the speech signals. Unlike the linguistic informa-
tion, it is difficult to find the related acoustic features. There-
fore feature analysis and selection are very important steps in
building an SER system.

We selected typical utterances to study the feature vari-
ance caused by emotional change, as shown in Figures 3, 4,
5, 6, 7, 8, 9, 10, and 11. To better reflect the change caused by
emotional information, we fix the context of these utterances.

The utterances shown in the figures are recorded from the
same speaker. By comparing the utterances under different
emotional state from the same speaker, we can exclude the
influence brought by different speaking habits and personali-
ties. It reveals the changes in the acoustic features caused only
by the emotional information.

We induced three types of practical emotions from a
cognitive task, namely, fidgetiness, confidence, and tiredness.
We also studied the basic emotions, like happiness, anger,
surprise, sadness, and fear.The intensity feature and the pitch
contour are extracted and demonstrated in Figure 3 through
Figure 11.

The first syllable is not normal speech under the fear emo-
tional state. The pitch feature is missing, and it is whispered
speech under the emotional state of fear. Under the tiredness
emotion state, the pitch contour is low and flat, which is quite
distinguishable from other emotion states.
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Mistakes

Negative emotions

Positive emotions

Figure 1:The percentage of negative emotions whenmistake occurs
in the cognitive task.

Negative emotions

Correct answers
False answers

Figure 2:The percentage of correct answers and false answers when
negative emotion occurs in the cognitive task.

In the neutral speech, the pitch contour is also flat, but at
the end of the sentence the pitch frequency increases. Com-
paring speaking, the pitch frequency is not consistent at the
end of the sentence. Under the sadness emotion state, the
pitch contour is smooth and decreases at the end of the sen-
tence. Furthermore, in the happiness sample, the variance
of the pitch frequency is higher. The pith frequency also in-
creases in the confidence and surprise samples.

We also notice that under the angry emotion state the
variance of the intensity is lower and the intensity contour
is smooth. However, in the sadness sample, the variance
of the intensity is higher. Sadness and tiredness may have
caused longer time duration and a lower speech rate, while
fidgetiness and anger may have caused a higher speech rate.

Quantitative statistical analysis is shown in Figure 12.
Pitch and formants features are compared under various
emotional states.

For modeling and recognition purposes, 481 dimensions
of acoustic features are constructed. Statistic functions over
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Figure 3: Intensity and pitch contour of happiness.
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Figure 4: Intensity and pitch contour of sadness.

the entire utterance, such as maximum, minimum, mean,
range, are applied to the basic speech features, as listed below.
“d” stands for difference and “d2” stands for the second order
of difference.

Feature 1–6: mean, maximum, minimum, median,
range, and variance of Short-time Energy (SE).
Feature 7–18: mean, maximum, minimum, median,
range, and variance of dSE and d2SE.
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Figure 5: Intensity and pitch contour of fidgetiness.
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Figure 6: Intensity and pitch contour of surprise.

Feature 19–24: mean, maximum, minimum, median,
range, and variance of pitch frequency (F

0
).

Feature 25–36: mean, maximum, minimum, median,
range, and variance of dF

0
and d2F

0
.

Feature 37–42: mean, maximum, minimum, median,
range, and variance of Zero-Crossing Rate (ZCR).
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Figure 7: Intensity and pitch contour of fear.
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Figure 8: Intensity and pitch contour of tiredness.

Feature 43–54: mean, maximum, minimum, median,
range and variance of dZCR and d2ZCR.

Feature 55: speech rate (SR).

Feature 56–57: Pitch Jitter1 (PJ1), Pitch Jitter2 (PJ2).

Feature 58–61: 0–250HzEnergyRatio (ER), 0–650Hz
ER, and 4 kHz above ER and Energy Shimmer (ESH).
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Figure 9: Intensity and pitch contour of anger.
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Figure 10: Intensity and pitch contour of neutrality.

Feature 62–65:Voiced Frames (VF),Unvoiced Frames
(UF), UF/VF, and VF/(UF+VF).

Feature 66–69: Voiced Segments (VS), Unvoiced Seg-
ments (US), US/VS, and VS/(US+VS).

Feature 70-71: Maximum Voiced Duration (MVD),
Maximum Unvoiced Duration (MUD).
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Figure 11: Intensity and pitch contour of confidence.

Feature 72–77: mean, maximum, minimum, median,
range, and variance of Harmonic-to-Noise Ratio
(HNR).

Feature 78–95: mean, maximum, minimum, median,
range, and variance of HNR (0–400Hz, 400–2000
Hz, and 2000–5000Hz).

Feature 96–119: mean,maximum,minimum,median,
range, and variance of 1st formant frequency (F1), 2nd
formant frequency (F2), 3rd formant frequency (F3),
and 4th formant frequency (F4).

Feature 120–143: mean, maximum, minimum, me-
dian, range, and variance of dF1, dF2, dF3, and dF4.

Feature 144–167: mean, maximum, minimum, me-
dian, range, and variance of d2F1, d2F2, d2F3, and
d2F4.

Feature 168–171: Jitter1 of F1, F2, F3, and F4.

Feature 172–175: Jitter2 of F1, F2, F3, and F4.

Feature 176–199: mean, maximum, minimum, me-
dian, range, and variance of F1, F2, F3, and F4 Band-
width.

Feature 200–223: mean, maximum, minimum, me-
dian, range, and variance of dF1 Bandwidth, dF2
Bandwidth, dF3 Bandwidth, and dF4 Bandwidth.

Feature 224–247 mean, maximum, minimum, me-
dian, range, and variance of d2F1 Bandwidth, d2F2
Bandwidth, d2F3 Bandwidth and d2F4 Bandwidth.

Feature 248–325: mean, maximum, minimum, me-
dian, range, and variance of MFCC (0–12th-order).
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Figure 12: Feature distribution over various emotional states.

Feature 326–403: mean, maximum, minimum, me-
dian, range, and variance of dMFCC (0–12th-order).
Feature 404–481: mean, maximum, minimum, me-
dian, range, and variance of d2MFCC (0–12th-order).

3.2. Feature Selection Based onMIC. In this section we intro-
duce the feature selection algorithm in our speech emotion
classifier. Feature selection algorithms may be roughly clas-
sified into two groups, namely, “wrapper” and “filter.” Algo-
rithms in the former group are dependent on the specific clas-
sifiers, such as sequential forward selection (SFS). The final
selection result is dependent on a specific classifier. If we re-
place the specific classifier, the results will change. In the
second group, feature selection is done by a certain evaluation
criteria, such as FisherDiscriminant Ratio (FDR).The feature
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Figure 13: The arousal and the valence dimensions of emotions.

selection result achieved in this type of method is not de-
pendent on specific classifiers and bears a better generality
across different databases.

Maximal information coefficient (MIC) based feature se-
lection algorithm falls into the second group. MIC is a new
statistic tool that measures linear and nonlinear relationships
between paired variables, invented by Reshef et al. [14].

MIC is based on the idea that if a relationship exists
between two variables, then a grid can be drawn on the scat-
terplot of the two variables that partitions the data to encap-
sulate that relationship [14]. We may calculate the MIC of a
certain acoustic feature and the emotional state by exploring
all possible grids on the two variables. First, we compute
for every pair of integers (𝑥, 𝑦) that largest possible mutual
information achieved by any 𝑥-by-𝑦 grid [14]. Second, for a
fair comparison we normalize these MIC values between all
acoustic features and the emotional state. Detailed study of
MIC may be found in [14].

Since MIC can treat linear and nonlinear associations at
the same time, we do not need tomake any assumption on the
distribution of our original features. Therefore it is especially
suitable for evaluating a large number of emotional features.
Based on a large number of basic features as described in
Section 3.1, we apply MIC to measure the contribution of
these features in correlation with emotion states. Finally a
subset of features is selected for our emotion classifier.

4. Recognition Methodology

4.1. Baseline GMM Classifier. The Gaussian mixture model
(GMM) based classifier is the state-of-the-art recognition
method in speaker and language identification. In this paper
we built the baseline classifier using Gaussianmixturemodel,
and we may compare the baseline classifier with the online
learning method.
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GMM may be defined by the sum of several Gaussian
distributions:
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Emotion classification can be done by maximizing the
posterior probability:
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Due to the different types of emotions among the datasets,
we unify the emotional datasets by categorizing them into
positive and negative regions in the valence and arousal di-
mensions, as shown in Figure 13. We may verify the ability of
the emotion classifier by classifying the emotional utterances
into different regions in the valence and arousal space.

4.2. Online LearningUsingAdaBoost. While the offlineGMM
classifier is trained using EM algorithm, the online training
algorithmusingAdabBoost will be introduced in this section.
AdaBoost is a powerful algorithm in assemble learning [16].
The belief in this AdaBoost is that weak classifiers may be
combined into a powerful classifier. Multiple classifiers
trained on randomly selected datasets perform quiet differ-
ently from each other on the same testing dataset; therefore,

we may reduce the misclassification rate by a proper decision
fusion rule.

AdaBoost algorithm consists of several iterations. In each
iteration, a new training set is selected for a new weak clas-
sifier. A weight is assigned to the new weak classifier. Based
on the testing results of the newweak classifier, the weights of
all the data samples are modified for the next iteration. At the
final step the assembled classifier is achieved by combination
of themultipleweak classified through aweighted voting rule.

Let us suppose the current training set is [17]
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The error rate of the new weak classifier is

𝑒 = ∑
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where 𝑐(𝑠
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) is the classification result and 𝑦
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is the class label.

The fusion weight assigned to each classifier is defined by the
error rate:

𝛼 = ln((1 − 𝑒)
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) . (9)

At the beginning of the algorithm, each sample is assigned
by equal weight. During the iteration, the sample weights are
updated:
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At the arrival of the new data, assuming that we know
the label information for each sample, pretrained classifiers
from the offline data are used as initial weak classifiers. Ada-
Boost algorithm is applied to the new online data, and fusion
weights are reassigned to the offline trained classifiers.

At the first𝑚 initial iterations,𝑚 pretrained classifiers are
used as the weak classifiers and added to the final ensemble
classifier, instead of training new weak classifiers from the
randomly selected dataset. After the𝑚 initial iterations, new
weak classifiers are trained from the new online data and
added to the final ensemble classifier in the AdaBoost
algorithm.

The major difference between the online training and the
offline training is the data used for learning. Offline train-
ing uses large acted data, while online training uses small and
natural data. Offline training is independent of the online
training and ready to use, while the online training is depen-
dent on the offline training and only retrains the existing
model to fit specific purposes, such as to tune on a large
number of speakers. The purpose of online training is to
quickly adapt the existing offline model to a small amount
of new data.
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5. Experimental Results

In our experiment, the offline training is carried out on the
acted basic emotion dataset. The speaker-independent data-
set and the elicited practical emotion dataset are used for the
online training and the online testing. Although the datasets
used in online testing are preprocessed utterances rather than
real time online data, our experiments still provide a simu-
lated online situation. We divide dataset 2 and dataset 3 into
smaller sets, dataset 2a and dataset 2b, which are used as the
simulated online initialization.

Speech utterances from different sources are organized
into several datasets, as shown in Table 2.

The online learning algorithm is verified both on the
speaker-independent data and the elicited data. The results
are shown in Table 4. A large number of speakers bring dif-
ficulties in modeling emotional behavior, since emotion
expression is highly dependent on individual habit and per-
sonality. By extending the offline trained classifier to the
online data that contains a large number of speakers, we
improved the generality of our SER system. The elicited data
is collected in a cognitive experiment that is more close to
the real world situation. During the cognitive task emotional
speech is induced. We observed that the different nature
between the acted data and the induced speech during a
cognitive task caused a significant decrease of the recognition
rate. By using the online training technique we may transfer
the offline trained SER system to the elicited data. Extending
our SER system to different data sources may bring emotion
recognition closer to real world applications.

The major challenge in our online learning algorithm is
how to combine the existing offline classifier and efficiently
adapt the model parameters to a small number of new online
data. We adopted the incremental learning idea and solved
this problem by modifying the initial stage in the AdaBoost
framework. One of the contributions of our online learning
algorithm is that we may reuse the existing offline training
data and make the online learning stage more efficiently. We
make use of a large amount of available offline training data
and only require a small amount of data for online training,
as shown in Table 3. The weight of each weak classifier is an
important parameter. The proposed method may be further
improved by using fuzzy membership function to evaluate
the confidence in GMM classifiers and reestimate the weight
of each weak classifier.

6. Discussions

Acted data is often considered not suitable for real world
applications. However, traditional researches have been fo-
cused on the acted emotion speech, andmany acted databases
are available. How to transfer an SER system that trained on
the acted data to the new naturalistic data in real world is an
unsolved challenge.

Many feature selection algorithms may be applied to SER
system. MIC is a newly proposed and powerful algorithm for
exploring nonlinear relationship between variables.

AdaBoost is a popular algorithm to ensemble multiple
weak classifiers to establish a strong classifier. By applying

Table 3: Selected datasets for online and offline experiments.

Datasets index Data source Number of
utterances Purpose of use

Dataset 1 Acted speech 12000 Offline training

Dataset 2a Speaker
independent 1000 Online training

Dataset 2b Speaker
independent 10000 Testing

Dataset 3a Elicited speech 1000 Online training
Dataset 3b Elicited speech 5000 Testing

Table 4: Online and offline experimental results.

Experiment
index

Offline
training set

Online
training set Testing set Classification

result %
Experiment 1 Dataset 1 N/A Dataset 2b 63.3%
Experiment 2 Dataset 1 Dataset 2a Dataset 2b 75.6%
Experiment 5 Dataset 2a N/A Dataset 2b 70.0%
Experiment 3 Dataset 1 N/A Dataset 3b 61.2%
Experiment 4 Dataset 1 Dataset 3a Dataset 3b 73.1%
Experiment 6 Dataset 3a N/A Dataset 3b 68.5%

AdaBoost in the online occasion, we train multiple weak
classifiers based on the newly arrived online data. The offline
pretrained classifiers are used for initialization. We may ex-
plore other incremental learning algorithms in the future
work.
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