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ABSTRACT

Even though artificial intelligence has made tremendous meticulous outcome,
there is a gap and large thirst for speech emotion recognition in affective
computing. Since machines don’t understand the human emotions, natural human
computer interaction is struggling a lot to strive and compete with today’s market.
Survey of past election results and prediction have become crucial and out-dated
since the surveys could never clearly depicts the real mental state of an individual.
Since the wealth and familiarity of the political people has big title role in many
surveys, it is really not trustworthy. No surveys can really understand the truth in
the heart of the common people. So, a novel approach is developed for day to day
physical and psychological behavior of humans which is influenced by emotions.
Other than behavioral expressions, emotion recognition from speech signal is a
challenging modality. For the implementation, we take at least 100 audio signals of
different area, village, town, district, community, religion and privileged people and
we use a hice questionnaire section (20 questions) that could really record the real
emotion of the people. MFCC (Mel-Frequency Cepstral Coefficient) feature is
extracted and classified with Decision Tree, Random Forest and CNN
(Convolutional Neural Network) to give the eight classes of emotions namely
Neutral, Disgust, Calm, Angry, Happy, Sad, Fearful and Surprise. Any traditional
algorithm can be compared to determine the performance of speech emotion

recognition.
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CHAPTER 1

INTRODUCTION

1.1 ABOUT SPEECH EMOTION RECOGNITION:

Emotion plays a significant role in understanding and conveying the feelings
in day to day life (Male or Female) that are expressed through multiple channels
such as linguistic content, voice characteristics, facial expressions, and gestures.
There are several ways to recognize human emotions. Some of them are recognition
of emotions through speech, facial expressions and physiological signals. In recent
years, there are many applications like entertainment, robots, audio surveillance,
web-based E-learning for detecting human emotions. Many algorithms like CNN,
SVM (Support Vector Machine), GMM (Gaussian Mixture Model), HMM (Hidden
Markov Model) are used to classify different types of emotions like anger, fear, joy,
sadness, surprise etc. by extracting acoustic features like pitch, MFCC (Mel-
Frequency Cepstral Coefficient), frequency, wavelet packet cepstral coefficient.

Emotions can be either positive or negative based on the situation of the
person. Researchers believe that speech is the fastest way of communication when
compared to other natural methods. Different types of features like MFCC, WPCC
are used for extracting spectrograms from speech signal, utterances from speech
signals and waveforms from speech signals. By using Automated Speech Emotion
Recognition, we can do several researches in the area of emotion recognition,
general classification, pattern recognition etc which can also be used in detection of
cyber-crimes. Several methods like MFCC extraction, Cost Matrix Method, LPCC
(Linear Prediction Cepstral Coefficient) feature extraction methods are used to

process speech signals.

1.2 CLASSIFICATION OF EMOTIONS:

Emotion recognition helps to understand the real intensity of the person by
classifying the human emotions. In this proposed system, the audio files are taken as
input and pre-processed audio files are used to identify acoustic MFCC (Mel-

Frequency Cepstral Coefficient) feature. The extracted feature is classified with
1



Decision Tree, Random Forest and CNN (Convolutional Neural Network) to give the
eight classes of emotions namely Neutral, Calm, Happy, Sad, Angry, Fearful,
Disgust and Surprise. Any traditional algorithm can be compared to determine the

performance of speech emotion recognition.
1.3 EXISTING SYSTEM:

In existing system different types of emotions are recognized by using hybrid
of cascaded Gaussian mixture model (GMM), deep neural network (DNN), CNN-
BLSTM, SVM algorithms by taking different types of datasets like Emirati speech
database, IEMOCAP, SAVEE, EMO-DB. They have extracted the most commonly
used features like Mel-frequency cepstral coefficient, WPCC, pitch, energy from the
speech signal to detect human emotions by taking several trials using trained
models. In some model's utterances to classify emotions and to extract pattern of
features and achieved an increase in accuracy for better system performance in the

presence of spectrogram, noisy signals and wave models.
14 PROPOSED SYSTEM:

In this proposed system, the audio files are taken as input and pre-processed
audio files are used to identify acoustic MFCC (Mel-Frequency Cepstral Coefficient)
feature. The extracted feature is classified with Decision Tree, Random Forest and
CNN (Convolutional Neural Network) to give the eight classes of emotions namely
Neutral, Calm, Happy, Sad, Angry, Fearful, Disgust and Surprise. Any traditional
algorithm can be compared to determine the performance of speech emotion

recognition.

1.5 SYSTEM REQUIREMENTS:

Hardware:
* Hard disk ; 500GB and above
* Ram : 4 GB and above
* Processor ; I5 and above



Software:
*  Windows 8 and above
« Anaconda 3.5.4

« Jupyter notebook



CHAPTER 2

LITERATURE SURVEY

Ismail Shahin et.al (2019) proposed a novel methodology to identify six
different emotions using a hybrid cascaded GMM and DNN by using Emirati Arabic -
emphasized speech database. They have extracted Mel-frequency cepstral
coefficient feature from the speech signal which gives pitch of human auditory
system and logarithmic perception of onset to detect the emotions. For extracting
MFCC feature speech signals are converted into discrete cosign transform to acquire
spectral coefficients. They have achieved 83.97% by using GMM-DNN classifier
while using SVM and MLP they achieved 80.33% and 69.78% to get better system
performance in the presence of noisy signal they have provided dominant signal

mask for hybrid classifier.

Yuan chao i et.al (2019) has classified emotion using spectrogram by
extracting features like pitch, MFCC, energy from iemocap database to perform
gender classification. They have used the combination of CNN-BLSTM in E2E
manner for training the model and achieved an absolute increase in overall accuracy
by 7.7%bwhencompared to other traditional algorithms. Spectrogram with deltas and
delta-deltas are extracted and given as input to neural network. They have
implemented CNN-BLSTM model using keras and optimized by Adam method.

Santiago Pascual et.al (2019) has proposed an improved self-supervised
method in which multiple workers like waveform, MFCC, LPS prosody solve different
self-supervised tasks which is followed by a single neural coder to extract
transferable robust problem agnostic features like speaker identity phonemes
emotional cues from speech signal. They discovered robust representation direction
from the raw speech waveform using PASE which can be used as pretrained

network to avoid trained models from scratch.

John W. Kim et.al (2018) has proposed SVM and EMnet model which
combines DNN to extract patterns of features with high level representation and use
of common features which is useful for emotion recognition. In this model they have

extracted multi dimension feature vectors and speech signal for every 10 msec using

4



30 msec hamming window. They have used EMO-DB database which contains 535
speech wave files and 10 short sentences labelled with one of the common

emotions. They have achieved 88.9% accuracy from compare across 98 trails.

Jilt Sebastian et.al (2019) has investigated the use of long short-term memory
(Istm) with pretrained text-based emotion recognition and CNN for emotion
recognition with speech by combining fusion techniques. They have used IEMOCAP
multi model dataset and adopted various fusion strategies to achieve overall score
for each emotion. They have extracted features using CNN from utterance
transcriptions by taking 300 dimensional pretrained word embeddings and for each
utterance acoustic features are extracted in each stage for building join CNN model

using early fusion to improve performance.

Zheng Lian et.al (2018) has proposed a novel method named pair wise
discriminative task (PDT) to obtain high level audio vectors and compared with
traditional classification task. Spectrogram based self- attentional CNN-BLSTM
model is used to classify emotions in E2E manner. A total number of 5531
utterances are used to recognize the emotions. They have extracted acoustic and
prosodic features like MFCC, pitch, energy using IEMOCAP database and achieved

increase in overall accuracy by 7.7% when compared with other traditional methods.

Wei Jiang et.al (2019) used DNN architecture to extract the feature
representations from Heterogeneous acoustic feature groups. They have extracted
audio data from video data of IEMOCAP dataset to recognize performance of
proposed DNN architecture. To learn discriminative acoustic feature representation
to obtain informative features a fusion network is trained jointly. SVM is used to

recognize task and achieved 64% when compared to existing approaches.

Zheng Lian et.al (2019) has combined unsupervised representation learning
strategy - future observation prediction with transfer learning approaches to verify
effectiveness of proposed system. They have conducted experiments to
demonstrate the superiority of proposed system on advanced unsupervised learning
strategies by using IEMOCAP database. They have tested each configuration 20
times. They have used Adam optimization scheme with a learning rate of 0.01 and



back size of 32 to outperform the main stream named semi-supervised and

unsupervised learning strategies above 4% for speech recognition.

Rajeev Ranjan et.al (2019) has filtered audio signal by extracting features like
pitch frequency and cepstral coefficients using feature extraction technique and
perform comparative analysis using different types of MFCC feature extraction
method. They have transformed audio waveform to frequency domain representation
for advanced processing and analysis. In this proposed system they have analysed
speech in each short frame window to obtain a spectrum by FFT and concluded
delta-delta MFCC future extraction technique is better than other feature extraction
technique.

Vladimir Chernykh et.al (2017) has proposed a novel approach named deep
recurrent neural network with a sequence of trained acoustic features and compared
with recent advances they have classified speech by emotion and time properties of
emotions. They have used IEMOCAP database which consists 12 hours of audio-
visual data. The audio signals are divided into small utterances and each utterance
is evaluated from 3 to 4 assessors based on audio and video streams to recognize
the emotions. They have compared BLSTM performance in one label approach and
CTC approach and predicted the sequence of emotions for one utterance.

Sujay Angadi et.al (2019) has proposed a novel method named CNN-BLSTM
to classify human emotions and measure parameters like precision, recall and
accuracy. They have extracted spectral and temporal features to improve SER
performance. IEMOCAP database is used to classify emotions by comparing CNN-

BLSTM method with SVM and achieved an increase in 9.83% accuracy.

Hemantha Kumar Palo et.al (2018) has developed a feature extraction
technique to reduce combination features by extracting features like wavelet
coefficient, LPCC, MFCC for recognizing five different emotions. They have
compared EMO-DB database with SAVEE database to validate accuracy and to
recognize common arousal emotions by using different ratios of predefined training,
testing and validation data. They have achieved 91.82% and 93.67% accuracy from
EMO-DB and SAVEE for first 16 cepstral coefficients using RBFN classifier.



Noushin Hajarolasvadi et.al (2019) has proposed a novel method named k-
means clustering to predict the emotion in THE speech signals. They have extracted
88-dimensional vector of audio features like MFCC, Pitch and Intensity of each frame
which is splitted by analysis of speech signals. They have achieved 81.05%, 77%
and 72.33% by extracting audio features using SAVEE, RML and ENTERO05
database by applying SVM classifier.

Yea Hoon Kwon et.al (2018) has proposed a CNN model to classify emotion
based on multi-model data and improved accuracy of human emotions. They have
combined both Electro Encephalon Gram (EEG) and Galvanic Skin Response (GSR)
signals which are pre-processed by Zero crossing rate. They have achieved 73.4%

accuracy after noise removed and data processing.

Heekyung Yang et.al (2019) has proposed a novel method multi-column CNN
to recognize emotions from Electro Encephalon Gram (EEG) signals. They have
used DEAP dataset and circumplex model with balance and arousal to classify
emotions and compare accuracies based on voting and weighted sum and also

compared with different traditional algorithms.



CHAPTER 3

METHODOLOGY
3.1 AlM:
To predict election results from audio signal by classifying human emotions.
3.2: ARCHITECTURE:

In this project, we have collected dataset in audio format from 100 people with
different perceptions, religion and region. Below figure.1 explains the block diagram
of the proposed work. In the field visit, we have asked different set of questions to

the people. A sample questionnaire is given below.

Sample Questionnaire for the individuals (Takes at least 10 minutes)
1. Do you plan to cast your vote in 2021 Tamil Nadu State clection

2. How certain are you that you will vote in the upcoming elections?
3. Which do you identify the most with politically?
4. Do you think the present Government is well enough in decision making.(Justify

your answer)

5. Do you think the present Government is well enough in law making. (Justify
your answer)

6. Do you think the present Government is well enough in policy formation and
implementation of policy. (Justity your answer)

7. Are you satisfied with the public facilities given by the government?
8. Do you think the present Government is well ecnough to support the youth

9. Are you satisfied with the women welfare schemes supported by the
government?

10. What sort of changes you need to uplift the economical status of Tamil Nadu

11. Do you agree with the present facilities given by the government to your
village/city/rural arcas?

12. Are you satisfied with the Medical facilities given by the Primary Health
Centres of your area?

13. Do you think the official leaders are frequently visiting the neced and affected
areas?

14. Do you think a great gap is made in agriculture area?
15. Do you think still Tamilnadu remains as federal parliamentary democratic
16. Was there a national unrest against any political party? Comment on this

17. Do you think casteism and corruption has given major roles in important
sectors

18. Do you think the SC/ ST are happily moving in the state?

19. Do you think the present Government has done their job well enough to deserve
re-elections, or do you think it is time to give a new person a chance?

20. Do your family members have the chance to opt for the same political party
which you vote?
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Fig.no. 3.1: Block Diagram of Speech Emotion Recognition

In this audio files have taken as input and pre-processed by using Kalman
filter and extracted MFCC feature by using Decision Tree, Random Forest and
Convolutional Neural Network(CNN) to classify 8 different classes of emotions like
Neutral, Calm, Happy, Angry, Sad, Fearful, Disgust and Surprise to predict election

results.
3.3: Pre-processing:

The .wauv file is splitted into different chunks each of 3 seconds. Each chunk is
fed to the Kalman Filter to remove the background noise. Since the background
noise (from fan, vehicles) fluctuates over time, it is better to reduce or remove the
noise from the wav file to enhance the speech quality. Figure 2 gives the pre-
processing of the audio with Kalman Filter. The outcome of the filter is Enhanced
audio signal without any loss of data.
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Fig no.3.2: Enhanced speech

3.3.1 KALMAN FILTER:

Kalman filter is used to predict unknown values more accurately by taking
data inputs from multiple sources. It estimates unknown variables from high level of
signal noise to get enhanced speech from the wav signal. It is mostly used in
navigation and control technology. An Estimation equation X is calculated by
adding measured value Z, and Kalman gain Kk to previous estimation equation X.1.

Extracting audio features plays a vital role in classification of emotions.

measured value
current

estimation

Xomle, ZAN =KX

previous
estimation
Kalman Gain

3.4 FEATURE EXTRACTION:

In the proposed system we have extracted MFCC feature from audio signal to

identify the human emotion

10



Fig no. 3.3.1: Plotting .wav form of audio signal

Fig no. 3.3.2 MFCC Feature

The coefficients that made up of Mel-Frequency cepstrum is called Mel-Frequency
cepstral coefficient. MFCC are derived from a type of cepstral representation of an
audio file equally spaced on Mel scale. In this Fourier transform of signal is taken
and maps the power of spectrum that has been obtained on Mel scale along with
these logs of power and discrete cosine transform is taken and calculated. The

amplitude of the resulting spectrum is MFCC.

11



3.5 CLASSIFICATION OF EMOTIONS:

Emotion recognition helps to understand the real intensity of the person by
classifying the human emotions. In this proposed system, the audio files are taken as
input and pre-processed audio files are used to identify acoustic MFCC (Mel-
Frequency Cepstral Coefficient) feature. The extracted feature is classified with
Decision Tree, Random Forest and CNN (Convolutional Neural Network) to give the
eight classes of emotions namely Neutral, Calm, Happy, Sad, Angry, Fearful,
Disgust and Surprise. Any traditional algorithm can be compared to determine the

performance of speech emotion recognition.
3.5.1 DECISION TREE:

A decision tree is a decision support tool that uses a tree-like model of
decisions and their possible consequences, including chance event outcomes,
resource costs, and utility. It is one way to display an algorithm that only contains
conditional control statements. Decision trees are commonly used in operations
research, specifically in decision analysis, to help identify a strategy most likely to
reach a goal, but are also a popular tool in machine learning.

A decision tree is a flowchart-like structure in which each internal node
represents a "test" on an attribute (e.g. whether a coin flip comes up heads or tails),
each branch represents the outcome of the test, and each leaf node represents a
class label (decision taken after computing all attributes). The paths from root to leaf
represent classification rules. In decision analysis, a decision tree and the closely
related influence diagram are used as a visual and analytical decision support tool,
where the expected values (or expected utility) of competing alternatives are
calculated.

A decision tree consists of three types of nodes:
Decision nodes — typically represented by squares
Chance nodes — typically represented by circles

End nodes — typically represented by triangles

12



Decision trees are commonly used in operations research and operations
management. If, in practice, decisions have to be taken online with no recall under
incomplete knowledge, a decision tree should be paralleled by a probability model as
a best choice model or online selection model algorithm. Another use of decision
tree is as a descriptive means for calculating conditional probabilities. Decision trees,
influence diagrams, utility functions, and other decision analysis tools and methods
are taught to undergraduate students in schools of business, health economics, and
public health, and are examples of operations research or management science

methods.
ADVANTAGES:

Among decision support tools, decision trees (and influence diagrams) have several

advantages. Decision trees:

1. Are simple to understand and interpret. People are able to understand
decision tree models after a brief explanation.

2. Have value even with little hard data. Important insights can be generated
based on experts describing a situation (its alternatives, probabilities, and
costs) and their preferences for outcomes.

Help determine worst, best and expected values for different scenarios.

4. Use a white box model. If a given result is provided by a model.

5. Can be combined with other decision techniques.
DISADVANTAGES:

They are unstable, meaning that a small change in the data can lead to a large

change in the structure of the optimal decision tree.

1. They are often relatively inaccurate. Many other predictors perform better with
similar data. This can be remedied by replacing a single decision tree with a
random forest of decision trees, but a random forest is not as easy to interpret
as a single decision tree.

2. For data including categorical variables with different number of levels,
information gain in decision trees is biased in favor of those attributes with

more levels.

13



3. Calculations can get very complex, particularly if many values are uncertain
and/or if many outcomes are linked.
3.5.2 RANDOM FOREST:

Random forests or random decision forests are an ensemble learning method
for classification, regression and other tasks that operate by constructing a
multitude of decision trees at training time and outputting the class that is the
mode of the classes (classification) or mean prediction (regression) of the
individual trees. Random decision forests correct for decision trees' habit of
overfitting to their training set. The first algorithm for random decision forests was
created by Tin Kam Ho using the random subspace method,[2] which, in Ho's
formulation, is a way to implement the "stochastic discrimination” approach to
classification proposed by Eugene Kleinberg. An extension of the algorithm was
developed by Leo Breiman and Adele Cutler, who registered "Random Forests"
as a trademark. The extension combines Breiman's "bagging" idea and random
selection of features, introduced first by Ho and later independently by Amit and
Geman in order to construct a collection of decision trees with controlled

variance.

Instead of decision trees, linear models have been proposed and evaluated
as base estimators in random forests, in particular multinomial logistic regression

and naive Bayes classifiers.

As part of their construction, random forest predictors naturally lead to a
dissimilarity measure among the observations. One can also define a random
forest dissimilarity measure between unlabelled data: the idea is to construct a
random forest predictor that distinguishes the “observed” data from suitably
generated synthetic data. The observed data are the original unlabelled data and
the synthetic data are drawn from a reference distribution. A random forest
dissimilarity can be attractive because it handles mixed variable types very well,
is invariant to monotonic transformations of the input variables, and is robust to
outlying observations. The random forest dissimilarity easily deals with a large
number of semi-continuous variables due to its intrinsic variable selection; for

example, the "Addcl 1" random forest dissimilarity weighs the contribution of each

14



variable according to how dependent it is on other variables. The random forest
dissimilarity has been used in a variety of applications, e.g. to find clusters of

patients based on tissue marker data.
Advantages of using Random Forest:

As with any algorithm, there are advantages and disadvantages to using it. In the
next two sections we'll take a look at the pros and cons of using random forest for

classification and regression.

1. The random forest algorithm is not biased, since, there are multiple trees and
each tree is trained on a subset of data. Basically, the random forest algorithm
relies on the power of "the crowd"; therefore, the overall biasedness of the
algorithm is reduced.

2. This algorithm is very stable. Even if a new data point is introduced in the
dataset the overall algorithm is not affected much since new data may impact
one tree, but it is very hard for it to impact all the trees.

3. The random forest algorithm works well when you have both categorical and
numerical features.

4. The random forest algorithm also works well when data has missing values or
it has not been scaled well (although we have performed feature scaling in

this article just for the purpose of demonstration).

Disadvantages of using Random Forest:

1. A major disadvantage of random forests lies in their complexity. They required
much more computational resources, owing to the large number of decision
trees joined together.

2. Due to their complexity, they require much more time to train than other

comparable algorithms.

3.5.3 CONVOLUTIONAL NEURAL NETWORK(CNN):

In deep learning, a convolutional neural network (CNN, or ConvNet) is a class
of deep neural networks, most commonly applied to analysing visual imagery.
15



They are also known as shift invariant or space invariant artificial neural networks
(SIANN), based on their shared-weights architecture and translation invariance
characteristics. They have applications in image and video recognition,
recommender systems, image classification, medical image analysis, natural

language processing, and financial time series.

The name “convolutional neural network” indicates that the network employs a
mathematical operation called convolution. Convolution is a specialized kind of
linear operation. Convolutional networks are simply neural networks that use

convolution in place of general matrix multiplication in at least one of their layers.

A convolutional neural network consists of an input and an output layer, as
well as multiple hidden layers. The hidden layers of a CNN typically consist of a
series of convolutional layers that convolve with a multiplication or other dot
product. The activation function is commonly a RELU layer, and is subsequently
followed by additional convolutions such as pooling layers, fully connected layers
and normalization layers, referred to as hidden layers because their inputs and

outputs are masked by the activation function and final convolution.

Though the layers are colloquially referred to as convolutions, this is only by
convention. Mathematically, it is technically a sliding dot product or cross-
correlation. This has significance for the indices in the matrix, in that it affects
how weight is determined at a specific index point.

When programming a CNN, the input is a tensor with shape (number of
images) x (image width) x (image height) x (image depth). Then after passing
through a convolutional layer, the image becomes abstracted to a feature map,
with shape (number of images) x (feature map width) x (feature map height) x
(feature map channels). A convolutional layer within a neural network should

have the following attributes:
Convolutional kernels defined by a width and height (hyper-parameters).

The number of input channels and output channels (hyper-parameter).

16



The depth of the Convolution filter (the input channels) must be equal to the

number channels (depth) of the input feature map.

Convolutional layers convolve the input and pass its result to the next layer.
This is similar to the response of a neuron in the visual cortex to a specific
stimulus. Each convolutional neuron processes data only for its receptive field.
Although fully connected feedforward neural networks can be used to learn
features as well as classify data, it is not practical to apply this architecture to
images. A very high number of neurons would be necessary, even in a shallow
(opposite of deep) architecture, due to the very large input sizes associated with
images, where each pixel is a relevant variable. For instance, a fully connected
layer for a (small) image of size 100 x 100 has 10,000 weights for each neuron in
the second layer. The convolution operation brings a solution to this problem as it
reduces the number of free parameters, allowing the network to be deeper with
fewer parameters. For instance, regardless of image size, tiling regions of size 5
x 5, each with the same shared weights, requires only 25 learnable parameters.
In this way, it resolves the vanishing or exploding gradients problem in training
traditional multi-layer neural networks with many layers by using

backpropagation.
ADVANTAGES OF CNN:

e The usage of CNNs are motivated by the fact that they can
capture are able to learn relevant features from an image video at
different levels similar to a human brain. This is feature learning
I Conventional neural networks cannot do this.

e In terms of performance, CNNs outperform NNs on conventional
image recognition tasks and many other tasks. Look at the

Inception model, Resnet50 and many others for instance.
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CHAPTER 4
RESULTS AND DISCUSSION
4.1 OBJECTIVE OF THE PROJECT:

To provide a flawless, trustworthy model for prediction of Election results from
the speech signal to capture the audio signal in order to measure emotion levels of
at least 100 individuals. To extract features like pitch, MFCC, speech rate, formant,
frequency, Wavelet packet cepstral coefficient from the audio signal. To classify and
determine the classes of emotion(happy, angry, neutral).

4.2 SPEECH EMOTION RECOGNITION:

Speech Emotion Recognition, abbreviated as SER, is the act of attempting to
recognize human emotion and affective states from speech. This is capitalizing on

the fact that voice often reflects underlying emotion through tone and pitch.

Emotion Classification in Decision Tree

140 A

120 A

100 A

2

20 1

Meutral Calm Happy Sad Angry  Fearful DisgustSurnprise

Fig.4.1: Classification of Emotions using Decision Tree

Emotions are classified by extracting the values from Decision tree.
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Emotion Classification in Random Forest

140 A
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100

Meutral Calm Happy Sad Angry Fearful DisgustSurprise

Fig.4.2: Classification of Emotions using Random Forest

Emotions are classified by extracting the values from Random Forest.

Emotion Classification in CHNM

140 A

Meutral Calm Happy 5Sad Angry Fearful DisgustSurprise

Fig.4.3: Classification of Emotions using CNN

Emotions are classified by extracting the values from CNN.
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Fig.4.4: Confusion matrix

Confusion matrix has been drawn from the values extracted from input audio signal
for Decision tree, Random Forest and CNN. A confusion matrix is a summary of
prediction results on a classification problem. The number of correct and incorrect
predictions are summarized with count values and broken down by each class. This
is the key to the confusion matrix. The confusion matrix shows the ways in which

your classification model is confused when it makes predictions.
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Fig.4.5: Model loss and Model Accuracy graph

Model loss and Model accuracy has been calculated by extracting loss and accuracy

values from audio signal.
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Fig.4.6: Precision Scores
Precision is defined as the fraction of relevant instances among retrieved instances
in pattern recognition, informational retrieval and classification of machine learning
algorithms. Precision scores of Decision tree, Random forest and CNN were

calculated and plotted on the graph.
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Fig.4.7: Recall values

Recall is defined as the fraction of the total amount of relevant instances that were
actually retrieved in pattern recognition, informational retrieval and classification of
machine learning algorithms. Recall values of Decision tree, Random forest and

CNN were calculated and plotted on the graph.
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Fig.4.8: F1 Scores

F1 score values of Decision tree, Random forest and CNN were calculated and
plotted on the graph.F1 score might be a better measure to use if we need to seek a

balance between precision and recall values.

Accuracies

100 -

20

Decision Tree Random Forest onn

Fig.4.9: Comparison of accuracy
The accuracies calculated from the audio signal using three algorithms has been
compared and plotted as graph.
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Happy 14%

Calm 13%

Sad 11%

Meutral 8%

Angry 12%

Surprise 14%

Fearful 14%

Disgust 14%

Fig.4.10: Pie chart of classified Emotions

From the above figure we are inferred that 14% of the people are happy, 12% of the
people are calm, 8% of the people are neutral, 14% of the people are surprise, 14%
of the people are disgust, 14% of the people are fearful, 12% of the people are angry

and 11% of the people are sad.
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CHAPTER 5
CONCLUSION AND FUTURE WORK

5.1 CONCLUSION:

Our aim is to provide a flawless model for speech emotion recognition by
extracting acoustic MFCC feature from the audio signals and classify the classes of
emotion like Neutral, Calm, Disgust, Happy, Sad, Angry, Fearful and Surprise using
Decision tree, Random forest and CNN (Convolutional Neural Network) to achieve
an overall increase in accuracy when compared to all traditional algorithms.

After we acquire the accuracy values of all algorithms, we can use the best
algorithm to obtain the emotions from audio signal, then we have calculated eight
type of emotions happy, sad, angry, neutral, surprise, calm, fearful, disgust. By this

we can predict the Election results.

5.2 FUTURE WORK:

In future we can add more audio and video files and extract more features
from the enhanced speech to classify emotions. We can extract a greater number of
futures like WPCC, LPCC, Filter bank etc. By using different algorithms, we can

improve accuracy.
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APPENDICES

A. SOURCE CODE:

I pip install librosa
import librosa
from librosa import display

data, sampling rate = librosa. load('C:/Users/hp/Desktop/Emotion-Classification-

Ravdess-master/Emotion-Classification-Ravdess-master/data/user 1/chunk0.wav')
%pylab inline

import 0s

import pandas as pd

import glob

plt.figure(figsize=(12, 4))

librosa.display.waveplot(data, sr=sampling_rate)

import time

path = 'C:/Users/hp/Desktop/Emotion-Classification-Ravdess-master/Emotion-

Classification-Ravdess-master/data’
Ist =]

start_time = time.time()

for subdir, dirs, files in os.walk(path):

for file in files:

try:
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#Load librosa array, obtain mfcss, store the file and the mcss information in a

new array
X, sample_rate = librosa.load(os.path.join(subdir,file), res_type='kaiser_fast’)

mfccs = np.mean(librosa.feature.mfcc(y=X, sr=sample_rate,

n_mfcc=40).T,axis=0)
# The instruction below converts the labels (from 1 to 8) to a series from 0 to 7

# This is because our predictor needs to start from O otherwise it will try to

predict also 0.
file = int(file[7:8]) - 1
arr = mfccs, file
Ist.append(arr)
# If the file is not valid, skip it
except ValueError:
continue
print("--- Data loaded. Loading time: %s seconds ---" % (time.time() - start_time))

# Creating X and y: zip makes a list of all the first elements, and a list of all the

second elements.

X,y = zip(*Ist)

import numpy as np

X = np.asarray(X)

y = np.asarray(y)

X.shape, y.shape

# Saving joblib files to not load them again with the loop above
import joblib

X_name = 'X.joblib’
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y_nhame ="y.joblib’

save_dir = 'C:/Users/hp/Desktop/Emotion-Classification-Ravdess-master/Emotion-
Classification-Ravdess-master/features'

savedX = joblib.dump(X, os.path.join(save_dir, X_name))
savedy = joblib.dump(y, os.path.join(save_dir, y_name))
# Loading saved models

X = joblib.load('C:/Users/hp/Desktop/Emotion-Classification-Ravdess-

master/Emotion-Classification-Ravdess-master/features/X.joblib")

y = joblib.load('C:/Users/hp/Desktop/Emotion-Classification-Ravdess-

master/Emotion-Classification-Ravdess-master/features/y.joblib")
from sklearn.model_selection import train_test_split

X train, X test, vy train, y test = train_test split(X, vy, test size=0.33,
random_state=42)

from sklearn.tree import DecisionTreeClassifier
dtree = DecisionTreeClassifier()

DecisionTreeClassifier(ccp_alpha=0.0, class_weight=None, criterion='gini’,
max_depth=None, max_features=None, max_leaf_nodes=None,
min_impurity_decrease=0.0, min_impurity_split=None,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf=0.0, presort="deprecated’,

random_state=None, splitter='best’)

dtree.fit(X_train, y_train)
predictions = dtree.predict(X_test)
from sklearn.metrics import classification_report,confusion_matrix

print(classification_report(y_test,predictions))
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from sklearn.ensemble import RandomForestClassifier

rforest = RandomForestClassifier(criterion="gini", max_depth=10,

max_features="log2",

max_leaf _nodes = 100, min_samples_leaf = 3,
min_samples_split = 20,
n_estimators= 22000, random_state= 5)
RandomForestClassifier(bootstrap=True, ccp_alpha=0.0, class_weight=None,
criterion="gini', max_depth=10, max_features='log2’,
max_leaf _nodes=100, max_samples=None,
min_impurity_decrease=0.0, min_impurity_split=None,
min_samples_leaf=3, min_samples_split=20,
min_weight_fraction_leaf=0.0, n_estimators=22000,
n_jobs=None, oob_score=False, random_state=5, verbose=0,
warm_start=False)
rforest.fit(X_train, y_train)
predictions = dtree.predict(X_test)
from sklearn.metrics import classification_report,confusion_matrix
print(classification_report(y_test,predictions))
from sklearn.ensemble import RandomForestClassifier
rforest = RandomForestClassifier(criterion="gini", max_depth=10,
max_features="log2",
max_leaf nodes = 100, min_samples_leaf = 3,

min_samples_split = 20,
n_estimators= 22000, random_state= 5)

RandomForestClassifier(bootstrap=True, ccp_alpha=0.0, class_weight=None,

criterion="gini', max_depth=10, max_features='log2’,
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max_leaf_nodes=100, max_samples=None,
min_impurity_decrease=0.0, min_impurity_split=None,
min_samples_leaf=3, min_samples_split=20,
min_weight_fraction_leaf=0.0, n_estimators=22000,
n_jobs=None, oob_score=False, random_state=5, verbose=0,
warm_start=False)

rforest.fit(X_train, y_train)

predictions = rforest.predict(X_test)
print(classification_report(y_test,predictions))
X_traincnn = np.expand_dims(X_train, axis=2)
X_testcnn = np.expand_dims(X_test, axis=2)
X_traincnn.shape, x_testcnn.shape

import keras

import numpy as np

import matplotlib.pyplot as plt

import tensorflow as tf

from keras.preprocessing import sequence

from keras.models import Sequential

from keras.layers import Dense, Embedding
from keras.utils import to_categorical

from keras.layers import Input, Flatten, Dropout, Activation
from keras.layers import ConvlD, MaxPooling1lD
from keras.models import Model

from keras.callbacks import ModelCheckpoint

model.add(Dropout(0.1))
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model.add(Flatten())
model.add(Dense(8))
#model.add(Activation('softmax’))
model.add(Dense(10))
model.add(Activation('softmax’))
opt = keras.optimizers.rmsprop(Ir=0.00006, decay=1e-6)
#opt = keras.optimizers.rmsprop(Ir=0.00005, rho=0.9, epsilon=None, decay=0.0)
model.summary()
model.compile(loss="sparse_categorical_crossentropy’,
optimizer=opt,
metrics=['accuracy')
plt.plot(cnnhistory.history['loss")
plt.plot(cnnhistory.history['val_loss'])
plt.titte('model loss")
plt.ylabel('loss")
plt.xlabel('epoch’)
plt.legend(['train’, 'test], loc='upper left’)
plt.show()
plt.plot(cnnhistory.history['accuracy')
plt.plot(cnnhistory.history['val_accuracy’)
plt.title('model accuracy’)
plt.ylabel(*accuracy’)

plt.legend(['train’, 'test’], loc="upper left’)
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plt.show()
loss, acc = loaded_model.evaluate(x_testcnn, y_test)
print ("Restored model, accuracy: {:5.2f}%".format(100*acc))

B. PUBLICATION WITH PLAGIARISM REPORT:
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Abstrace- Even thopgh artificial intelligance has made
remendous mefculous ourcame, there & 8 gap and
Isrge diirst for speech amotion recognition in afecove
compriing. Since machines don’t understand the
Human amoffons, nanrrel human compoter fntergction
is srruggling a leof fo sirive and compete with foday's
market Survey of past electon results and predicton
bave become crocial and owr-dered since the surveys
could never clearly depices the real mental stafe of an
Indfiidnel Since the wealth apd @Emilisricy of the
political peaple has biz title role in many surveys, Jir is
really por tusmmorthy No surveys can  really
understand the guth fn the besrt of the common
people. 5o 8 novel approach iz developed for day o day
phyzical and peprhological behatiour of bumans which
is imffmenced by amotions Odher thap bebharvioural
arpressions, amotian recogmition ffam speech sismal iz
& challenging modelity. For the implementsfion, we
take ar leasr 100 audio signaels of different area, willage,
fown, disftrict, community, relision and proivilesed
people and we pse & pDice guesfonnaire secton (20
guestions) thar could really record the real emotion of
the peaple MFOC (Mel-Frequency Cepsoral
Coafficient) fesmre is extracted and classiffed with
Decisgion Tree, Random  Foresr and CNNW
(Convelutiona] Neurs! Nemmork) to give the ejghr
clazses of amotions mamely Newmal Disgust Calm,
Angry, Happy, 5ad Fearful and Suorprize. Any
raditonal alporithm can be compared o defermine the
performance of speech amotion recognigion.

Eeymords: Speech Emoton Recognition, MFOC,
Decision Tree, Random Forest, CNN.

I. INTRODUCTION

Emotion plays a  sigoificant role inm
nnderstanding and conveying the feelings in day to day
life (Male or Female) that are exprassed through nmltipla
channels such as linguistic content, voice characterisdcs,
facial expressions, and gesmres. There are several ways
0 recognize bhuman emotions. Some of them are
recognition of emotions through speech, facial
expressions and physiological signals. In recent years,
there are many applications like entertainment, robots,
audie surveillance, web-based E-leaming for detecting
human emotions. Many algorthms like CMNN, 5VM
(Support  Vector  Machine), Gamssiam Mixfure
Model(GMM), Hidden Markov Model(HMM) are used
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te classify different nypes of emotions like anger, fear,
jov, sadness, surprise etc. by extracting acoustic feanaras
like piich, MFCC |, Sequency, WPCC{wavelet packet
cepsiral coefficient).

Emotions can be either posidve or negative
bazed on the simaton of the person. Fesearchers belisve
that speech is the fastest way of communication when
compared to other namral methods, Differant types of
feamres like MFCC, WPRCC are used for extracting
spectrograms from speech sizmal, utterances fom speach
sipnals and waveforms from speech signals. By using
Automated Speech Emotion Fecognition, we can do
several ressarches im the area of emotion recognition,
general clazsification, pattern recognition etc which can
also be unsed in detection of cyber-crimes. Several
methods lLike MFCC exgaction, Cost Mamix Method,
LPCC (Linear Prediction Cepsoal Coefficient) feamire
exmraction methods are used o process speech signals.

II. STATE OF ART

Ismail Shahin etal (2019) proposed a mowel
methodology to identdfy six different emotions using a
hybrid cascaded GMM and DM by using Emnirat
Arabic -emphssized speech database. They hawve
exfracted MFCC feamre from the speech sigmal which
gives pitch of luman suditory system and logarithmic
perception of onset to detect the emotions. For extracting
MFCC feature speech signals are converted into discrets
cosign fransform to acguire spectral coefficients. They
have achieved 33.97% by using GMM-DINI classifier
while using 5VM and MLP they achieved 80.33% and
G0 T8% to et better system performance in the presence
of noisy signal they have provided dominant signal mask
for hybrid classifier.

Yuan chao H etal (2019) has classified emotion
using spectrogram by exmacting feamres like pitch,
MFCC, energy from iemocap database to perform gender
claszsification. They have used the combination of CHMN-
BLSTM in E2E manner for training the model and
achieved an sbsolute increase in owverall accuracy by
T.T%bwhencompared to other mmaditional algorithms.
Spectrogram with deltas and delta-deltas are exoacted
and given as ioput to neural network. They have
implemented CHMN-BLETM model using keras snd
optimized by Adam method.



Santiage Pascual etal (201%) has proposed an
improved self-supervised method in which mmltiple
workers like waveform, MFCC, LPS prosody solve
different self-supervised tasks which is followed by a
single nenral coder to extract ransferable robust problem
agnostc feamures like speaker identity phonemes
emofional cues from speech signal They discovered
robust representation direction fom the raw speech
waveform using PASE which can be used as premained
network to avoid mained models from scratch.

John W. EKim et.al (2018) has proposad SV
and EMnpet medel which combines DMIN to extract
paterns of featires with high level representation and nse
of common fesmres which is wuseful for emotion
recognition. In this model they have extracted mulh
dimenszion feature vectors and speech signal for every 10
msec using 30 msec hamming window. They have used
EMO-DE database which contains 535 speech wave files
and 10 short sentences labelled with one of the common
emofions. They have achieved ES8.9% accuracy from
compare across 98 mails.

Jilt Sebastisn et.al (2019) has westigated the
use of LSTM (long short-term memory) with pretrained
text-based emoton recognition and CHWN for emotion
recognition with speech by combining fusion techniques.
They have used IEMOCAP mmiti model dataser and
adopted various fusion swategies to achieve overall score
for each emotion. They have exiracted feamires using
CHIN flom ufterance anscriptions by taking 300
dimensional pretrained word embeddings and for each
utterance aconstic features are extracted in each stage for
building join CHM model using early fusion to improve
performance.

Fheng Lism et.al (2018) has proposed a movel
method named pair wise discriminative task (PDT) to
obtain high level andic wvectors and compared with
traditional classification task. Spectrogram based self-
attentional CHM-BLSTM model is used to classify
emotions in E2E manner. A tofzl mumber of 5531
utterances are nied to recognize the emotions. They have
exfracted acoustc snd prosodic features like MFCC,
pitch, enerzy using IEMOCAP database and achieved
increase in overall accuracy by 7.7% when compared
with other traditional methods.

Wei Jiang etal {2019} used DM alporithm to
exiract the feamre representations from Heterogeneous
acoustic feamure groups. They have extracted aundio data
from vwideo dama of IEMOCAP dataset to recogmize
performance of proposed DWW architecture To leam
discriminative acoustc feature representation to obtain
informative features 3 fusion network is rained jointly.
EWM iz used to recogmize task and achieved 64% when
compared to existing approaches.

Zheng Lian etal (2019) has combined future
observation  predicion-unsupervized — represantation
leaming swategy with wansfer leaming spproaches o
verify effeciveness of proposed system They have
conducted experiments to demonstrate the superority of
proposed system on advanced umsapervised leamning
srategies by wmsing [EMOCAP database They have
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tested each configuration 20 times. They have used
Adam opimization scheme with leaming rate of 0.01 and
back size of 32 to ontperform the main stream named
semi-supervised and umsupervised leaming srategies
above 4% for speech recogmition.

Fajesv Ranjan etal (2019) has fltered aundio
signal by extracting features like pitch fequency and
cepsiral coefficients wmsing festire exiraction techmigque
and perform comparative analysis using different types
of MFCC feamre extraction metheod They have
mansformed auwdio waveform to Tequency domain
representation for advanced processing and analysis. In
this proposed system they have analysed speech in each
short frame window to obtain a spectom by FFT and
conchoded delia-delta MFCC fomre extraction techmigue
iz batter than other feature extraction technigune.

Vladimir Chernykh et.al (2017) has proposed a
novel approach named DENMN (deep recurrent meural
network) with a sequence of rained acoustc features and
compared with recent advances they have classifed
spesech by emotion and ime properties of emotions. They
have nsed IEMOCAP damabase which consists 12 hours
of sudio-visual data. The audio signals are divided into
small uiterances and each ufterance is evalnated Som 3
to 4 assessors based oo andie and wvideo streams to
recognize the emotions. They have compared BLSTM
performance in one label approach and CTC approach
and predicted the sequence of emotions for one utterance.

Sujay Angadi etal (2019) has proposed a nowvel
method named CHNN-BLSTM to classify buoman
emotons and measure parameters like precision, recall
and accuracy. They have extracted spectral and temporal
features to improve SER performance. IEMOCAP
datsbase is used to classify emotions by comparing
CHIM-BLSTM method with 5VM and achieved an
increase in 9.83% acouracy.

Hemantha Fumar Pale etal (2018) has
developed a feamre extraction technigue to reduce
combination feamres by extracting features like wavelet
coefficient, LPCOC, MFCC for recognizing five different
emotions. They have compared EMO-DBE databasze with
SAVEE database to validate accuracy and to recognize
common srousial emotions by using different ratos of
predefined maining, testing snd validation data They
have achieved #1.82% and 93 67% accuracy from EMO-
DB and SAVEE for first 16 cepsiral coefficients using
BEEFHN classifier.

Moushin  Hajarolasvadi etal ({2019) has
proposed 3 novel method named k-means clustering to
predict the emoton in the speach signals. They hawve
extracted 38 types of different dimensional vectors of
sndio featres like MFCC, Pich and Intensity of each
frame which iz splitted by amalysis of speech signals.
They have achieved B1.05%, 77%% and 72.33% by
extracting audio features using SAVEE, BML and
EWNTEER(S database by applying 5V classifier.

Yea Hoon Ewen etal (2018) has proposed a
CHIM model to classify emotion based on mult-model
dats and improwved the acouracy of human emotions.



They have combined both EEG (Electto Encephalon
Gram}) and G5B (Galvanic Skin Fesponse) signals which
are pre-processed by Zero crossing rate. They have
achieved 73 4% acouracy after moise removed and data
pIoCessing.

Heekyung Yang etal (201%) has proposed a
novel method multi-column CHEI to recognize emotions
from Electro Encephalon Gram (EEG) signals. They
have used DEAP damaset and circumplex medel with
balance and arouszal to classify emotions and compare
accuracies based on votng and weighted sum and also
compared with different traditional algorithms.

oI, SUMMARY OF EXISTING WORK

In existing system different types of emotions are
recognized by using hybrid of cascaded GMM, DNNM,
CHIM-BLETM, and SVM algorithms by taking different
types of damsets like Epmrati speech damabase,
IEMOCAP, SAVEE, EMO-DE. They have extracted the
maost commonly uwsed feamres like Mel-frequency
cepstral coefficient, WPCC, pitch, energy from the
speech signal to detect buman emotions by taking several
trials using mained models. In some model’s utterances to
classify emotions and to extract pamem of feamres and
achieved an increase in acouracy for better system
performance im the pressnce of spectrogram, noisy
signals and wave models.

IVv. METHODOLOGY

In this project, we have collected dataset in audio format
from 100 people with different perceptions, religion and
region. Below figure 1 explains the block disgram of the
proposed work. In the field wisit, we have asked different
set of questions to the people. A sampls questionnaire is
given in table 1.
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Imitially the audio files are pre-processad to remove noise
in the sudio using kalman filter and the MFCC feature is
exfracted. The extracted feature is classifed with 3
different classification zlgorithms and the people with
different emotions are evalnated Also the acouracy of
emotion recognition is calculated to Teveal the best
claszsification algorithm.

Table.1:
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4, Do vou thisk ol present o ernmiend i well enongh in decision makingflescly
suur ansser)

5. Do vou thiak ohe present Goverament is well enowsh io law making, (Juscly

vir anssir]

1. Pre-processing:

The wav file is splited into different chunks each of 3
seconds. Each chunk iz fed to the Kalman Filter to
remove the background noise. Since the background
noise (from fan, vehicles) fluctnates over time, it is better
to reduce or remove the noise from the wav file to
enhance the speech gqualicy. Figure I gives the pre-
processing of the madio with Kalman Filter. The outcome
of the filter is Enhanced sudio signal without any loss of
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Figure 1. Block Diagram of Speech Emotion
Recognition,
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Figure 2. Enhanced Speech

Ealman Filter:

Ealman filter is used to predict unknown waloes more
accarately by taking data mputs Som multiple sonrces. It
estimates unknown wvariables from high lsvel of sigmal
noise to get enhanced speech from the wav sigmal It is
mostly used In navigation and control technology. An
Estimation equation X i is calcolsted by adding



measured value Z, and Kalman gaimm K to previous
estimation equation X g _,. Extracting audio features plays
a vital role m classification of emotions.
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2. Feature Extraction:

In the proposed system we have extracted MFCC fearure
from zudio signal to identify the human emotion.
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Figure 3, Plotting .wav form of Aundio Signal
H 1 b 3 { i i

Figure 4. MFCC feature

The coefficients that made up of Mel-Frequency
cepstrum 15 called Mel-Frequency cepswal coefficient.
MFCC are derived from a type of cepstral representation
of an asudio fSle equally spaced on Mel scale. In this
Founer transform of signal is taken and maps the power
of spectrum that has been obtained on Mel scale along
with this logs of power and discrete cosine transform is
taken and calculated. The ampliude of the resulting
spectrum is MFCC.

3. Classification of Emotions:

Emotion recognition bhelps to understand the real
intensity of the person by classifying the bumsan
emotions. In this proposed system, the audio files are
taken as inpur and pre-processed audio files are used to
identify acoustic MFCC (Mel-Frequency Cepstral
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Coefficient) feature. The exmwacted feature 13 classifed
with Decision Tree, Random Forest and OCNN
(Convolunonal Neural Network) to give the eight classes
of emotions namely Happy, Sad, Neutral, Calm Disgust,
Angry, Fearful and Surprise. Any waditional algorithm
can be compared to determine the performance of SER.

3.1 Decision Tree:

Decision tree is easy to understand and used for solving
classification and regression problems. The aim of the
decision tree is to predict class or value of the target
variable by simple decision terms taken from training
data from the created traming modal,

3.2 Random Forest:

A large noumber of individual decision mees that operates
as an ensemble is called as random forest. Class
prediction is done in each mmdividual tree. In random
forest the class with more pradictions is taken as
prediction model.

3.3 CNN (Convolutional Neural Network):

CNN 15 a class of deep peural nerwork mostly used in
image processing, speech recognition. CNN consists of
Multi-Layer perceptron’s (fully-connected networks),
each neuron in one layer is connectad to all neurons in
next layer. In CNN we can take Hierarchical patterns in
data and assemble complex patterns using simple and
smaller patterns.

V. RESULTS AND DISCUSSION
Precision:
Precision is defined as the fraction of relevant instances
among retrieved instances in pattem recognition,

informational rewrieval and classificagon of machine
leamning algonthms.
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Figure 5. Precision scores
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Recall:

Recall is defined as the fraction of the total amount of
relevant instances that were actually retnieved in pattern
recognition, informational retrieval and classification of
machine leaming algorithms.
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Figure 6. Recall values
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F1.Score:

F1 score is defined as hanmonic mean of the precision
and recall in statistical analysis of binary classification.
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Figure 7. F1 Scores
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Figure 8. Confusion matrices
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In the above figure the confusion matrix of Decision

Tree, Random Forest and CNN are drawn by extracting fl score,

precision and recall values
- "ff'_."_ - —— M&xnl}q .
= b A/ﬁ

Figure 9. Model loss and Model Accuracy graph
In the above figure Model loss and Model accuracy

is plotted by extracting the loss and accuracy valies from the
audio signal.

Emotion Classification in Decision Tree

Neutral Calm  Happy Sad Angry Fearful DegustSurprise

Figure 10. Classification of Emotions using Decision
Tree

In the above figure we have classifisd and plotted

the emotions that have been extracted fom the audio sigmals

Emotion Classification in Rarndom Forest

100

g 8§ § 8

Neutral Calm Heppy Sed  Aogry Fearful DisgustSurpnse

Figure 11 .Classification of Emotion using Random
Forest

In the above figure we have classifisd and plotted
the emotions that have been extracted from the audio signals
using Random Forest.




Ermotian Classification in CNN

Meutral Calm  Happy Sad  &ngry Fearful DisgustSurprise

Figure 12. Classification of Emotions using CHNN
In the abowe Szure we have classified and plotted
using T,

Accuracies

Decision Tree Random Forest mn

Figure 13, Comparison of accuracy
In the above figure we have compared the accuracies
of Decision Tree (709%:), Random Ferest {75%) and CHN (96%).
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Figure 14, Pie chart of classified Emotions

From the abowve figure we are inferred that 14% of the
people are happy, 127 of the people are calm, 2% of the people
are neutral, 14% of the people are surprise. 14% of the people
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are disgust, 14% of the people ars fearful, 12% of the people are
anery and 11% of the people are sad.

V1. CONCLUSION

Our aim is to provide a flawless model for
speech emotion recogmition by extracting acoustc
MFCOC festure from the audio signals and classify the
clazzes of emotion like Wentral, Calm Disgust, Happy,
Sad, Anpgry, Fearful and Surprize using Decisionires,
Fandomforest and CHI (Convelotional Mearal Metwork)
to achiewe an overall increase in accuracy when
compared to all maditonal algorithms.
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