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Abstract

Recently, attention of the emotional speech signals research has been boosted in human machine interfaces due to availability of
high computation capability. Selection of suitable feature sets, design of a proper classification methods and prepare an appropriate
dataset are the main key issues of speech emotion recognition systems. Detecting emotions is one of the most important marketing
strategies in today’s world. You could personalize different things for an individual specifically to suit their interest. Once machines
have the capability of understanding the emotions of a person, it will greatly enhance the user experience. In this report, we will
try to classify the emotion of a voice (audio clip) using different algorithms of Artificial Intelligence (Al). Based on the accuracy
rates, a suitable choice could be made to make such application in the future.
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I. INTRODUCTION

This paper presents the implementation of emotion detection from voice. Speech is a fundamental means of
communicating not only words, but also a vast range of human emotions. The speech emotion recognition involves
analysis of the speech signal to identify the appropriate emotion based on training its features such as pitch. Detecting
emotions is one of the most important marketing strategies in today’s world. You could personalize different things
for an individual specifically to suit their interest. For feature extraction and testing of a speech signal a good number
of algorithms have been formulated. Few of them are Mel Frequency cepstrum coefficients (MFCC) and
Convolutional Neural Networks (CNNs). In early 2000s, researchers exploring human-computer interaction
discovered that people tend to interact with computers as if they were other people, respond to praise and criticism
from computers the same way they respond to similar feedback from humans. “Emotions are a fundamental part of
the human experience — but they’ve long been ignored by technology development because they seemed difficult to
quantify and because the technology didn’t really exist to read them. This has resulted in sometimes frustrating user
experiences” [4].

The outline of this paper is as follows: Section Il describes the literature survey, Section Ill illustrates about the
algorithms of Convolutional Neural Networks (CNNs) & Mel Frequency cepstrum coefficients (MFCC). Section 1V
& V describes the final result and conclusion.
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Fig.1: The emotion wheel

. LITERATURE SURVEY

This section deals with the previously made works related with speech emotion recognition (SER), Mel-Frequency
Cepstrum Coefficients (MFCC) Nicholson et al. [5] studied eight different emotions such as joy, teasing, fear, sadness,
disgust, anger, surprise and neutral. Both prosodic and phonetic features were studied. Artificial neural network was
used as the classifier. An overall recognition accuracy of 50% is reported for this study. Ligin Fu et al. [6] used a
hybrid approach of spectral and prosodic features. The studied emotions were anger, disgust, happy, sad and neutral
in their work. Hidden Markov model was the used classifier. An average recognition rate of 78% was obtained.
Murugappan et al. [7] worked on the gender identification through vocal emotion classification with DWT and MFCC
features. The emotions considered were angry, happy and sad. And SER technique based on an enhanced brain
emotional learning (BEL) model, which is stimulated by emotional handling mechanism of limbic structure in the
brain was proposed. However, BEL technique had its drawbacks and to overcome that, Genetic Algorithm (GA) was
employed for updating the weights of BEL. The proposed technique had obtained a maximum average recognition
accuracy of 90.28% in case of speaker-dependent speech emotion recognition while the highest average accuracy of
64.60% was obtained in case of speaker-independent speech emotion recognition [11]. In the same year, Sparse
Hierarchical Coding (SC) approach was presented for emotion recognition systems. The proposed system comprised
of motivated perceptual features (FPH) which resulted in a better and improved prediction of valence and arousal
values compared to that of using only prosodic features (F200). Further, in the second stage of this technique, the
proposed feature set was enhanced through an unsupervised feature learning method to automatically mine the non-
linear relationship among the emotional speech data [12].

lll. METHODOLOGY

3.1 Convolutional Neural Network
This section presents the deep learning convolutional neural network architecture that was implemented to classify
emotions.

It’s a Deep Learning algorithm which can take in an input image, assign importance (learnable weights and biases) to
various aspects/objects in the image and be able to differentiate one from the other. In case of CNN the neuron in layer
will only be connected to a small region of layer before it, instead of all neuron in fully connected manner. CNN
compares the images piece by piece. The pieces it looks for are called features. By finding rough feature matches, in
roughly the same position in two images, CNN get a lot better at seeing similarity than whole image matching scheme.

While in primitive methods filters are hand-engineered, with enough training, ConvNets have the ability to learn these
filters/characteristics.
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3.2 Mel-Frequency Cepstrum (MFCC)
Mel-frequency cepstral coefficients(MFCC) is One of popular audio feature extraction method.

The key objectives are:

e Remove vocal fold excitation — the pitch information.
e Make the extracted features independent.

e Adjust to how humans perceive loudness and frequency of sound.
e Capture the dynamics of context.

It comprises of the following steps:

A. Frame Blocking

B. Windowing

C. Fast Fourier Transform

D. Mel Frequency Warping

The acoustic characteristic of the speech signal is Feature.

A small amount of data from the speech signal is extracted to analyse the signal without disturbing its acoustic
properties.
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Fig.2: The MFCC flow-chart

IV. RESULT AND DISCUSSION

We first provide a brief description about the Al powered (CNN & MFCC) speech emotion detection and the
implementation procedure for the classification. Corresponding classification statistics will then be provided in this
section.
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Fig.3: Characteristic classification table

Fig.4: Speed waveform characteristic
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Fig.5: Mel power spectrogram

Fig.6: spectrogram 02
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Fig.7: Expected outcomes

V. CONCLUSION

Speech emotion recognition is one of the rapidly developing techniques as it deals with the interaction between
machine and human. In this proposed technique, an enhanced speech emotion recognition is carried out over eight
basic emotions of angry, happy, sad, neutral, calm, disgust, surprise and fear. We have shown that it is possible to
obtain a significant improvement using this method. The reason for evolution of all these technique is just for the
advancement and reduction to time that assist people.
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