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Abstract

One of the major factors for personal development and growth is understanding human emotions, and therefore it
plays an important role in imitating human intelligence. Vocal and Sentiment analysis is the major focus points for
advancement in Aurtificial Intelligence (Al). Sentiment analysis provides major help to data analysts of big
enterprises to measure public opinion, conduct market research, understand customers' experiences, and view brand
and product reputation. Emotion recognition provides an opportunity to grasp the general people's sentiments about
social events, marketing strategies, political views, and product liking. In this paper, we have used various Al
models on a variety of audio datasets to recognize and analyze the sentiments of the speaker. Our dataset includes
some audio songs sung by some singers and some audio clips of a few actors. We trained CNN and LSTM models
to analyze our dataset and predict their accuracy. The ever-growing need for sentiment analysis coincides greatly
with the extension of social media such as forum discussions, and social networks like Facebook, Twitter,
Instagram, and many other similar platforms.
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1. Introduction

The process of identifying and diagnosing human emotion is known as emotion recognition. The accuracy of people
varies at recognizing the emotion of others. Helping people with emotion recognition and the use of technology is a
relatively growing research area. The necessity of an interface between computers and human is a growing demand
due to the ever-thickening use and demand of computers. Casually, Emotion recognition [1] [2]with the help of
speech can also be described as the detection of emotions by feature extraction of voice transferred by humans. As
computers improve in predicting and analyzing the emotional state of the human speaker, interaction between
humans and computers can get more personalized and interactive, helping them in differentiating the contextual
meaning of the same word.

Various classifiers are used for emotion detection among which the most highly used models are the Support Vector
Model (SVM), k-Nearest Neighbor (KNN), Artificial Neural Network (ANN), Hidden Markov Model (HMM),

Gaussian Mixture Model (GMM), etc [3][4][5]. Various uses of emation recognition involve: - psychiatric, mental
conditioning, intelligent kid toys, lie detection, and many more[6].
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Emotion in the speech of a speaker can be considered as a communication channel featuring various parts involving
the expression of the emotion of the speaker or the way it is delivered by the speaker which conveys the emotion felt
by the speaker[7]. Diverse methods to analyze vocal behavior like emotion, moods, and stress, concentrating on the
verbal and non-verbal aspects of speech is known as Speech Emotion Analysis[8].

Now the most common assumption is that there exists a voice parameter that shows the affective state a person is
experiencing. This statement appears appropriate given that the most effective states include physiological reactions,
which help in modifying various aspects of the process of voice production. Speech emotion analysis is considered
complicated as the vocal expression is evolutionarily old, continuously varying, and evolving[9]. We tried to study
and understand the recognition of emotion through human speech and voice analysis using various models like CNN
and LSTM.

2. Literature Survey

Mucahit Buyukyilmaz [1] 2016 proposed a gender recognition solution using an MLP deep learning model which
achieved an accuracy of 96.74%, this was performed on 3,168 recorded samples of male and female voices which
were produced using acoustic analysis. Speech signals have seen a wide amount of research related to emotions,
Ramdinmawii [10] used signal processing methods, zero-frequency filtering, and short-time energy to analyze four
emotions from speech signals from the IIT kGP Telugu and german dataset. Nicholson [11] also developed an
emotion recognition one-class-in-one neural network which achieved 50% accuracy for eight emotions, while Al-
Talabani [12] used SVM and LDC on a Kurdish and berlin dataset which showed SVM was more accurate. Huang
[5] proposed that DNN could be applied for emotion recognition, their result showed how DBN of DNN in speech
emotion recognition has a huge advantage. Leh Luoh [13] developed a system that could detect 5 emotions but
without training it in many steps on a short utterance word with an average accuracy of 55%. Soltani [14] developed
speech emotion detection using neural networks on Berlin data with word utterances achieving an accuracy of 77%.

A Modular neural network on speech utterances developed by Bhatti [15] achieved the best overall classification of
83.3%. A convLSTN_RNN model proposed by Kurpukdee [16] is an advanced method in its class that extracts
phoneme-based features from raw input signals to recognize four emotions of the IEMOCAP dataset. Attention
LSTM by Yu [17] showed that LSTM provides an accuracy of 73% on the IEMOCAP dataset. Berlin emotional
dataset with seven categorical emotions is widely used for better acoustic feature extraction on it and is used by
Lech [18] who demonstrated a unique method of audio classification by generating time-based images of audio files
and using them to train a CNN model with frequency scaling. This unique method displays accuracy of 82%. On the
other hand, this dataset is used by Kerkeni [19] who used MLR and SVm to obtain an accuracy of 83%. Automatic
effect sensing [20] uses both audio and visual information on the RECOLA database. Leila Kerkeni [21] developed
an RNN classifier and compared its performance with the MLR and SVM by them before [22]on the berlin database
with a better recognition rate of 90.5%. Classifiers like HMM and GMM [16 show good results on speaker
normalization for emotion detection which is a unique technique that improves the performance of speaker-
independent emotion classification. Like the berlin database, the IEMOCAP dataset released in 2008 by USC is also
widely used for research purposes, Gaurav Sahu David R [23]used models like Random forests, SVM, LSTM, and
logistic regression to prove a lighter ML-based model trained over few handcrafted features can achieve
performance comparable to the current deep learning-based state of the art method for emotion recognition.

3. Methodology

3.1. Mel Frequency Cepstrum Coefficients (MFCC)

Feature extraction is the beginning step of any automated speech recognition system which is to identify the
elements of the audio signal that are responsible for identifying the linguistic content and ignoring all the other
elements which contain information like emotion, background noise, etc[24]. The major factor of speech is that

human sound gets automatically filtered by the shape of their vocal tract which includes their tongue, teeth, and
other features. The sound coming out depend on this shape. If the shape can be determined precisely, this should
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give us an accurate depiction of the phoneme being produced[25]. The job of MFCCs is to accurately represent the
envelope, which is the shape of the vocal tract which manifests itself in an envelope in a short time power spectrum.

3.2. Convolutional Neural Network (CNN)

CNN is a popular technique used in deep learning and Al. The most basic component of a CNN is convolutional
layers. Its basic purpose is to take an input, transform it in some way and then output the transform input to the next
layer. Different weights are assigned to the neurons from which each layer is made. They can detect patterns and
images. A 3D network is produced by these layers, as they are aligned on top of each other[26].

In CNN, the neurons are not connected to all the neurons of the adjacent layer, but rather to a fixed number of
neurons only. We have the same value for weights for all the neurons. Therefore, across the whole layer same
pattern is filtered. This layer is called the convolution layer. It is followed by two sets of layers called the activation
layer and pooling layer. These assist in building a simple pattern based on what the convolutional layer discovers.
The activation layer is used for proper training and the latter for dimensionality reduction.[27] These layers are
beneficial in finding complex patterns, but they do not have the capability to understand these patterns. A well-
linked layer is used to understand the pattern completely. It allows us to classify and identify data samples.

3.3. Long Short-Term Memory (LSTM)

LSTM is a genre of Recurrent Neural Network (RNN). In RNN, the output obtained from the last step is used as
input in the current step[28]. The problem of long-term dependencies is tackled by the LSTM in which the RNN is
not able to predict the word stored in the long-term memory but can provide more precise predictions from the
current information. As the gap increases, RNN performance diminishes. LSTM can retain the information for a
longer period[29]. The information is used for processing, predicting, and classifying on the criteria of time series
data. In simple words, an LSTM workflow is like RNN. It processes and passes the data simultaneously providing
information as it propagates forward. LSTM's cell operation is where the difference lies. This operation gives LSTM
the ability to keep or forget the information.

4. Workflow

Extracting human emotions very much variable on the kind of dataset and the language[30]. For our work, we have
used a combination of two RAVDESS datasets, a speech audio dataset, and a song audio dataset thus having a lot of
variations in frequency and actor. The prime step before moving on to the important part is structuring the dataset.
We collected the two datasets and combined them into a single array of data and also created corresponding label
array data. Here, the label data consisted of 5 characteristics, particularly sad, calm, happy, angry, and fearful. We
reduced our labels to 5 from 7 to reduce complexity in our learning rate and therefore give better accuracy. After
data collection, the next step is to determine how to extract features. Identification of unique emotions from audio
signals is the tricky part as audio signals can't be understood by the models. These signals need to be converted into
a format that could be used in the models and also exhibit unique characteristics which enable our learning model to
differentiate between them. Thus, Mel-Frequency Cepstral Coefficients Characteristics are created for each audio
signal and thereby converting our input audio signal array to an MFCC characteristic matrix which now could be
used in our models.
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Figure 1: MFCC spectrogram

The Mel-frequency cepstral coefficient (MFCC) is used here because it has 39 features, and the feature count is
small enough to force us to learn the information of the audio.
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Figure 2: MFCC working

To extract the MFCC characteristics from the signal, we used the librosa library which has prebuilt functions to
implement it.
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Since our overall aim is the classification of an audio signal into different emotions, thus we can use classification

algorithms mainly in the deep learning field since we need to select the features from the MFCC characteristics.

CNN and LSTM have been used for achieving our results. LSTM RNNs are selected as it is suitable for time series

data. Also, simple RNNs suffer from vanishing gradient problems which increase with the length of the training

sequences, and thus LSTM was preferred.

CNN is a common model for classification purposes and shows tremendous results and hence was preferred. We
structured the CNN as shown in figure 1.3 for the MFCC input matrix of our audio signals.
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Thus, after combining all the steps discussed above then our model structure comes out to be as shown in figure 1.4.
With feature extraction as the most complex task in the case of audio signals and then creating a feature selector and
classifier model using Deep learning techniques, to generate the most optimized audio emotion classification model.
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Figure 4. Overall workflow

5. Experimental Results and Analysis

By implementing and comparing various deep learning and machine learning algorithms for vocal analysis and
sentiment recognition on the Ravdess dataset which includes audio of speech and audio of songs, we have concluded
that in deep learning models, the best results are obtained using CNN, followed by LSTM.

The training accuracy of 80.35% and validation accuracy of 82.72% is achieved with CNN using 100 epochs with a
training loss of 0.62% and validation loss of 0.75%. LSTM on the other hand has a training accuracy of 80.72% and
validation accuracy of 82.13% is achieved using 70 epochs with a training loss of 0.56% and validation loss of
0.51%.
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Table 1: Analysed data after training the model

Model Name TRAINING % VALIDATION %
Accuracy Loss Accuracy Loss

CNN 80.35 0.56 82.72 0.51

LSTM 80.72 0.62 80.13 0.75

CNN model provided us with an accuracy of 82.72% on the validation dataset with 100 epochs. Even though LSTM
provided us with higher accuracy on the training dataset at 80.72%, its result wasn't better compared to CNN using
the validation dataset. The accuracy obtained in the CNN model is adequate compared to other models and without
augmentation.
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Figure 9: CNN Confusion matrix Figure 10: LSTM Confusion matrix
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