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Abstract:- Building a powerful machine learning model for emotion recognition in speech is the project’s primary
objective. To do this, the model must be trained using a diverse dataset that includes a spectrum of emotions,
including neutrality, sadness, anger, disgust, fear and happiness. With the use of cutting-edge methods like
Convolutional Neural Networks and Deep Learning techniques, the model attempts to accurately anticipate the
speaker’s emotional state by analysing complex audio information. The strategy depends on utilising cutting-edge
techniques, particularly Convolutional Neural Networks and Deep Learning. This strategic choice enables the
model to grasp complex patterns in audio features, offering a nuanced understanding of the emotional content
within speech. By adopting these advances techniques, the model aims to surpass traditional methods, enhancing
its ability to recognize and classify emotions effectively. In initial stage, the model undergoes comprehensive
training on a meticulously curated dataset. The model is trained using the tagged speech samples in this dataset,
which span a variety of emotional states. The meticulous planning stage of the project is among its most crucial
elements. Here, important features are extracted from the raw audio data by carefully processing it. This stage
involves tasks such as audio segmentation, noise reduction, and feature extraction, ensuring that the model
receives well-refined inputs. The subsequent stage involves the application of the trained model to real-world
scenarios. Once equipped with the ability to recognize emotions in speech, the model can be deployed in practical
setting, aiding professionals in psychology and speech therapy. In conclusion, the project presents a cutting-edge
solution for emotion recognition in speech, combining advanced Machine Learning techniques with a
meticulously curated dataset. The model’s ability to accurately predict emotional state offers significant utility in
psychology and speech therapy, providing professionals with a valuable tool for enhancing their understanding of
emotional nuances.

Using the TESS dataset, our method creates a CNN model for audio classification. The code’s objective is to
categorise audio samples into six distinct emotional states, including fear, anger, disgust, happiness, neutrality,
and sadness. As part of the process, MFCCs are retrieved as features from the audio data, and the dataset is then
supplemented with several modifications. An output layer with softmax activation, a dense layer, and a
convolutional layer make up the CNN model architecture. Using the TESS dataset for training and assessment,
the model achieves a test accuracy of 93.33%. The main conclusions of this research shows that emotions may be
accurately classified from audio samples using a CNN model. The model performs better when MFCC features
and data augmentation methods like noise addition, temporal stretching, and pitch shifting are used. The suggested
method for audio emotion classification is effective, as seen by the 93.99% accuracy that was attained.
Applications include affective computing, human-computer interaction, and speech analysis that recognise
emotions may be impacted by these findings.
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1.Introduction

The field of emotion recognition in speech falls under artificial intelligence and signal processing. Its objective is
to use vocal signals to automatically detect and categorise the sentiment of a speaker. Speech can transmit a vast
array of emotions, including happiness and sadness as well as fear, fury, disgust and neutrality. Speech emotion
recognition is useful in many domains, such as virtual assistants, human-computer interaction, mental health
monitoring, entertainment, and customer service. Voice emotion identification is one of the hardest problems in
speech signal analysis. It takes into consideration as a research area problem that often tries to theorize the emotion
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from a speech signal. Challenges in speech emotion recognition include variability in emotional expression across
speakers, cultural differences in emotional expression, context-dependent emotions, and the presence of noise in
the speech signals. Scholars persistently investigate inventive methodologies to tackle these obstacles and enhance
the precision and resilience of SER systems. In the end, speech emotion recognition technology is used in a wide
range of industries, including customer service, recommended systems, and the medical industry. [3]. People
express their sentiments, impressions, opinions, and emotions verbally through speaking. Voice, articulation, and
fluency are the three basic components of speech production [11][12]. Adult speech reaches its peak when
approximately 100 muscles work in unison to produce 14 distinct sounds per second [12].

Our primary goal is to develop a robust and long-lasting model for speech-based emotion recognition, which
entails the automated identification of emotions conveyed through spoken language. The timing, pitch, and
intensity of speech are among the acoustic characteristics that are mainly examined in this research. The objective
is to use machine learning techniques to classify the speaker's emotional state. Precise identification of emotions
in speech not only contributes to our understanding of human communication but also can facilitate the creation
of emotionally intelligent systems in a variety of disciplines. Our research's well-defined goal is to outperform
other established, traditional methodologies in terms of accuracy.

2. Objective

A conceptual model that explains a system's behaviour, composition, and other components is called an
architecture. The TESS dataset, which we import from Kaggle, is the dataset that we are using in this model. Since
features extracted from the audio stream and utilised as model input would produce noticeably improved results,
we're utilising the MFCC in order in order to extract characteristics.

The training data is used to train the model, with the remaining data being divided 80:20 between training and
testing. The prototype is then evaluated to determine whether or not it can predict the emotion accurately using
the testing data. Next, we compute the model's accuracy to see whether it meets our desired threshold.

[TESS Data SetJ 5 Feature Extraction ¢ .

[Splimng data into Training and Testing sets| . | Training

[Save model and giving best accuracy Predicted Emotions

Figl: System Architecture

3. Methodology

Advanced human-computer interaction (HCI) programmes that are more user-aware rely heavily on emotion
recognition. Image, speech, face, and voice recognition problems are among the many that deep learning models
are used to tackle [17], [18], [19], and [20]. Convolutional Neural Networks (CNN) appear to be the best option
because our research involves a classification-based problem. If we would want, we can also employ Long-Short
Term Memory models and Multilayer Perceptrons, however they don't work well enough to detect absolute
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emotions and have very low accuracy. So, for our project we are going to select Convolutional Neural Networks
model.

1. About Dataset

We are using the TESS dataset in our investigation. The audio recordings in the TESS dataset, an acronym for
Toronto Emotional Speech Set, were produced for scientific investigations in emotional computing, namely in the
domain of speech emotion identification. It contains recordings of actors portraying several different emotions:
anger, disgust, fear, happiness, sadness, and neutrality.

Two actors, ages 26 and 64, performed a set of 200 target words in the carrier phrase "Say the word _." Anger,
contempt, fear, joy, grief, and neutral were among the numerous emotions that were recorded on tape for the
compilation. In total, there are 2,800 data points (audio files). The two female performers and their emotions are
categorised under separate folders in the dataset's organisational structure. Moreover, the audio file containing all
200 target words is included. The audio file is in the WAV format [16].

II. Feature Extraction

We are taking Mel-frequency Cepstral Coefficient (MFCCs) as feature extraction for our study. MFCC is the
widely used technique for extracting the features from the audio signal. Tone variations are a common
component of speech signals; each tone has a real frequency, f (Hz), and the Mel scale is used to calculate the
subjective pitch. Below 1000 Hz, the mel-frequency scale has linear frequency spacing; above 1000 Hz, the
spacing is logarithmic.

The formula used to calculate the mels for any frequency is:
mel(f)=2595xlog10(1+f/700)
Where, mel(f) is the frequency (mels) and f is the frequency (Hz).

A collection of coefficients known as MFCCs is used to represent the form of a sound signal's power spectrum.
They are obtained by first utilizing a method such as the Discrete Fourier Transform (DFT) to convert the raw
audio signal into a frequency domain, and then using the mel-scale to simulate how the human ear perceives sound
frequency. Ultimately, the mel-scaled spectrum is used to construct cepstral coefficients.

III. Convolutional Neural Network

Although CNNs are more frequently linked with image processing jobs, they can also be employed for voice
emotion recognition. They have, nevertheless, been effectively used to examine spectrograms and other audio
data formats. In the end, our ultimate commitment to working with Speech-based Emotion detection is CNN.

CNN is mostly used to automatically identify pertinent characteristics in speech data so that it can detect emotions
from audio inputs with robustness and efficiency, increase classification accuracy, and capture subtle patterns.
CNN's ability to distinguish between two-dimensional information is notable. CNN can chameleonically extract
feature to eliminate the dependence on human subjectivity or experience.

Convolutional, pooling, and dense layers—also known as fully connected neural network layers—are the three
layers that normally comprise a CNN.

Convolutional Layer:

The core element of a convolutional neural network is a convolutional layer. The fundamental process of a
convolutional layer is to apply a filter to an input in order to create an activation. A feature map, also known as an
activation map, is created when the same filter is applied to an input multiple times. A feature map in 3x3 format
will be the outcome of every 5x5 matrix.

The size of the feature map's matrix is determined by the following equation:

Size of map=N-F + 1
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If the bias is 1, the filter size is F, and the picture size is N.
Pooling Layer:

In a convolutional neural network, the feature maps that are derived from convolutional layers are downsampled
using a layer called the pooling layer. By working independently on each feature map, it decreases their spatial
dimensions while maintaining important information. Average pooling and maximum pooling are the two types
of pooling levels. The feature map's spatial dimensions are reduced by the pooling layer by reducing the number
of parameters and computations in subsequent layers.

Fully Connected Layer:

CNNs use a completely integrated neural network stratum as the last stage of feature extraction and categorization.
Every single neuron in this layer is linked to every single neuron in the layer above it. It transfers the spatial data
that has been acquired by earlier layers to the intended output classes. Dropout regularisation can be employed to
prevent overfitting, and Rectified Linear Unit (ReLU) activation functions are frequently employed in these layers.
The mathematical definition of ReLU is:

fix) =max (0, x)

Fully connected layers facilitate complex pattern recognition and decision-making, enabling CNNs to perform
tasks like image classification, object detection, and speech emotion recognition.

Fully-
connected
Convolution layer
layer 1 Convolution
layer 2

4
Pooling

layer 1 Output
layers

Pooling
byer2
Input Layer
Fig2: Architecture of CNN
Softmax Activation Function:

To turn numbers or logits into probabilities, an activation function known as Softmax is employed. The outcome
of a Softmax is a vector (let's call it v) that has the probabilities of each possible outcome. The sum of vector v's
probability for each possible outcome or class is one.

The Softmax activation function for a single class i in a vector of logits z has the following mathematical
expression:

Softmax(z i) = exp(z i)/ Z(exp(z_j))
for j in all classes where exp (x) represents the exponential function.

It is frequently employed as a neural network'’s final activation function to normalise the network's output to a
probability distribution across anticipated output classes.

Let us see how CNN actually works in recognizing the Speech-based Emotion:
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Fig3: Working of CNN for Predicting Emotion

The sequence that Convolutional layers, Pooling layers, Fully Connected layers, and activation functions like
ReLU and Softmax go through to use CNN to identify the emotion in speech is shown in detail in the
aforementioned graphic.

4. Results and Discussion

Speech signal is responsible for the communication between humans as it relays as interface to communicate with
each other. We choose CNN model approach over other deep learning techniques for our study. Because, CNNs
are well-suited for tasks where the spatial arrangement of features is important. In speech emotion recognition,
the temporal nature of audio signals is crucial, and CNNs can effectively capture temporal dependencies by
considering local patterns over time. This makes CNNs particularly suitable for processing sequential data like
speech. After all, we implemented a CNN model for recognising the emotion in speech and gradually, it gives the
greatest accuracy and predicted the absolute emotions.

The accuracy and loss metrics are used to evaluate the performance of this model. Our objective is to reduce loss,
which is the error between the anticipated and real emotion labels. The percentage of properly identified audio
samples is known as accuracy, and it serves as a general indicator of the model's effectiveness. With the use of
these measures, one may evaluate how well the model captures and predicts the emotional content of the audio
samples.

a294
333373069763

Based on auditory features, these metrics show how well the CNN model was deployed in reliably recognising
the emotions.
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In order to investigate the connection between waveform features and emotional states of various audio signals,
we conducted waveform analysis on an audio dataset, and the results are presented in this work.
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The frequency-time domain graphic representations of the audio signals are shown as follows.
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The obtained confusion matrix and classification report of our model is shown as below:
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5. Discussion

The traditional methods in Machine learning are weak in practice. In our study, we used CNN model for
determining the Emotions in speech. We have given several audio files as inputs to the model to improve the
performance in recognising emotion in speech. We discussed about speech recognition methods for extracting
audio features from speech sample. The kind of dataset, the classification technique we employed, and the feature
extraction all affect how accurate the model is. By contrasting MFCC feature, surprisingly, we achieved a great
accuracy of 93.33% which results in great performance.
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