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The possibility to fluctuate vocal sounds to deliver discourse is one of the significant highlights which separate people from other 

living creatures. It is possible to distinguish  human feeling by a few credits like pitch, tone, tumult, and vocal tone. It has frequently 

been seen that people express their feelings by changing different vocal credits during discourse age. Subsequently, recognizable 

proof of human feelings utilizing voice and discourse examination has a reasonable chance and might be gainful in working on 

human conversational abilities. One can follow an algorithmic methodology for discovery and investigation of human feelings with 

the assistance of voice and discourse handling. The proposed approach has been created with the goal of consolidation with advanced 

AI frameworks for further developing human-PC collaborations with the assistance of AI models SVM (Support Vector Machine) 

and CNN (Convolution Neural Networks) by the extraction of MFCC features. 
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INTRODUCTION 

Detecting emotions is one of the most important marketing strategy in today’s world. One could personalize different 

things for an individual specifically to suit their interest. For this reason, it was decided to do a research where one could 

detect a person’s emotions just by their voice which will let us manage many AI related applications. Some examples 

could be including call centers to play music when one is angry on the call. Another could be a smart car slowing down 

when one is angry or fearful. As a result this type of application has much potential in the world that would benefit 

companies and also even safety to consumers. speech data which is available in three different format : Audio Visual – 

Video with speech, Speech – Audio,Visual – Video only. The Audio only zip file dealing with finding emotions from 

speech. The zip file consisted of around 1500 audio files which were in wav format. Each audio file has a unique 

identifier at the 6th position of the file name which can be used to determine the emotion the audio file consists.Five  

different emotions are included in the  dataset comprising of Calm, Happy, Sad, Angry and Fearful. Librosa library in 

Python to process and extract features from the audio files. Librosa is a python package for music and audio analysis. It 

provides the building blocks necessary to create music information retrieval systems. Using the librosa library we were 

able to extract features i.e MFCC(Mel Frequency Cepstral Coefficient). MFCCs are a feature widely used in automatic 

speech and speaker recognition. We also separated out the females and males voice by the using the identifiers provided 

in the website. This was because as experiment we found out that separating male and female voices increased by 15%. 

It could be because of the pitch of the voice was affecting the results. 

 

 
Fig 1: Automatic speech and speaker recognition 
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Each audio file gave us many features which were basically array of many values. These features were then appended by 

the labels which we created in the previous step. The next step involved dealing with the missing features for some 

audio files which were shorter in length. We increased the sampling rate by twice to get the unique features of each 

emotional speech. We have not increase the sampling frequency even more since it might collect noise thus affecting the 

results. 

 

Speech Emotion Recognition 
Speech Emotion Recognition (SER) is a system that can identify the emotion of different audio samples. From the 

description, this task is similar to text sentiment analysis, and both also share some applications since they differ only in 

the modality of the data – text versus audio. Like sentiment analysis, you can use speech emotion recognition to find the 

emotional range or sentimental value in various audio recordings such as job interviews, caller-agent calls, streaming 

videos, and songs. Moreover, even music recommendation or classification systems can cluster songs based on their 

mood and recommend curated playlists to the user. It is safe to assume that the complex algorithms of Spotify and 

YouTube also have an SER component that helps in music recommendations. From a machine learning perspective, 

speech emotion recognition is a classification problem where an input sample (audio) needs to be classified into a few 

predefined emotions. Of course, the challenge in this problem goes beyond technical – how does one even define 

emotion and consistently decide the class given an audio sample that can be ambiguous to even humans. The issue is 

more pressing for dataset creators, but it also becomes essential while evaluating a trained model. Further below, we will 

see that our dataset contains two similar-sounding emotions, “calm” and “neutral,” which can be tricky for even humans 

to ascertain in ambiguous cases. Meanwhile, “angry” and “happy” have prominent differences that the model can 

quickly learn. Human speech contains several features that the listener interprets to unpack the rich information 

transmitted by the speaker. The speaker also inadvertently shares tone, energy, speed, and other acoustic properties, 

which helps capture the subtext or intention and literal words. 

 

Proposed Model 
RNN/LSTMs: The models perform computations on a timestep sequence, meaning they can remember past data from 

the same sample while processing the next timestamp. Numeric features are fed to a neural network that generates an 

output logit vector. The output features can be mapped to text data using a decoding technique such as HMMs or 

Connectionist Temporal Classification (CTC). 

 

Attention-based models: These are now the most used models for any task that involves mapping two data formats. 

An attention-based model can use previously predicted sequences and learn the mapping of new ones using an encoder-

decoder approach. 

 

Listen-Attend-Spell (LAS): This was one of the first approaches to combine the above two methods by creating an 

encoder that learns features using bidirectional LSTMs. Next, the decoder is designed to be an attention-based unit that 

learns from the learned representation of the encoder to produce an output probability for the next character sequence. 

For the classification problem of Speech Emotion Recognition, LSTMs or their more complicated versions are used 

when dealing with MFCCs as time-series data. They capture the changes in features over time for a given speech sample 

and model the behavior to predict the emotion class. 

 

MLP Model: The MLP model we created had a very low validation accuracy of around 25% with 8 layers, softmax 

function at the output, batch size of 32 and 550 epochs. 

 

Experimental Results 
The data contains 3-second audio clips spoken of the same two sentences by 24 different actors over an emotional range 

of 7 emotions. Moreover, 12 male and 12 female actors give the data a more diverse and challenging range. Thus there 

are a total of 1440 samples. 

• Modality (01: full-AV, 02: video-only, 03: audio-only). 

• Vocal channel (01: speech, 02: song). 

• Emotion (01: neutral, 02: calm, 03: happy, 04: sad, 05: angry, 06: fearful, 07: disgust, 08: surprised). 

• Emotional intensity (01: normal, 02: strong). NOTE: There is no strong intensity for the 'neutral' emotion. 

• Statement (01: "Kids are talking by the door", 02: "Dogs are sitting by the door"). 

• Repetition (01: 1st repetition, 02: 2nd repetition). 

• Actor (01 to 24. Odd-numbered actors are male, even-numbered actors are female) 

 

Analysis:  
MLP Model: The MLP model we created had a very low validation accuracy of around 25% with 8 layers, softmax 

function at the output, batch size of 32 and 550 epochs. 
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Fig 2: MLP model 

 

We built a Multi Perceptron model, LSTM model and CNN models. The MLP and LSTM were not suitable as it gave us 

low accuracy. As our project is a classification problem where were categorize the different emotions. 

 

 
Fig 3: Training and Testing the CNN-LSTM Network 

 

 
 

The final test and train results were as follows: 

 
So we see a slight improvement in training than before. While the validation accuracy has dropped, we have scope for 

improvement given the ample size of the dataset and superior model complexity. We did not have this scope in the 

earlier model as it risked overfitting by increasing the number of layers. For more insight into the training and testing, 

plot the loss and accuracy curves from model history as we did before. The loss curves show how validation loss 

fluctuates highly. An early stopping strategy can help stop the training at the best loss or accuracy performance if the 

performance does not improve after a fixed number of steps. 
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Conclusion 
After building numerous different models, it has been found that this model gives the best output for the  emotion 

classification problem.  A validation accuracy of 70% is achieved with  this model. The model could perform better if 

provided with more test data and the proposed model also skillfully  distinguished  between a male and a female voice. 

Predictive analysis of the proposed model is noteworthy. In the future , a sequence-to-sequence model to generate voice 

based on different emotions could be built to enhance this work. 
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