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Abstract

The overall recognition rate will reduce due to the increase of emotional confusion in multiple speech emotion
recognition. To solve the problem, we propose a speech emotion recognition method based on the decision tree
support vector machine (SVM) model with Fisher feature selection. At the stage of feature selection, Fisher criterion
is used to filter out the feature parameters of higher distinguish ability. At the emotion classification stage, an
algorithm is proposed to determine the structure of decision tree. The decision tree SVM can realize the two-step
classification of the first rough classification and the fine classification. Thus the redundant parameters are
eliminated and the performance of emotion recognition is improved. In this method, the decision tree SVM
framework is firstly established by calculating the confusion degree of emotion, and then the features with higher
distinguish ability are selected for each SVM of the decision tree according to Fisher criterion. Finally, speech
emotion recognition is realized based on this model. The decision tree SVM with Fisher feature selection on CASIA
Chinese emotion speech corpus and Berlin speech corpus are constructed to validate the effectiveness of our
framework. The experimental results show that the average emotion recognition rate based on the proposed
method is 9% higher than traditional SVM classification method on CASIA, and 8.26% higher on Berlin speech
corpus. It is verified that the proposed method can effectively reduce the emotional confusion and improve the
emotion recognition rate.

Keywords: Speech emotion recognition, Emotional confusion, Decision tree SVM algorithm, Feature selection,
Fisher criterion

1 Introduction
In recent years, speech emotion recognition has been
widely applied in the field of human-computer inter-
action [1–3]. Emotion recognition helps machine
understand and learn human emotions. However, the
performance of the emotion recognition is still far from
the expectation of researchers. In speech emotion rec-
ognition, there are mainly two difficulties [4] that are
how to find effective speech emotion features, and how
to construct a suitable speech emotion recognition
model. In previous studies, some effective feature pa-
rameters were extracted for emotional recognition
tasks. Zhao et al. adopted the pitch frequency,
short-term energy, formant frequency, and chaotic

characteristics to construct 144 dimensional emotion
feature vector for recognition [5]. Cao et al. combined
the feature parameters such as energy, zero crossing
rate, and first-order derivative for speech emotion rec-
ognition, and encouraging results were obtained in
comparison with other methods [6]. In [7], the first 120
Fourier coefficients of the speech signal were extracted,
and the recognition rate of 79.51% was obtained using
Germany Berlin speech emotion database with 6 emo-
tions. In [8], some new harmonic and Zipf-based fea-
tures for better speech emotion characterization in the
valence dimension were proposed for better emotional
class discrimination. In [9], Prosody features and voice
quality information were combined in emotion recogni-
tion. The methods mentioned above improve the per-
formance of emotion recognition by feature fusion.
However, feature fusion may lead to high dimension
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and redundancy of features, so it is vital to filter out the
characteristic parameters of higher distinguish ability.
Fisher criterion is a classical linear decision method, which
can achieve satisfying results in selecting features. Huang
et al. used the Fisher discriminant coefficient to screen out
10 dimensional features from 84 dimensional features for
the identification of 5 emotions [10], which increased the
emotion recognition by 8%.
To further improve the performance of speech emo-

tion recognition, an effective emotion recognition
model needs to be constructed. Currently, some clas-
sifiers are extensively used in speech emotion recog-
nition, including Gaussian mixture model (GMM)
[11], artificial neural network (ANN) [12], support
vector machine (SVM), etc. Among them, the SVM
has a unique advantage in solving nonlinear, small
sample, and high dimensional pattern recognition
problems, so it is widely used in speech emotion rec-
ognition [13, 14]. In [15], Zhang et al. proposed an
improved leaping algorithm to optimize the SVM
classifier, and this algorithm was applied to speech
emotion recognition. In [16], an integrated system of
hidden Markov model (HMM) and SVM, combining
advantages on capability of dynamic time warping of
HMM and pattern recognition of SVM, had been pro-
posed to implement emotion classification, which
achieved an 18.3% improvement compared to the
method using HMM in the experiment of speaker in-
dependent emotion classification. Work in [17] ap-
plied the GMM-MAP/SVM generative models and
discriminative models to speech emotion recognition,
which increased the average emotion recognition by
6.1% compared to the method using SVM. In
addition, the binary decision tree SVM recognition
model had also been applied to multiple emotion rec-
ognition, which obtained good performance [18, 19].
In our study, we found that the statistical variables

of multi frames emotional features were better than
emotional features extracted by frame in emotion rec-
ognition. Due to the diversity of information repre-
sented by different features, combining various
features can achieve better performance, which has
become the current research hotspot [20–22].

Besides, in multiple emotion recognition, based on
the ability of various features to discriminate emo-
tional types, we can filter out an optimal feature set
to eliminate the redundant parameters.
The overall recognition rate will reduce due to the in-

crease of emotional confusion in multiple speech emo-
tion recognition. Inspired by the above methods, for
multiple speech emotion recognition, we proposed a
speech emotion recognition method based on the deci-
sion tree SVM model with Fisher feature selection. In
this method, a high-performance decision tree SVM
classifier is established by calculating the degree of
emotional confusion, to realize the two step classifica-
tion of the first rough classification and the fine classifi-
cation. For each of decision tree SVM, we filter out the
feature parameters of higher distinguish ability by
Fisher criterion to gain an optimal feature set. Finally,
this model is used for speech emotion recognition.
Thus, a better emotional classification performance can
be obtained.
The contributions made in this paper include (1)

adopt Fisher criterion to remove the redundant fea-
tures to improve emotion recognition performance;
(2) propose an algorithm to determine the structure
of decision tree dynamically, and construct the sys-
tem frameworks on the CASIA Chinese speech emo-
tion corpus and the EMO-DB Berlin speech corpus;
and (3) combine Fisher criterion with decision tree
SVM, and adopt genetic algorithm to optimize the
parameters of SVM to further improve the emotion
recognition rate.
The rest of this paper is organized as follows. In

Section 2, we present the idea of decision tree SVM
model with Fisher feature selection. Section 3 intro-
duces the experiment and the analysis of results. In
Section 4, we summarize our paper and discuss the
future work for speech emotion recognition.

2 Decision tree SVM model with Fisher feature
selection
2.1 Emotion features
To effectively recognize emotions from speech sig-
nals, we need to extract some feature parameters

Fig. 1 Construction flow chart of decision tree SVM with feature selection
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that can reflect the emotional information in the
speech signal, and then use these parameters to train
the model which is used for the emotion recognition.
The quality of selected feature parameters affects the
recognition rate of the system directly. Traditional
speech features used for emotion recognition tasks
are mainly divided into prosodic features, spectrum-
based features, and voice quality features [23]. The
prosodic features include speech rate, pitch period,
amplitude energy, etc. The spectrum-based features in-
clude linear predictor coefficient (LPC), Mel-frequency
cepstral coefficient (MFCC), etc. The voice quality fea-
tures include formant frequency and glottis parameters.
In addition, some basic parameters, such as Fourier co-
efficients [24, 25], are often used in speech emotion
recognition.
Feature parameters are usually extracted by frame.

Since a single frame contains less information, most
researchers use feature parameters to calculate stat-
istical variables in multiple frames for emotion rec-
ognition tasks. In this paper, five kinds of features
are adopted, including MFCC, energy, Fourier coeffi-
cients, pitch frequency, and zero-crossing rate, and
five statistical variables (i.e., maximum, minimum,
mean, standard deviation, and median) of multi-
frame features are calculated and applied to recogni-
tion tasks.

2.2 Support vector machine model
Support vector machine (SVM) proposed in the
1990s is a kind of machine learning method which
is applied in many areas. For the nonlinear separ-
able problem, its basic idea is that the input space

is mapped into a high dimensional feature space
by nonlinear transformation, and the optimal hy-
perplane is found in the new space. The optimal
hyperplane not only needs to ensure that different
categories can be discriminated correctly, but also
the maximum categorization interval between them
should be promised. Thus, the generalization cap-
ability of the support vector machine is stronger.
In another word, looking for a hyperplane with a
maximum interval is the goal of training SVM.
The target function corresponding to the nonlinear

separable support vector machine is given by:

min
1
2
ωTωþC

XN
i¼1

ξ i

 !
ð1Þ

s:t: yi ω
Txi þ b

� �
≥1−ξ i; ξ i≥0; i ¼ 1; 2;…;N

where ω represents the weight coefficient vector, and b
is a constant. C denotes the penalty coefficient to con-
trol the penalty degree for misclassified samples and
balance the complexity of the model and loss error.
ξi represents the relaxation factor to adjust the number
of misclassified samples that allowed exit in the process
of classification.
When the SVM is used to solve the classification

problems, two strategies can be adopted. One is
ONE-TO-ALL, and another is ONE-TO-ONE. Accord-
ing to previous studies, ONE-TO-ONE classification
strategies have an advantage in speed [26]. Therefore,
the paper uses the ONE-TO-ONE strategies. Kernel
functions are the key for SVM. The kernel functions
commonly used include linear kernel function, polyno-
mial kernel function, radial basis function (RBF), and
multilayer perceptron kernel function. Based on the
previous experiments, the best RBF kernel function is
used in this paper.

2.3 Construction strategy of decision tree SVM
In multi-classified emotion recognition, the overall
recognition rate is reduced due to the increase of
confusion between emotions. To solve this problem,
this paper establishes a decision tree SVM by calcu-
lating the degree of emotional confusion, and uses
the decision tree SVM as a classifier for speech emo-
tion recognition.

Table 1 Recognition confusion matrix of six emotions (%)

Emotions Angry Happy Fear Neutral Surprise Sad

Angry 77 8 1 1.5 11 1.5

Happy 7 70.5 3 2.5 14.5 2.5

Fear 2 3 56 2.5 2 34.5

Neutral 0.5 2.5 2.5 92 1.5 1

Surprise 11.5 8 3 1 76.5 0

Sad 1 4 29 2 0 64

Table 2 Confusion degree of six emotions (%)

Emotions Angry Happy Fear Neutral Surprise

Happy 7.5 – – – –

Fear 1.5 3 – – –

Neutral 1 2.5 2.5 – –

Surprise 11.25 11.25 2.5 1.25 –

Sad 1.25 3.25 31.75 1.5 0

Table 3 Confusion degree between angry, happy, and surprise
(%)

Emotions Angry Happy

Happy 9 –

Surprise 12 11.5
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At first, we defined E = {e1, e2, e3,…, en} as the emo-
tional state set, where the number of the state is n.
Defined the confusion degree between the ith emo-
tion ei and the jth emotion ej is Ii, j, which represents
the average of the probability that the ith emotion is
misjudged as the jth emotion and the jth emotion is
misjudged as the ith emotion [27]. The formula is
given by:

Ii; j ¼
P r ¼ jjx∈eið Þ þ P r ¼ ijx∈e j

� �
2

ð2Þ

where x represents the test sample, and r represents the
result of classification corresponding to x.
The proposed decision tree SVM algorithm is as follows:

(a) Calculate the emotional confusion matrix using
traditional SVM method, only the MFCC parameters
are used to train SVM.

(b) Set an appropriate initial threshold P at primary
classification. The emotions in which the confusion
degree exceeds the threshold P are classified into a
same group. If Ia, b > P, a and b will be divided into
one group. If Ia, b > P, Ib, c > P, a, b, and c will be
divided into one group. If the confusion degree
between a certain emotion and other emotions is
less than the threshold, this certain emotion will be
grouped separately.

(c) Calculate the confusion degree between ungrouped
emotions and other emotions according to Eq.
(2), and then move to step (b) to divide the
ungrouped emotional states into existing groups
or a new group.

(d) Calculate the number of emotional states in each
group. If the number is greater than 2, the
threshold needs to be increased by P, and move to
step (a); otherwise, move to step (e).

(e) All emotions are categorized and ended.

Fig. 2 System framework for CASIA

Fig. 3 Average recognition rate of SVMs with different feature dimensions
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In this section, we introduce an algorithm to obtain
the decision tree SVM model. This algorithm can de-
termine the depth of decision tree dynamically, which
means the decision tree structure of various corpus is
different. At first, we need to decide the initial thresh-
old P based on a large number of comparison experi-
ments. After determining the initial threshold, the
threshold of the remaining layer is also determined.
For the second layer, the threshold is 2P. For the third
layer of decision tree, the threshold is 3P, and so on.
When the threshold of each layer is determined, the
emotional states can be classified. When the confu-
sion degree between emotions is greater than the
threshold in this layer, these emotions are divided
into a same group. If their confusion degree is below
the threshold, these emotions need not be grouped,
but are directly classified by the SVM in this layer. In
this way, various corpus can obtain the optimal struc-
ture of decision tree model.

2.4 Feature selection strategy for decision tree SVM
In order to improve the recognition rate of multiple
classification speech emotion recognition, we
propose a speech emotion recognition method based
on the decision tree SVM model and Fisher feature
selection. In this method, the speech signal is pre-
processed by pre-emphasize and framing, and the

MFCC coefficients of the speech signal are extracted.
Then, the confusion matrix between emotions is ob-
tained by using MFCC coefficient and traditional
SVM, and the confusion degree between emotions is
calculated based on the confusion matrix. Finally,
the decision tree SVM is constructed based on con-
fusion degree and the strategy of decision tree SVM.
When the SVM decision tree is constructed, Fisher
discriminant coefficient can be obtained by calculat-
ing the mean and variance of each dimension feature
parameters. Feature parameters of higher distinguish
ability are selected for each SVM in the decision tree
according to the Fisher discriminant coefficient,
which is used for training. The specific flow chart is
shown in Fig. 1.
In speech emotion recognition, due to the differ-

ence in the ability to discriminate emotional states
for various features, it is vital to select appropriate
features to discriminate different sets of emotions.
In an ideal feature space, the distance between dif-
ferent categories should be as large as possible, and
the distance between the same categories should be
as small as possible, so that we can classify effect-
ively. For the feature selection of the extracted fea-
tures, the mean and variance of the feature are used
as a criterion to measure the characteristics of the
feature. Assume that the feature matrix FP of Pth
emotion is given by:

Fig. 4 Comparison of speech emotion recognition rates

Table 4 Average recognition rate of three methods on CASIA

Methods Traditional SVM without
feature selection

Decision tree SVM without
feature selection

Decision tree SVM
with PCA

Decision tree SVM with
Fisher feature selection

Average recognition rate (%) 74.75 75.67 78.08 83.75
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FP ¼

XP
11 XP

12 XP
13 XP

14 XP
15 XP

16 … XP
1N

XP
21 XP

22 XP
23 XP

24 XP
25 XP

26 … XP
2N

XP
31 XP

32 XP
33 XP

34 XP
35 XP

36 … XP
3N

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋱ ⋮
XP

M1 XP
M2 XP

M3 XP
M4 XP

M5 XP
M6 … XP

MN

2
66664

3
77775

ð3Þ

where M and N are the number and the dimension of
the feature parameters respectively. T id ¼ fXi

1d;X
i
2d;

Xi
3d;…;Xi

Mdg represents the set of the d-dim feature of
the ith type emotion. For the d-dim feature, the Fisher
discriminant coefficient is defined as:

f dð Þ ¼ μ1d−μ2dð Þ2
σ2
1d þ σ22d

ð4Þ

where μidand σ2
id denote the mean and variance of the

vector Tid respectively. The size of Fisher discrimin-
ant coefficient can reflect the degree of dissimilarity
between different classes and the similarity between
the same classes. For distinguishing emotional states,

the larger the Fisher discriminant coefficient of the
feature is, the greater the emotion contribution the
feature makes. For multiple classifications, Fisher’s
discriminant coefficient is calculated as:

f dð Þ ¼ 1

∁2Q

X
0<i< j≤Q

μid−μjd
� �2

σ2id þ σ2jd
ð5Þ

where Q is the total number of emotional states.

3 Experiments
In this paper, to evaluate the effectiveness of pro-
posed method, two different corpus are employed:
the CASIA Chinese speech emotion corpus and the
EMO-DB Berlin speech corpus. The CASIA Chinese
speech emotion corpus is recorded and provided by
the institution of Automation, Chinese Academy of
Sciences. The CASIA corpus contains six kinds of
basic emotions: Angry, Happy, Fear, Neutral,

Fig. 5 Comparison of speech emotion recognition rates

Table 5 Emotional confusion matrix of EMO-DB (%)

Emotions Angry Happy Boring Neutral Sad Fear Disgust

Angry 73.6 17.1 0.8 1 0.6 1.5 5.4

Happy 6.4 67.9 0.9 0.8 0 15 9

Boring 2 1.1 81.5 4.6 6 1.2 3.6

Neutral 0.9 1.2 1.5 91.7 2 1.5 1.2

Sad 0.8 0 10 1.5 85.6 2.1 0

Fear 9.5 1.2 3 0.7 5.4 79.2 1

Disgust 10.8 1 2 4 0 5 77.2

Table 6 Confusion degree of seven emotions (%)

Emotions Angry Happy Boring Neutral Sad Fear

Happy 11.75 – – – – –

Boring 1.4 1 – – – –

Neutral 0.95 1 3.05 – – –

Sad 0.7 0 8 1.75 – –

Fear 5.5 8.1 2.1 1.1 3.75 –

Disgust 8.1 5 2.8 2.6 0 3
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Surprise, and Sad. The EMD-DB consists of seven
basic emotions: Angry, Happy, Fear, Neutral, Boring,
Disgust, and Sad. The EMO-DB corpus consists of
535 speech utterances, and all of these utterances
are used in the experiments. The experiments car-
ried out in this paper are all based on a tenfold
cross-validation method. In other words, the samples
are randomly divided into ten parts equally, among
which 9/10 of samples are used for training and 1/10
of samples are used for testing. The experiment is
repeated ten times, and the final recognition result is
the average of these results. This paper selects SVM
as an emotion recognition model and uses the
LIBSVM toolbox developed by Professor Lin Zhiren
of Taiwan University to realize the training and test-
ing of SVM. The development tool of Matlab2013a is
adopted to extract emotion features, and LIBSVM is
installed in the environment of Visual Studio 2010.
Before extracting the parameters of the speech sig-

nal, this paper first performs endpoint detection on
the speech signal, and the speech signal is framed
with the frame length of 256 points and the frame
shift of 128 points. The feature parameters of the ex-
periment include the first 160 Fourier coefficients,
the amplitude energy, the pitch frequency, the zero
crossing rate, the 24 order MFCC, and the
first-order difference. The statistical variables in-
clude the maximum, the minimum, the mean, the
median, and the variance. In addition, all 1055 di-
mensional feature parameters are normalized.

3.1 CASIA Chinese speech emotion corpus
3.1.1 Decision tree SVM model for CASIA
According to the proposed decision tree SVM algo-
rithm, the emotional confusions among emotions
need be calculated, and the confusion matrix of six
emotions is shown in Table 1, using MFCC parame-
ters and traditional SVM. According to Eq. (2), the

confusion degree among emotions is calculated,
which is shown in Table 2. The initial threshold P is
set to 7% by a large number of experiments using
CASIA corpus (the solution of optimal initial thresh-
old will be introduced in Section 3.3). From Table 2,
we can find that the confusion degree between
Angry and Surprise is 11.25%, while that of Happy
and Surprise is 11.25%. Both of them are more than
7% of the initial classification threshold. According
to the decision tree SVM construction algorithm,
Angry, Happy, and Surprise are divided into the first
group. The confusion degree between Fear and Sad
is 31.75%, so Fear and Sad are divided into the sec-
ond group. Since the confusion degree between Neu-
tral and other emotions is less than 7%, Neutral is
classified into the third group. At this point, the
SVM, which implement the three major classifica-
tions, is recorded as SVM1.
According to step d in the decision tree SVM con-

struction algorithm, Angry, Happy, and Surprise need
reclassified. The confusion degree between these emo-
tions is obtained by the construction algorithm as
shown in Table 3. As shown in Table 3, the value of
confusion degree between Angry and Surprise is 12%,
that of Happy and Surprise is 11.5%, and that of Happy
and Angry is 9%. All of them are lower than the
threshold which is 14% in second time classification.
So we use SVM to classify these three basic emotional
states directly, and the SVM is recorded as SVM2. The
SVM that is used to classify the second group (Fear
and Sad) is recorded as SVM3. Meanwhile, each SVM
adopts one-to-one strategy and radial basis kernel
functions. Finally, the SVM decision tree can be ob-
tained, as shown in Fig. 2.

3.1.2 Feature selection by Fisher criterion
In feature selection, in order to screen out the feature
parameters of higher distinguish ability from 1055
dimensional feature parameters to train the SVM in
decision tree, the Fisher coefficients of each dimen-
sional features are calculated. And then, the Fisher
coefficients are ordered from largest to smallest, and
features with larger Fisher coefficients are selected.
For SVM1, the first 100 to 1000 dimensional (step
size is 100) features with the larger Fisher coefficient
is tested for the 3 basic emotional states, and the
average recognition rates are shown in Fig. 3. It can
be seen that the average recognition rate gradually in-
creases when the dimensionality of the features se-
lected ranges from 100 to 500 for SVM1. And when
the dimension is higher than 500, the average recog-
nition rate is reduced. That is, when using 500 dimen-
sional features with the larger Fisher coefficient, the
average recognition rate is the highest, which can

Table 7 Confusion degree between angry, happy, fear, and
disgust (%)

Emotions Angry Happy Fear

Happy 13.85 – –

Fear 6.7 12.4 –

Disgust 2 8.4 1.8

Table 8 Confusion degree between angry, happy, and fear (%)

Emotions Angry Happy

Happy 16.45 –

Fear 10.27 11.85
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reach 95.06%, even higher than the average recogni-
tion rate (90.67%) using all 1055 dimensional features.
Thus, we select the first 500 dimensional feature pa-
rameters to train SVM1. Similarly, in the same way,
the first 500 dimensional feature parameters with the
highest correct recognition rate can be selected to
train SVM2. For SVM3, which distinguishes Fear and
Sad, we select the top 200 dimensional features with
the highest correct recognition rate as the feature pa-
rameters to train SVM3.

3.1.3 Comparison results on CASIA
To verify the validity of the proposed method for speech
emotion recognition, we conduct two comparison

experiments. The first experiment is used to verify the
effectiveness of our feature selection method, and the
second experiment is used to verify the superiority of
decision tree SVM model.

1. We compared our method with two other feature
selection methods, the decision tree SVM with 1055
dimensional features and the decision tree SVM model
with PCA dimension reduction method. In our
experiment, 1055 dimensional alternative features
are used as feature parameters, and the decision tree
SVM mentioned in this paper are used as speech
emotion recognition classifier. The recognition rates
of various emotions are shown in Fig. 4. Except for a
slight drop in surprise using our method compared

Fig. 7 Average recognition rate of SVM4 with different feature dimensions

Fig. 6 System framework for EMO-DB

Sun et al. EURASIP Journal on Audio, Speech, and Music Processing          (2019) 2019:2 Page 8 of 14



with the decision tree SVM with 1055 dimensional
features, all other emotional recognition rates
have been improved and the overall recognition
rate is improved. The results in Table 4 show that
the average recognition rate of decision tree SVM
without feature selection is 75.67%. When Fisher
criterion is used to our framework, the average
recognition rate is increased to 83.75%, which is
9% higher than traditional SVM without feature
selection (average recognition rate 74.75%) and

8.08% higher than decision tree SVM without feature
selection. Moreover, after the feature selections,
the dimensionality of feature is reduced, and the
computational complexity of the recognition
system dropped as well.
In this experiment, we also compared the PCA
dimension reduction method with Fisher criterion
feature selection method, where the decision tree
SVM is used as a classifier. When the principal
component analysis (PCA) method is used to reduce

Fig. 9 Average recognition rate of SVM6 with different feature dimensions

Fig. 8 Average recognition rate of SVM5 with different feature dimensions
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the dimensionality of feature parameters, the feature
parameters with a dimensionality of 104 are used for
experiments. The experiment results show that the
method based on Fisher criterion is more effective
than the method based on PCA dimension reduction.
The reason for higher recognition rate is the features
that can better discriminate emotional states in some
cases are remained by Fisher criterion, and features
with lower distinguish ability are excluded. Therefore,
the overall recognition improved greatly.

2. To verify the validity of the decision tree SVM model
for speech emotion recognition, we have made the

following comparison, as shown in Fig. 5. All of the
following methods are adopt Fisher feature selection
strategy to screen out the features with higher
distinguish ability. Four kinds of classifier are used
in experiment: traditional GMM, decision tree
GMM, traditional SVM, and decision tree SVM.
GMM refers to the linear combination of several
Gauss distribution functions, which can establish a
probability model for each kind of emotions and
achieve classification [28]. Traditional GMM is
trained with the same feature set as traditional
SVM, and the number of Gaussian components is

Fig. 10 Average recognition rate of SVM7 with different feature dimensions

Fig. 11 Average recognition rate of different feature selection methods
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set to 8. From Fig. 5, we can see that the average
recognition rate of traditional GMM is 76.77%,
which is close to that of traditional SVM. In
decision tree GMM method, GMM, like SVM, is
used to classify emotions at decision tree nodes,
and the features after Fisher selection are used to
train decision tree GMM. The average recognition
rate of decision tree GMM is 80.2%, which is
3.43% higher than that of traditional GMM. The
decision tree SVM can obtain better performance,
with an average recognition rate 83.75%, which is
3.55% higher than that of the decision tree GMM.
The results indicate that the decision tree framework
built by our algorithm can actually improve the
performance of speech emotion recognition. By
comparing with the result of three other classifiers,
the proposed method based on the decision tree
SVM can obtain better performance. The reason is
that using the decision tree SVM established by
the confusion degree, the confusable emotional
states are divided into one group, and then the fine
classification is conducted in this group. Hence,
the confusion between emotions is reduced and
the average recognition rate of all emotions is
improved. Compared with the result of decision
tree GMM, the proposed method based on the
decision tree SVM also achieves higher recognition

rate. SVM has excellent generalization ability and
high robustness, so decision tree SVM can achieve
better performance.

3.2 EMO-DB emotional corpus
3.2.1 System framework for EMO-DB
To verify the effectiveness of our proposed framework,
we also conduct experiments on Berlin database. Ac-
cording to construction strategy of decision tree SVM,
the confusion degree among emotions need be calcu-
lated. Tables 5 and 6 show the emotional confusion,
and the initial threshold P can be set to 6% (the solution
of the optimal initial threshold will be introduced in Sec-
tion 3.3). From Tables 5 and 6, we can know that the con-
fusion degree between Angry and Happy is 11.75%, while
that of Angry and Disgust is 8.1%, and Happy and fear is
8.1%. All of them are more than the initial classification
threshold, so Angry, Happy, Fear, and Disgust are divided
into the first group. For the rest of emotions, with the ex-
ception of Boring and Sad, all the emotional confusion de-
gree is below 6%, so Boring and Sad are divided into the
second group, and the Neutral is divided into the third
group.
Based on the algorithm proposed in Section 2.3, we

need to reclassify the emotions in first group, and
Table 7 shows the confusion degree among the first

Table 9 Average recognition rate of feature selection methods on EMO-DB (%)

Methods Traditional SVM without
feature selection

Decision tree SVM without
feature selection

Decision tree
SVM with PCA

Decision tree SVM with
Fisher feature selection

Average recognition rate (%) 78.6 79.64 83.48 86.86

Fig. 12 Average recognition rate of different classifiers
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group. According to the algorithm, the second level
threshold is 12%. So at this level, Happy, Fear, and
Angry are divided in a group, and the Disgust can be
separated out. In the third level, the threshold is set to
18%, as show in Table 8. All the confusion is below the
threshold, so the last three emotions are divided dir-
ectly. Finally, the decision tree SVM model can be ob-
tained, which is showed in Fig. 6.

3.2.2 Feature selection by Fisher criterion
In Section 2.4, Fisher feature selection method has
stated clearly that it is vital to select appropriate fea-
tures to discriminate different sets of emotions. In an
ideal feature space, the distance between different cat-
egories should be as large as possible, so that different
emotions can be classified easily. Figures 7, 8, 9, and 10
show the feature dimension that can achieve the best
performance for each SVM. For SVM4, Fig. 7 shows
the change of average recognition rates. When the fea-
ture dimension is 200, emotion recognition rate reaches
the highest performance, which is 98.29%. So, 200 di-
mensional features are used to train SVM4. In the same
way, we can obtain the best dimensionality for the rest
of SVM. For SVM5, SVM6, and SVM7, after the feature
selection, the features with lower Fisher coefficient are
removed, and finally 500 dimensional features are
remained. So the best feature dimension is 500 for
SVM5, SVM6, and SVM7.

3.2.3 Comparison results on EMO-DB
In this section, we also conduct two comparison exper-
iments on Berlin emotional speech corpus to prove the
effectiveness of our proposed framework. In the first
experiment, different feature selection methods are
used. The results in Fig. 11 and Table 9 show that
our proposed framework achieves an average recogni-
tion rate of 86.86%, that is 8.26% higher than
traditional SVM without feature selection (average
recognition rate 78.6%), a 7.22% improvement

compared to decision tree SVM without feature se-
lection, and a 3.38% improvement compared to deci-
sion tree SVM with PCA. Fisher feature selection
method can remove the features that are unrelated
with emotional information, so the recognition rate
can be improved, which has been proved by the ex-
periment results.
Figure 12 and Table 10 show the experiment re-

sults of different classifier model. Decision tree GMM
with Fisher feature selection can obtain an average recog-
nition rate of 84.06%, which is 5.61% higher than that of
traditional GMM. In our proposed framework, the
average recognition rate reach 86.86%, which is 6.2%
higher than traditional SVM with Fisher feature selec-
tion. Although the recognition rate of Boring and Sad
in our framework is slightly lower than the results of
decision tree GMM with Fisher feature selection, our
proposed framework can achieve better performance in
overall recognition. The experimental results in Table 10
also imply that our decision tree algorithm is effective
in improving the recognition rate.

3.3 The optimal initial threshold
In our algorithm, the structure of decision tree is de-
cided by the initial threshold P, as described in Sec-
tion 2.3. When the optimal initial threshold P is
determined, the structure of decision tree can be
uniquely determined. So it is necessary to determine
the optimal initial threshold first. Table 2 and Table 6
show the emotional confusion of CASIA Chinese
speech emotion corpus and EMO-DB Berlin speech
corpus respectively. From these tables, we know that
the initial threshold can range from 1 to 32% for
CASIA Chinese speech emotion corpus, and for the
EMO-DB Berlin speech corpus, the initial threshold
range is 1% to 12%. In our experiments, the threshold
step interval is set to 1%, and the threshold is in-
creased layer by layer in our decision tree construc-
tion algorithm. When some initial thresholds do not
change the classification results, same decision tree

Table 10 Average recognition rate of different classifiers on EMO-DB (%)

Methods Traditional GMM with
Fisher feature selection

Traditional SVM with
Fisher feature selection

Decision tree GMM with
Fisher feature selection

Decision tree SVM with
Fisher feature selection

Average recognition rate (%) 78.45 80.66 84.06 86.86

Table 11 Average recognition rate of different initial thresholds
on CASIA

Initial threshold 1%,
3%

2%, 4%,
6%

5%,
7~11%

12~31% ≥ 32%

Average recognition
rate (%)

76.15 83.65 83.75 81.53 76.12

Table 12 Average recognition rate of different initial thresholds
on EMO-DB

Initial threshold 1~5% 6% 7~8% 9~11% ≥ 12%

Average recognition rate (%) 86.39 86.86 84.36 83.73 80.47
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structure is obtained, which results in the same emo-
tion recognition rate. When other initial thresholds
change the classification results, different decision
tree structures are obtained, which may lead to differ-
ent emotion recognition rates.
We get the emotion recognition rate correspond-

ing to each threshold, as shown Table 11 and
Table 12. According to the results, the optimal ini-
tial threshold can be obtained. For CASIA Chinese
speech corpus, when the initial threshold is set to
5% or the value in 7~11%, we can achieve the best
emotion recognition performance. For the EMO-DB
Berlin speech corpus, the best performance can be
obtained when the initial threshold is set to 6%. In
our experiments, the optimal initial threshold is set
to 7% when CASIA Chinese speech corpus is used.
In the same way, the optimal initial threshold is set
to 6% when EMO-DB Berlin speech corpus is used.

3.4 SVM parameters optimization by genetic algorithm
In the training process of SVM, the penalty factor C
and kernel function parameter g have some effects on
the recognition results. The previous experiments of
the proposed method do not optimize these two pa-
rameters, so this part adopts the genetic algorithm
[29] to optimize the parameters of each SVM, and the
parameter values of each SVM are shown in Table 13.

Then, the optimized parameters are applied to the
feature selection decision tree SVM for experimenta-
tion. The results on two different corpus are shown in
Tables 14 and 15. The results show that using the op-
timized parameter speech emotion recognition system
can further increase the average recognition rate.
There is a 1.33% improvement on CASIA and a 0.69%
improvement on EMO-DB, which verified that the
speech emotion recognition performance can be fur-
ther improved by optimizing penalty factor C and ker-
nel function parameter g.

4 Conclusion
In order to find the best speech emotional features
and establish an effective recognition model in
speech emotion recognition, we propose a speech
emotion recognition method based on decision tree
SVM with Fisher feature selection. Based on the
strategy, we have constructed the system frameworks
on the CASIA Chinese speech emotion corpus and
the EMO-DB Berlin speech corpus. Firstly, the deci-
sion tree SVM framework is built by calculating the
degree of emotional confusion. Then according to
Fisher feature selection method, feature parameters
with higher distinguish ability are selected to train
each SVM in the decision tree. Thus, the feature di-
mension is reduced and the computational complex-
ity of the recognition system is decreased.
Experiments show that for speech emotion recogni-
tion, the decision tree SVM with feature selection
strategy proposed in this paper can achieve a recog-
nition rate of 83.75% on CASIA, which is 9% higher
than traditional SVM and 8.08% higher than decision
tree SVM without feature selection. The results ver-
ify that the feature selection method is very effective
for emotional recognition based on the proposed de-
cision tree SVM. The conclusion can also be verified
on Berlin speech corpus. Subsequently, when the
genetic algorithm is used to optimize the penalty
factor C and the kernel function parameter g for

Table 15 Emotion recognition rates of decision tree SVM with
parameter optimization and feature selection (EMO-DB) (%)

Emotions Angry Happy Fear Neutral Boring Sad Disgust

Angry 91.8 3.4 1.2 0.25 0.9 0.8 1.65

Happy 6.4 85 5.5 0.24 0.82 0.5 1.54

Fear 3.5 2.74 88.3 0.42 1.8 2.01 1.23

Neutral 1.2 2.75 0.81 94.5 0.14 0.3 0.2

Boring 2.1 1.85 1.74 0.9 89.85 1.85 1.71

Sad 0.57 1.5 2.4 1.5 8.4 83 2.45

Disgust 5.5 4.75 4.2 1.2 1.5 2.4 80.45

Average recognition rate 87.55

Table 13 Parameter values of each SVM after genetic algorithm
optimization

The name of SVM C g

SVM1 42.44 0.0591

SVM2 10.34 0.0162

SVM3 48.31 0.1068

SVM4 41.22 0.045

SVM5 8.71 0.02

SVM6 30.3 0.1

SVM7 28.54 0.12

Table 14 Emotion recognition rates of decision tree SVM with
parameter optimization and feature selection (CASIA) (%)

Emotions Angry Happy Fear Neutral Surprise Sad

Angry 90 5.5 0.5 1 3 0

Happy 2.5 88.5 1 1.5 6 0.5

Fear 1.5 2 74.5 0.5 1.5 20

Neutral 2 3.5 1.5 92.5 0 0.5

Surprise 5 4.5 1 0.5 87 2

Sad 0.5 1.5 18.5 0 1.5 78

Average recognition rate 85.08
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each SVM in the decision tree, the system can fur-
ther increase the average recognition rate of the six
emotions by 1.33% on CASIA.
From the experiment results, we can find that the con-

fusion between Fear and Sad on CASIA is still relatively
high. Therefore, it is necessary to carry out targeted re-
search on the two emotions types to search for more ef-
fective feature parameters in future study. At the same
time, we need to find more effective feature selection
strategies for feature selection.
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