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Abstract— Recognizing speech emotions is an important 
subject in pattern recognition. This work is about studying the 
effect of extracting the minimum possible number of features 
on the speech emotion recognition (SER) system.  In this paper, 
three experiments performed to reach the best way that gives 
good accuracy. The first one extracting only three features: 
zero crossing rate (ZCR), mean, and standard deviation (SD) 
from emotional speech samples, the second one extracting only 
the first 12 Mel frequency cepstral coefficient (MFCC) 
features, and the last experiment applying feature fusion 
between the mentioned features. In all experiments, the 
features are classified using five types of classification 
techniques, which are the Random Forest (RF), k-Nearest 
Neighbor (k-NN), Sequential Minimal Optimization (SMO), 
Naïve Bayes (NB), and Decision Tree (DT). The performance of 
the system validated over Surrey Audio-Visual Expressed 
Emotion (SAVEE) dataset for seven emotions. The results of 
the experiments showed given good accuracy compared with 
the previous studies using a fusion of a few numbers of features 
with the RF classifier.

Keywords— Speech emotion recognition, Minimum feature 
extraction, ZCR, 12 MFCC, Random forest.

I. INTRODUCTION

Emotions are essential part of human life [1]. They can 
be expressed through body language and speech [2]. Speech 
signals constitute 38% of the completely communicated 
emotions, hence the speech emotion recognition (SER) has 
attracted a great deal of carefulness in human computing [3]. 
It has been applied in many fields such as the medical field 
[4]. SER can be implemented through machine-learning 
methods that are composed of both speech feature extraction 
and classification [5]. To obtain better generalization, 
features should be well defined [6].

    This paper is about extracting the minimum possible 
number of features to show if it is possible to give a good 
accuracy to the SER and to reduce the effort and the 
complexity of extracting large number of features. Different 
classification techniques, which are Random Forest (RF), k-
Nearest Neighbor (k-NN), Sequential Minimal Optimization 
(SMO), Naïve Bayes (NB), and Decision Tree (DT) were 
applied. The best result was obtained from using RF 
classifier with feature fusion.

    This paper is ordered as follows, Section 2 describes 
the literature survey, Section 3 describes the proposed system 
including basic preprocessing operations, feature extraction, 
and classification, Section 4 describes the dataset used for 

this work, Section 5 describes the experimental evaluation, 
Section 6 is for the discussion, and Section 7 gives 
suggestion for future work.

II. Literature survey

The acoustic features principally classified as prosody, 
spectral and voice quality features [7]. Features like energy, 
pitch, and zero crossing rate (ZCR) considered prosody 
features, and linear predictive coding (LPC) and Mel 
frequency cepstral coefficient (MFCC) considered spectral 
features. Therefore to increase the performance of SER 
system, a fusion of various types of features technique is 
used [8], but from literature it is not possible to determine 
what types of features are best for recognizing emotions [9]. 
Also, there has been no agreement on the classifier type 
which is best to classify the emotion of the speech sample 
[10]. Therefore, in this work, different types of features were 
extracted, and different types of traditional classifiers were 
used; to reach to which one effectively classifies the emotion 
of the speech sample on Surrey Audio-Visual Expressed 
Emotion (SAVEE) dataset. A review to some of the most 
recent research work that was conducted from (2013) to 
(2018) that used the same dataset used for this work will be 
discussed.

 Salankar, et al. (2013) [11] This paper aimed to 
understand and estimate the six basic emotions defined by 
Paul Ekman in addition to neutral state from speech using 
SAVEE dataset. They did not mention any preprocessing 
steps. They explored 15 basic acoustic features and fed them 
to the classifier. Features extracted are intensity, pitch, 
standard deviation (SD), jitter, shimmer, autocorrelation, 
noise to harmonic ratio, harmonic to noise ratio, energy 
entropy block, short term energy, ZCR, spectral roll-off, 
spectral centroid and spectral flux, and formants different 
features. They made different experiments by using four 
types of classifiers, which are Neural Network (NN), NB, 
Classification Tree (CT), and k-NN. The higher recognition 
rate they obtained was using k-NN classifier.

 Farah Chenchah and Zied Lachiri (2014) [12] aimed to 
set up a SER system based on the wavelet packet energy and 
entropy features. They used SAVEE and the Interactive 
Emotional dyadic MOtion CAPture (IEMOCAP) datasets. 
They used framing only as preprocessing step. Feature 
extraction carried out using wavelet packet by partitioning 
the frequency axis analogous to the Mel, Bark and 
equivalent rectangular bandwidth (ERB) scale. The results 
showed that wavelet packet filter bank with ERB scale give 



better accuracy for both of datasets. They obtained 78.75% 
using SAVEE dataset and 50.06% using IEMOCAP dataset.  

Mahwish Pervaiz and Tamim Ahmed Khan (2016) [13] 
used feature fusion to increase accuracy of emotion 
recognition. They extracted pitch, energy and ZCR as 
prosodic features, MFCC and LPC as temporal features in 
the first stage, and linguistic features in the second stage. 
They proved that the classification mechanisms, if trained 
without considering age factor, do not help improving 
accuracy. They used three datasets for training and testing 
the model. These are SAVEE, Polish and a locally 
developed dataset of sky school Kindergarten Students’ 
Dataset (KSD).  

Fatemeh Noroozi, et al. (2017) [14] proposed SER 
method, where pitch, intensity, the first four formants, the 
first four formants bandwidths, mean autocorrelation, mean 
noise-to-harmonics ratio and SD, were used to recognize the 
emotional state. The proposed technique used RF to 
represent the speech signals, along with the DT approach, to 
classify them into different categories using SAVEE dataset.

In [15] Papakostas Michalis, et al. (2017) aimed to 
analyze speakers' emotions based on paralinguistic 
information. They compare two machine-learning 
approaches: a support vector machine (SVM), which trained 
on a set of 34 extracted features, and a convolutional neural 
network (CNN) that trained on a raw speech information. 
Windowing used as preprocessing step for both approaches, 
in addition to resizing the spectrogram for CNN. The 
datasets used were EMOVO, SAVEE, and EMOtional 
speech-DataBase (EMO-DB). The emotions represented 
from EMOVO and SAVEE datasets were the six basic 
emotions.  Seven emotions used from EMO-DB these are 
disgust, anger, happy, fear, sad, boredom, and neutral.

     Siddique Latif, et al., (2018) [16] exploited a transfer 
learning technique to improve the performance of SER 
systems. They used eGeMAPS feature set that contains 88 
features. Evaluations on five different datasets in three 
different languages show that deep belief network (DBN) 
offer better accuracy than previous approaches. Results also 
suggest that using a large number of languages for training 
and using a small fraction of the target data in training can 
enhanced the accuracy.

The main contribution to this work is using a minimum 
number of extracted features that could give accuracy higher 
than that mentioned in the previous works that used a higher 
number of extracted features on the same used dataset.

III.THE PROPOSED WORK

The detailed architecture of the proposed SER system 
appears in Fig. 1 that consists of data training and data 
testing, with the following main steps: preprocessing, 
feature extraction, feature fusion and finally classification.

A. Basic preprocessing operation
Pre-emphasis: The filter was applied to the signal 
for high-frequency amplification. It is useful in 
several ways such as balancing the spectrum 
because high frequencies are usually smaller than 
low frequencies, avoiding numerical problems 

during a Fourier transform, and may also improve 
the signal-to-noise ratio (SNR).
Framing: it was used to divide the signal into a 
sequence of frames to analyze each frame 
independently which then represented by a single 
feature vector. The frame block in this work is of 
length 512 with 50% overlapping between frames 
and sample frequency of 16000 Hz.  
Windowing: spectral features are not required to be 
extracted from all speech signals, because the 
spectrum changes very quickly. Instead, they can 
be extracted from a small window where it is 
assumed that the statistical characteristics of a 
signal does not change within the region. This is 
done by using a non-zero window in certain areas. 
Hamming window was used for this work to 
eliminate edges and excess silence periods that do 
not contain information.

Figure 1. The detailed structure of the proposed SER.



B. Feature extraction

     In the current study, MFCC features were extracted, as 
spectral features from each frame, and the ZCR, as prosodic 
feature from the original signal to find pause intervals. In 
addition to the SD to represent, the distribution of 
parameters and the mean that extracted because needed it to 
compute the SD. The last three features extracted from the 
original signal, and each one of them returns only a single 
value giving three features, while 12 MFCC extracted from 
each frame, and return two-dimensional values. Therefore, 
vector quantization (VQ) used to convert them to a 
unidimensional and then fused them with ZCR, mean and 
SD features in a single feature vector using direct 
concatenation method to enhance the effect of SER. Finally, 
the result will be a vector of 15 features for each frame.   

C. Classification
     The extracted features fed into five machine-learning 
models to choose the most effective one. In this work, 
experiments made on RF, k-NN (with k=7 according to the 
seven emotion classes exist in the used dataset), SMO, NB, 
and DT. The best result obtained using RF.

IV. SPEECH EMOTIONAL DATASET

For this work, SAVEE dataset used. It is an audio-visual 
emotional dataset from four English male subjects in seven 
emotions (anger, disgust, fear, happiness, sadness, surprise, 
and neutral). The dataset consists of 120 utterances per 
subject, which gave 480 sentences in total. The dataset is 
available for research purposes under request free of charge 
[17].

V. EXPERIMENTAL EVALUATION

    Dataset was divided into training and testing set, with 
75% of the whole data samples were used for training and 
25% for testing. A pre-model trained with SAVEE dataset 
using five types of classifiers to find a reasonable good pre-
model using ten-fold cross-validation. Test speech samples 
classified using a classifier and the information provided by 
the training model. Three experiments were done: the first 
one extracting only three features; ZCR, mean, and SD that 
were entered into five types of classifiers. The second 
experiment was done by extracting the first 12 MFCC only, 
and the last experiment was done by applying feature fusion 
to all extracted features, which are then classified using the 
same five classification techniques. The accuracy obtained 
from applying these three experiments appears in TABLE I.

TABLE I.  THE ACCURACY OBTAINED FROM APPLYING THREE EXPERIMENTS.

Parameters ZCR, mean, 
SD

MFCC Fusion 
Method

NB 65.66% 70.44% 71.86%
SMO 62.38% 74.49% 77.75%
DT 68.71% 78.55% 79.18%
k-NN 66.37% 82.88% 83.58%
RF 67.74% 86.05% 87.18%

     As shown in the table above, the accuracy obtained from 
using feature fusion was the best method, and RF was the 
best-used classifier.
     The calculated root mean square error (RMSE) decreased 
as the accuracy of the proposed system increased, as shown 
in TABLE II.  

TABLE II.  RMSE OF THE THREE EXPERIMENTS.
Parameters NB SMO DT k-NN RF

ZCR, mean, 
SD

0.317 0.327 0.328 0.316 0.306

MFCC 0.329 0.316 0.303 0.242 0.231
Feature fusion 0.321 0.313 0.303 0.239 0.222

     The details of applying the first experiment of extracting 
only ZCR, mean, and SD and then feeding them to the 
classifiers are shown in TABLE III.

TABLE III. THE PERFORMANCE CRITERIA FOR SEVEN EMOTIONS USING 
DIFFERENT CLASSIFIERS IN SAVEE DATASET USING THREE FEATURES 
ONLY.
Parameters Average 

Specificity 
Average F-
measure 

Average 
Recall

Average 
Precision

NB 11.23 40.84 42.57 41.12
SMO 14.83 28.66 39.6 28.04
DT 9.75 46.52 47.19 47.08
k-NN 10.81 41.93 43.56 41.94
RF 9.73 44.54 45.21 44.13

     The details of using the first 12 MFCC features only 
(spectral features) and then feeding them to the classifiers 
are presented in TABLE IV.

   TABLE IV. THE PERFORMANCE CRITERIA FOR SEVEN EMOTIONS USING 
DIFFERENT CLASSIFIERS IN SAVEE DATASET USING MFCC FEATURES 
ONLY.
Parameters Average 

Specificity 
Average F-
measure 

Average 
Recall

Average 
Precision

NB 7.96 47.92 48.84 49.76

SMO 8.75 56.33 57.75 63.49

DT 6.91 63.82 64.02 63.94

k-NN 5.51 71.07 71.28 72.47

RF 4.46 76.41 76.56 76.85

  

     Finally, the details of applying fusion to the previous 
three features with the first 12 MFCC and then feeding them 
to the classifiers are shown in TABLE V.

TABLE V. THE PERFORMANCE CRITERIA FOR SEVEN EMOTIONS USING 
DIFFERENT CLASSIFIERS IN SAVEE DATASET USING FEATURES FUSION.
Parameters Average 

Specificity 
Average F-
measure 

Average 
Recall

Average 
Precision

NB 7.74 50.51 51.48 53.72
SMO 7.18 61.02 62.7 62.66
DT 6.31 64.55 64.68 65.01
k-NN 5.11 71.99 72.27 72.99
RF 4.17 78.05 78.54 78.75

     TABLE VI  shows a comparison of the proposed SER 
system with some of the recent published studies 



(mentioned in the literature survey) for the years (2013-
2018) that used SAVEE dataset. 

TABLE VI. COMPARISON WITH THE PREVIOUS STUDIES THAT USED SAVEE 
DATASET.

Related work, Issuing 
Year

No. of emotions 
used

Recognition 
Accuracy (%)

Nilima Salankar Fulmare, 
et al. (2013) [11]

7-emotions 74.39

Farah Chenchah and Zied 
Lachiri (2014) [12]

4-emotions 78.75

Mahwish Pervaiz and 
Tamim Ahmed Khan 
(2016) [13]

5-emotions 83.4

Fatemeh Noroozi, et al. 
(2017) [14]  

6-emotions 66.28

Papakostas, M., et al. 
(2017) [15]

4-emotions 30

Siddique Latif, et al. 
(2018) [16]

7-emotions 56.76

Current study using 12 
MFCC only

Current study using feature 
fusion

7-emotions 86.05 

87.18

VI.  DISCUSSION

In the current work, ZCR, mean, SD, and MFCC features 
were extracted from SAVEE dataset which was used to train 
and test the study model. A minimum number of features 
were extracted and tested in different ways to show if it give 
a good recognition rate. The first experiment of extracting 
only three features gave a reasonable accuracy; but not what 
we aspire to. The second experiment of extracting the first 
12 MFCC features gave accuracy higher than that 
mentioned in the recent previous studies (Table 6), but the 
best accuracy obtained from applying the third experiment 
that used feature fusion using concatenation method (Table 
6). Five types of classification algorithms used, including 
SMO, k-NN, DT, NB, and RF, with the best accuracy 
achieved by using the RF algorithm (Table 1).  Experiments 
also show that RMSE decreased as accuracy increased 
(Table 2). This work achieves better accuracy using less 
number of extracted features in comparison with recent 
previous studies that used the same dataset. This success is 
related to choosing the best-tested combination of prosodic 
features, ZCR, mean and SD (data comparing the choice of 
best combination from ZCR, mean, SD, energy and pitch are 
not presented in this paper) and MFCC, to feed the best-
tested classifier, RF.

VII. FUTURE WORK

An algorithm for audio-based emotion recognition to 
seven emotions was proposed in this paper using features 

fusion to a minimum number of extracted features in python 
language for the implementation.  Future work should 
attempt to test other types of features, other types of 
classifiers, combine the technique presented in this study 
with other modalities such as video modality, and including 
working with other datasets.
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