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Abstract 

The field of emotional speech has been expanding significantly for many years. Machines 

cannot sense or display emotions, and humans are despised for doing so. The system's ability 

to identify emotions is becoming more automated as a result of human-computer 

interaction.  The need for human involvement was lessened.  The author of this study examines 

the speech signals associated with various emotions, including joyful, sad, angry, and neutral. 

They have included speech analysis and several categorization techniques. The procedure for 

extracting and creating the different characteristics from the signals is applied to the sound 

speech signal. For the most effective finding technique, the author has employed data pre-

processing, data cleaning, data visualization, and creating the models. The most common 

techniques utilized in SER detection are deep learning techniques. In order to detect emotional 

speech signals for this publication, the researcher used deep learning techniques including 

Convolutional Neural Networks (CNN), GRU (Gated Recurrent Unit), and Long-Term Short 

Memory (LSTM). The author has recognized the many emotions that a person experiences. 

They also observed emotions and extracted emotional features from speech. In the LSTM 

model, the author received the highest possible accuracy score of 87%. The optimal answer for 

this strategy was found to be the detection of emotional sound recognition and identification.  
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1 Part l-Project Plan 

Detection of Emotion from Sound or Speech 

1.1 Introduction 

The emotion in a speech is the vital information that gets conveyed from the speaker to the 

listener. According to Micallef et al. (2022), the speaker conveys the intended emotions 

through acoustic cues and the perception of the cues heard by the receiver perceives the 

information. It is a well-known fact that of all living beings, human beings are the only beings 

with the ability to make different sounds using vocal cords and express different emotions. This 

project aims to use artificial intelligence algorithm-based approaches to detect different 

emotions with the help of sound and speech processing techniques. Dargan et al. (2020) suggest 

that in recent days, speech or sound emotion recognition is an important factor and it is the 

main challenging task for ML and DL techniques. Its main aim is to recognize the emotional 

aspects of sound or speech rather than the semantic stuffing. According to Hassouneh et al. 

(2020), there are different real-time techniques to detect emotion in sound or speech which 

creates efficient and real-time applications. The real-time application includes devices to detect 

sound and emotions by using a mobile phone, call centers, customers, car drivers, and pilots. 

Sound is identified mainly by the human-machine communication process. As a result, it can 

be assumed that the audio files will be the input to a DL model in this project and that packages 

linked to dealing with his audio files, as well as making and operations, will be an important 

duty in this study. 

1.2 Human Emotions and Background 

Human emotions are general and every human being’s experiences show the actions of the face 

according to psychologists.  However, the view of human emotions in the terms of psychology 

can be defined as something which can define the actions of the face and the characteristics of 

a human.  As per the psychologists’ terms and references it shows that there are 7 types of 

emotions which include beings that are disgusting, fearful surprising, happy, and even angry 

(Cosmides and Tobby, 2000). However, these emotions are a product of some of the emotions 

like feeling Pride excited and others.  

Normally the basic emotions are happy, sad, fearful, and disgusting which are combined two 

words forming some mixed type of emotions that can lead to other emotions like love and 

excitement.  Hence, from these evaluations, it can be said that the basic types of emotions 

which can be concentrated towards the later stages of the study are being happy, sad, fearful, 
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and disgusting. However, considering the later stages of the study it is very important to 

understand the faces of the humans while these emotions are detected such that it can be helpful 

to collect the data and understand the images present in the data. Happiness is considered one 

of the basic emotions of human beings which is related to other sub-emotions and mixed 

emotions like satisfaction, joy, feeling satisfied, and feeling gratitude towards something 

(Wang et al. 2020).  Focusing on facial gestures, body posture as well as the sound of human 

beings when happy emotion is being experienced. It tends to be that the facial expressions are 

concentrated towards the lower area of the face which is the lips tend to stretch towards the 

cheeks. If the gesture of the body is concentrated to vote when the happiness emotion is 

detected it shows that humans tend to be relaxed and their hands and their back as well. But 

that's not the case when a human being is feeling sad or discussed in the back and the body 

gesture becomes different it becomes slouched. However, when it comes to facial expressions 

when a human being is experiencing the emotions of being sad the lips tend to go downwards 

towards the chin of the face and the eyes are pointed down towards the cheek as studied from 

the findings from Baránková et al. (2019). However, these studies were psychologically 

understood through the human facial features but not the speech for the sound of a human 

being.  The present study is focused on understanding the factors which relate to the detection 

of emotion related to that of the speech of the human being. It can be seen that if the patient 

features are considered as a part of the data, then the emotions can be scoped down to be 4 

basic emotions but however when considering a human voice more of the sub-emotions from 

these basic emotions are to be considered.  Moreover, the fact will be rounding towards the 

four emotions only and trying to protect these four emotions from human speech. Such that it 

becomes reliable at a point that it can be better from other studies in case of accuracy as well 

as loss. When human speech is considered as data then it surprises with a lot of emotions and 

as this is related to that of speech then verbal communication becomes very important in this 

context. More than that of the human facial features, the vocal features of the human when 

speaking becomes very important when the audio files of the human speech are considered as 

data in the present study. The type of sub emotions which can be deduced from the basic 

emotions when the speech is considered as data will be sympathy, embarrassment, interest, 

fairness, and more. This background search has provided evidence that emotions are to be 

studied and deduced. This context has two different meanings when the context is facial and 

speech as input to the data. Here, the background is focused and tasked to find the better data 

to be collected for such an aim and imply some tasks for the project. 
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The machines created by humans such as robots have the capacity to understand emotions and 

provide emotional responses. Puglisi and Ackerman (2019) suggest that it also exhibits 

emotional personalities. This helps to generate the characters by understanding the emotions 

behind the speech. There must be a need of understanding the emotions behind the sound of 

speech. There are different traditional methods that involve different parameters with different 

features and that involve the clustering of data within the different categories. To understand 

the emotions behind the sound or speech there are different feature selection techniques that 

provide the classification performance. Sharif et al. (2020) suggests implementing deep neural 

network classifiers and finding the optimal feature selection. In this method, raw data is taken 

as input after a certain process it obtains the class label as an output. Using the different network 

parameters such as the weight and the bias values optimize the training data, and this data is 

divided into the desired categories. 

In real life, communication plays an important role, and emotion recognition is an important 

one in communication. Goyal et al. (2020) suggest that the ML algorithm support vector 

machine which is based on sound detection was developed. In the present technology and in 

daily life there are different applications with the services like the chatbot, mental problems, 

health care, sales advertising, and smart entertainment (Car et al.2020). It also develops the 

communication between humans and machines by these technologies helps to understand 

human emotions. For the human to human and the human to machine communication, there 

must be a need of understanding the emotions between them. According to Suhaimi et al. 

(2020), This emotional recognition comes under computational intelligence. For the 

recognition of emotion or sound in speech deep neural networks (NN) and convolutional neural 

networks (CNN) are used for the detection and extraction of speech with local and global 

features. While extracting the emotional features the input for this method is the raw signal and 

the output is the spectrum. 

Convolutional neural networks (CNN) and deep neural networks (DNN) are ML algorithms 

suitable to detect the emotions behind the audio. DNN come under artificial neural networks 

which consist of multiple layers within the input and output. Xu et al. (2020) suggest that there 

are different types of neural networks that consist of the same components as neurons, 

synapses, weights, bias, and function. Compare to neural networks deep neural networks are 

the most complicated ones. Pandeya and Lee (2021) suggest that it recognizes the emotion by 

the audio, and it performs the actions by using creative thinking and analytics. By taking the 

input and the model is implemented and it provides a certain output with the desired solutions. 



4 

 

By using the different layers of nodes from the input using the high-level functions. Mainly 

convolutional neural snetworks are used for image classification, and it also used for audio 

recognition. It checks images one by one by blocks.  

Music also contains the emotions that are used to communicate to anyone. It can communicate 

with plants and animals. Recently in day-to-day life, there are different environments like 

decision making, learning, communication, and situation awareness with the different 

environments. The most trending content on the internet is music. Based on the attributes of 

the video and the audio is classified. Dargan et al. (2020) suggest that detecting video and audio 

using ML and DL techniques is challenging. The unimodal deep neural networks are used for 

the audio and video networks by using the four different multimodal architectures. Kumar and 

Vardhan (2022) suggest the unimodal and multi-model approaches by using both video and 

audio as input. By using the techniques like classification, object detection, and tracking are 

used to detect the video and audio and it detects the object structure. Convolutional and 

recurrent neural networks are used to detect the emotion in the voice or speech (Lalitha et 

al.2019). Different neural networks are used and use the two-dimensional spectrum as input. 

These algorithms are mainly used to detect feelings and emotions with musical instrumental 

play and visual expression. In this study, training data is not enough so transfer learning is used 

as there is a problem of data scarcity in the source data and the destination data as well (Jin et 

al.2022). However, deep neural networks and convolutional neural networks are used for image 

processing and to detect the emotion behind the speech. 

1.3 Aim and Objectives  

Aim: To detect emotions from sounds or speech using artificial intelligence algorithm-based 

approaches. 

Objectives: 

• To understand the current systems adopted to understand human emotions via vocal 

sound and collect the data from open sources like Kaggle to help as an input to the DL 

model. 

• To develop a DL model of better architecture to gain better performance of the network. 

• To evaluate the overall outcomes of the model and suggest possible recommendations 

and gaps be filled in the future. 



5 

 

1.4 Tasks 

SMART (Specific, Measurable, Appropriate, Realistic, and Time constrained). 

The smart approach towards defining the task will help this study and the aim of the study to 

make sense of focus and motivation. These tasks defined with a sense of being specific, 

measurable, achievable, realistic, and time will help complete the project as well as carry out the 

objectives of the project effectively with clarity (Lawlor, 2012). Hence, the goals here are defined 

as being SMART. The goals which make sense in the project for being specific are: 

The project involves specific and basic emotions like Happy, sad, fear, and disgust. And data is 

to be searched and collected based on these emotions only. However, there might be sub-

emotions as well but considering that will make the project scope broad. As there is also the 

involvement of sound in the study. The data is also to be collected in that context. However, the 

sound-related data is to be collected also being specific about only these 4 primary emotions. By 

collecting this type of data, the study is aimed to be accomplishing the prediction of these 

emotions using DL techniques. However, there are many high-level architectures that are pre-

trained weights of these models that can be utilized for the study. The prediction part will be 

achieved as the model is tuned to be providing justified accuracy for validation as well as loss. 

This project finds its purpose of imposing DL techniques for predicting human emotions from 

the faces of humans and the sound of the human from the historical data such that it can be 

implied for real-time applications towards different fields like health and psychology along with 

sensitive places like fields related to that of crime terminology. 

The study is focused on collecting data such that the DL technique is to be implemented in the 

sense that more and more data is inputted. There are many data sets that can be considered for a 

similar study one of these data sets is Affect Net, which is a collection of facial features of human 

beings which has around 1250 emotions in different languages and the size of the data set is more 

than 1 million. However, these pre-collected data can be modified as the scope of this project is 

only to display four kinds of emotions.  The data set can be used in the present study however 

the size of the data set is quite large which can be compromised by removing some of the 

emotions and only focusing on the four types of emotions. There are also open-source datasets 

that are related to the identification of personality and emotional status which can help towards 

the psychological understanding of humans, and it is generated from real-time devices such as 

electroencephalogram and cardiograms. One such dataset is Ascertain which consists of ratings 

of the users based on emotions but not images that can describe the facial features of the human 
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which is to be scoped in the present study.  However, the data set consists of some of the 

recordings of the activities which were generated from the sensor device in the terms of a video 

clip. Hence, there are kinds of data sets that can help us to select and use them as input for the 

DL model.  Hence, the objective of the task of the study is to find the dataset which can fit the 

scope of the project mentioned above. The present project is focused on finding the emotions 

from the speech or sound of a human being. This is one of the attempts made by many of the 

studies and the symbols the data sets show consists of audio as well as the sum of the files which 

relate to the music. Hence there are some datasets that are related to that speech-based emotion 

detection like Crema and savee, these databases are open source and can be used for research 

purposes as well and it consists of files related to the validity and other factors which affect the 

emotional state of a human being, and it consists of 7356 such files which can be used 

effectively. Hence, based on this it can be said that the input to a DL model over here in this 

project will be the audio files and packages related to that dealing with his audio files and making 

and operations are to be considered as an important task in this study as well. 

 

Figure 1.1 Tasks of the project 

It can be seen that there is a data set that can define the aim and objective of the project and can 

be used as input however they can be found in open-source platforms like Kaggle. Hence, this 

project seems to be achievable, and the capabilities of the objectives are also achievable over 

here and there however the project seems to be realistic as the DL model is applied over here and 

the code as well as the conclusions from the results are helpful to make better conclusions and 

evaluations along with some recommendations. As the project is scope down towards analyzing 
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human emotions and trying to find a data search for human emotions and understanding the data 

set and implementing a DL model and concluding on its evaluation it is quite achievable and 

reachable at a specific time and plan such that the time plan is discussed below.  However, if the 

project is followed with a present mind and this time plan it is to be achieved on time along with 

all the objectives also achieved. 

Hence, from this smart analysis, the tasks defined as a part of this proposal are: 

• To find a dataset that has the four types of emotions which were scoped down while 

considering the background of the work. 

• To study and master some of the manipulation techniques with audio files for 

processing. 

• To make a scheduled plan for the timing management of the study to achieve the goals 

and objectives set on time.  

• To Scope the project and not extend it to make it more measurable and achievable as 

this kind of study can lose track as the selection of data is to be made liberal and 

achievable. 

• The previous studies have shown that the objectives are defined to be progressive and 

achievable based on the data they have selected. Which is to be also considered here as 

well. The elaborated tasks can be seen in Fig. 1  

1.5 Sources of Information and Resources Required  

- A PC with a minimum of 32 GB and a hard disk of 2 TB. 

- A Windows operating system 

- Internet connection 

- Jupyter or colab environment 

1.6 Project Risks 

There are many techniques and companies which involve human emotion detection as an 

important part of capturing someone's emotions and trying to interpret those emotions but 

sometimes it becomes risky (Andalibi and Buss, 2020). The aim of the project is focused on 

predicting human emotions from historical data. It brings some of the risks which are to be 

discussed here. When considering projects related to that cloning and which brings out the 

experience of AI bias is one of the important factors contributing to the risks of considering 

such projects. However, this risk identified here will not be affecting the conclusions and the 
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objectives of the study because of their focus on discussing DL techniques and their 

implications for the protection of human emotions using sound for facial features (Andalibi 

and Buss, 2020). Hence, based on this it can be said that the input to a DL model over here in 

this project will be the audio files and packages related to that dealing with his audio files and 

making and operations are to be considered as an important task in this study as well. 

These kinds of applications are already in practice however whatever applications are into 

practice are highly reliable (Andalibi and Buss, 2020). They are also facing some the risks like 

not being satisfied with the consumers because they find it very difficult to adapt to such kinds 

of applications. However, these kinds of applications can be seen into act at places where there 

is a higher risk like in-car cabin crew cameras which will help us to monitor the environment 

inside the cabin and help passengers have a safe ride.  However, once the application is 

associated with some of the assistance provided, it will form a product.  This kind of scope is 

also considered in this project but as an extension or a future such that a DL model is found to 

be reliable in detecting the emotions of any of these specified applications. 

1.7  Professional, Social, and Ethical Issues 

As a part of discussing the professional and ethical issues and also the legal issues related to 

that of the project, ML techniques, as well as artificial intelligence, have found its bases towards 

the Rapid growth of technologies in every field.  However, in the field of detecting the emotions 

of a human being this technology brings issues related to that privacy as well as ethical 

standards (Cowie, 2015).  However, the present project is focusing on the voice or the speech 

of some human beings to detect emotions. This makes it less ethical as one system must be 

confident if the emotions are right or not. The emotions are totally different when considering 

the emotions and facial features. However, the present project is focused on using the speech 

of the human being to detect emotions which makes it less ethical because only detecting the 

emotions based on the speech becomes challenging. Sometimes can lead to issues with 

professionalism as well as social it is not creditable. Sometimes, human beings are very smart 

with how they talk, and sometimes these emotion detection systems, provided with some 

historical data, will not be able to detect those emotions. which brings back the fact of being 

less ethical and less professional in which one can improve eyesight by considering highly 

reliable DL models and more and more data.  

Socially this kind of application will bring many conclusions because if we talk about speech 

and detecting emotion from the speech in the context of someone crying in happiness becomes 
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very different and can give a wrong social message to people (Cowie, 2015). Hence, this 

emotion detection system has its own disadvantages but however when the DL models are 

incorporated with more and more examples of data this kind of misunderstanding socially 

professionally as well as physically can decrease.  

1.8 Time Plan 
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2 Part ll – Literature Survey 

 Speech processing techniques for identifying the emotions of a person using deep 

neural networks 

2.1 Overview 

In this section the author discussing about the review of literature, in the section 2.2 the author 

is describing about different methods used and identified for the emotions from the sounds. In 

the section 2.3 the researcher has discussed various DL methods are used in the identification 

of emotion from the speech from the various authors. In the 2.4 section, researcher has 

described about the voicing preprocessing from the sounds, and the process of implementation 

to detect the speech. In the section 2.5 the author is describing about the different author 

methods, results, and the identification of gaps for the various research. In section 2.6, the 

author has described the Existing Approach of these project as the comparing from the different 

author’s research. In 2.7 section, the author discuses that these overall section of the literature 

from the various emotions of a person. 

2.2 Speech Processing Techniques for Identifying the Emotions from Sound 

or Speech 

Although there are many different kinds of speech processing algorithms, they still need to be 

improved in order to be accurate with low-quality or noisy signals (Xiao et al., 2022). The 

design of a computer system that aids in the recognition of the voice and words involved in 

that is dealt with by these speech processing systems, which are specialized systems. These 

systems include phase-aware signal processing (PASP), dynamic time wrapping (DTW), 

artificial neural networks (ANN), and Hidden Markov models (HMM) (Zhang et al. 2020). All 

of these techniques rely on intricate electronic circuit designs with computer-assisted tools to 

determine the speech's quality and type. According to Gazeau and Varol (2018), HMMs offer 

some useful frameworks for modelling the time-varying spectral vector sequences. This is one 

of the unsupervised models that, after being trained similarly to supervised models, are utilised 

in computational sequence analysis. This approach is the foundation of the majority of large 

vocabulary continuous speech recognition (LVCSR) systems and has shown to be more 

accurate and practical. On the other hand, urged that LVCSR be used for the majority of speaker 

adaptation procedures in real-time settings. For this reason, it is regarded as one of the finest 

strategies for acoustic modelling among several speech recognition systems (SRS). 
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This model performs better than other systems because to its analytical capabilities and 

accurate voice recognition (Mor et al., 2021). These models are utilised for character 

recognition, communication strategies, and voice recognition in addition to speech recognition. 

The majority of the time, this model is utilised to determine the probabilistic properties of a 

random process that interacts with a variety of non-sequential events (Wang et al. 2020). 

HMM's ability to anticipate random probabilistic properties makes it one of the best prediction 

models for sound when utilizing the natural language processing (NLP) method. The majority 

of acoustic signals utilized in speech/sound recognition systems for emotions are formed as a 

series of words pronounced by a speaker and have a lot of noisy components in them. These 

signals need to include additional noise components and a range of random features that the 

models being fed during training are unaware of. Additionally, Hannani et al. (2021) state that 

utilizing these HMM models, which are based on LVCSR approaches, manual correction is not 

feasible nor practical. HMM is hence ideally suited to such random situations. However, these 

models may take a little longer to anticipate speech signals and may not produce precise 

findings when there is noise present. 

The DTW is one of the methods that are used in time series analysis to compare the temporal 

sequences of two signals (Folgado et al. 2018). This approach for learning invariant subspaces 

on kernels may quickly extract the majority of signals from noisy data. According to Gharghabi 

et al. (2018), this approach also aids in determining the separations between two arrays or time 

series of various lengths. Any form of comparison does not require that the two signal 

sequences be in sync with one another. This is frequently applied to voice recognition, financial 

markets, data mining, etc. By wrapping and aligning the two feature vectors on the time series 

until an ideal match between the sequences is established, this technique is often employed and 

developed for voice recognition (Ismail et al. 2020). Because it does not adhere to the triangle 

inequality, this is not a metric. The majority of writers employ this technique by splitting the 

two-signal series into equal parts, using the first point from the first series as a reference point 

to determine the Euclidean distances. They draw their conclusions about the measurements 

between the two signals from the results of these computations. Although this technique is one 

of the most reliable at determining the differences between two provided signals, it takes a long 

time to forecast the speech or sound signals for emotions (Zhou et al., 2022). To avoid some 

unanticipated situations, the analysis of sound and speech to determine emotions in real-time 

has to happen more quickly. 
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The outcome of this analysis, which is based on complex-valued representations, depends on 

the spectro-temporal characteristics of the speech signals and their interferences. The 

magnitude, amplitude, and phase of the short-time discrete Fourier transform (STFT) 

coefficients are employed with their absolute values (Lopes et al., 2021). The main STFT 

technique is on changing the amplitude of STFT components and taking into account the 

intricate details of the signal inputs and structure to learn about the phase components (Ashraf 

et al., 2021). This approach reveals to be more sophisticated in nature to explore the emotions 

from a sound or voice signal because of the rising demands for speech enhancement algorithms 

using cutting-edge speech and communication technologies. It is challenging to determine the 

emotions from a spoken sound stream using this method's phase components alone. Therefore, 

it's possible that this approach won't produce correct findings. 

One of the brain's most complex components, emotion manifests itself through sound or 

speech. There are several internal consequences that occur when the brain converts sound into 

emotion. According to Neff and Germer (2018), there are several kinds of noises in nature that 

might serve as signals for people. They are the sound of a rainstorm, and they may make you 

feel calm or anxious. A restless sense is frequently evoked by wind chimes. The sensation of 

relaxation is evoked by rain, and the sensation of nostalgia and joyful recollections is evoked 

by fireworks. However, other studies on the associations between emotions and sounds 

founded in major chords have shown that these associations can be either good or negative 

(Zapata et al.2022). The noises that are created in daily life convey something to the listener 

that has an emotional impact. Language plays a similar role in human communication to how 

emotions take on colour, and it is essential to every relationship between any two people. 

Due to their wide range of applications in various industries, speech recognition and emotion 

detection pose the biggest challenges. They include audio monitoring, e-learning, clinical 

investigations that identify lying, entertainment, computer games, and contact centres, 

according to Garcia et al. (2021). In terms of ML approaches, this assignment is really difficult. 

Incorporating human-machine interaction is advised by Issa et al. (2020). Emotional voice 

recognition has simple hardware requirements. Deep neural networks for voice emotion 

recognition have been introduced in the various models. By directly using the raw audio, 

extracting five separate characteristics, and using CNN as a source of input. A CNN is one of 

the several kinds of deep neural networks, according to Harbola and Coors (2019). The input 

is a one-dimensional convolutional neural network. Deep neural networks are used to improve 

the classification accuracy by using a better model for classification and an incremental 
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approach. However, these approaches include a number of frameworks for recognising speech 

and emotions that use various feature types.   

When these traits are combined, there is a weak ability to differentiate between different pitch 

classes and a robust identification and monitoring of timbre changes. Sulthana and others, 2021 

The collection includes audio and video recordings of both men and women saying various 

words with various expressions. These feelings include sadness, happiness, anger, fear, 

neutrality, and disgust. CNN is employed in this study to categorise emotions based on 

characteristics. To extract both the verbal and nonverbal parts, Huang et al. (2019) 

recommended that the authors use a Support Vector Machine (SVM)-based verbal and 

nonverbal sound detector and use a prosodic phrase auto-tagger. A CNN-based generic feature 

vector was created by concatenating the acoustic feature extractions. The accuracy achieved 

by the authors after training an LSTM-based sequence-to-sequence model on the data was 52%. 

The Hidden Markov Model, in the author's opinion, is an acceptable model and an alternative 

to the LSTM. The LSTM is currently being replaced by transformer-based models because to 

their improved capability to manage sequence-to-sequence issues. As a result, the author 

believes that models based on transformers are more suited for machine translation tasks.   

Although electroencephalogram (EEG)-based emotion identification produces more successful 

findings, Wang et al. (2018) contend that the research is hampered by the paucity of EEG data. 

In order to solve the problem of data scarcity, the authors implemented a straightforward 

augmentation strategy and shown that doing so can enhance the performance of DL models. 

While Shahin et al. (2019) used the Emirati speech database to develop a hybrid classifier for 

emotion identification that included GMM and DNN. The SVM and MLP classifiers were able 

to achieve an accuracy of 80.33% and 69.78% respectively, while the hybrid model was able 

to achieve an accuracy of 83.97%. The hybrid model gives higher system performance even 

with noisy data, according to the scientists, and produces findings that are comparable to those 

of human judges in the evaluation context. In the study, Ntalampiras (2021) used analogies to 

conduct emotional characterisation of speech segments by identifying parallels and 

divergences between the novel and existing recordings. Using a Siamese neural network, the 

author built a model that can recognise similarities and differences between input pairs. The 

model, according to the author, achieved cutting-edge accuracy in the LOSO environment and 

delivered good results throughout the experimental phase. To identify emotions in voice 

signals, the Mel Frequency Cepstrum Coefficient (MFCC) was extracted. To identify the mood 

in the voice stream, the scientists employed voting algorithms. The authors' greatest accuracy 
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for identifying seven different emotions was 70%. According to Zamil et al. (2019), 

categorizing the emotions in sound signals may be accomplished by lowering the 

dimensionality of the feature vectors.   

In their study, Saxena et al. (2020) undertook a thorough investigation of numerous techniques 

for detecting emotions. The best results for emotion recognition were obtained by Particle 

Swarm Optimization assisted Biogeography based optimization algorithms for emotion 

recognition through speech, and the algorithm was able to achieve an accuracy of 99.47% on 

the BES database. The authors found that four major methods were used in the emotion 

detection, one of which was speech signals variations (the area of interest of this project). In 

Hindi, one of the languages spoken in India, Jain et al. (2018) carried out the emotion 

identification. Pitch, energy, formant, MFCC, and LPCC were prosodic and spectral 

parameters of an auditory signal that the authors extracted and classified using a cubic spine 

SVM model. The model achieved an overall accuracy of 98.75% for male actor utterances and 

95% for female actor utterances, according to the authors, who also claim that their suggested 

strategy achieves more accuracy by accurately recognizing the emotions in comparison to the 

currently used techniques of emotion detection.  The approach suggested by Jain et al. (2018) 

may be used to identify emotions in languages like Arabic, Persian, and Turkish due to those 

languages' effect on the Hindi language. The methodology can also be used to detect emotions 

in languages like Chinese, Japanese, Korean, and Turkish. 

2.3 Deep Learning Techniques for Identifying the Emotions from Sound 

and Speech 

According to Issa et al. (2020), emotions detection One of the most difficult challenges in the 

realm of data-related activity is the use of audio files for speech. Here, the author offered a 

fresh and practical method for transferring audio samples to CNN models. The author also 

examines the many databases that are used to work on speech emotion identification for audio 

recordings. The author further suggests that the data is crucial for enhancing the classification 

model's precision. As a result, the current work focuses on increasing CNN accuracy and 

assesses model reliability using accuracy and loss functions. There are six classes in crema and 

savee databases specifically. The author has received a higher accuracy of 86.1 % utilizing this 

database.  

Similar work was done by Tariq et al. (2019), who showed how speech-based emotion 

recognition can enhance the healthcare industry.  The author of this article attained the best 
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accuracy of 95% by using CNN, where the data was spoken aloud. More types of classes could 

be added to protect emotions in future experiments, which could improve approximative 

accuracy. The author had recorded 66.41% of the data that was in the form of an audio file and 

99% of the data that was in the form of a video file. The NN's SoftMax layer, a 2D layer with 

three hidden layers, was in charge of classifying the different types of emotions. Finally, similar 

to Issa et al. (2020), Tariq et al. (2019) have utilized the crema dataset. 

Jermsittiparsert et al. (2020) employ a DL strategy in a manner similar to this to recognise 

speech emotions. Berlin-based database including the audio of 500 people was used by the 

author. The author has utilised the Resnet structure of DL. However, an artificial neural 

network was also applied. Mel-frequency cepstral coefficients (MFCC) got the investigation's 

best accuracy, 94.2 1%. In the year of 2020, Ntalampiras study illustrates how DL networks 

are involved in young children's speech-based emotional understanding.  Speech emotion 

detection is used to decipher children's emotions in a range of situations, even though Tariq et 

al.'s work (2019) illustrates the implications for the healthcare industry. However, the historical 

backdrop of the classification has not altered, and the vast majority of research show that DL 

techniques provide greater accuracy. A few frequency- and wavelength-based feature 

extraction techniques have been used by Ntalampiras (2020) such that they can be merged with 

both this CNN and the RNN. 

Chourasia et al. proposed the use of DL methods to recognise and categorise human speech in 

2021. The authors of this study also employed a one-dimensional CNN architecture and an 

MFCC-style feature extraction method. The study is extremely comparable to one carried out 

by Jermsittiparsert et al. (2020), who employed an MFCC-type methodology. The author's 

method of data collection was comparable to that of Issa et al. (2020).  However, CNN of two-

dimension architecture, Tariq et al. (2019). However, the CNN the author used in this work 

had a one-dimensional architecture. The author continues by stating that there were six 

different types of emotions present and that the model's accuracy was 82.3%.  

The foundational concepts of NLP can be illustrated using the feature extraction techniques 

mentioned above by several writers (Jermsittiparsert et al. 2020). Studies by Lee et al. (2020), 

which used a CNN powered by Google to classify the five categories of emotions, provided 

background knowledge for the companion chatbot. The author received the highest accuracy 

score of 79.8%.  
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2.4 Voice Processing and Techniques for the Implementation of Speech 

Emotion Detection 

The author here clearly explains a word embedding technique that is used to turn the words 

extracted from the audio recordings into vectors. According to the author Franzoni et al. (2020), 

speech recognition could be used to more fully comprehend the emotional benefits of a 

meeting. Deep neural networks are capable of comprehending the categorization problem, and 

the author used a pre-trained CNN in this study. The scientists developed a trustworthy CNN 

for the classification problem using a feature extraction technique related to spectrograms, and 

they offered guidance on how these advances can aid. Because in this dataset the author 

employed was also in the form of audio recordings, transfer learning techniques were used to 

expand CNN's potential applications. The investigations by Issa et al. (2020) and Chourasia et 

al. (2021), both of which employed deep networks for speech emotion recognition, shared a 

similar sort of data set with the study by Juyal et al. (2021). Beauty is in the kind of feature 

selection methodology used by MFCC, much like the study's author. For classification, the 

study used convolutional neural networks of the CNN, Deep Neural Network, GRU, and Long 

Short-Term Memory types. The author has recorded an accuracy of 70% with the 

dimensionality reduction as well as the CNN model along with the feature extraction method.  

Tripathi et al. (2019), Utilised the feature selection methods in the speech baster motion 

detection method like MFCC like the other authors, and implemented the deep neural network 

architecture over here.  The author has received an improvement of almost 5% when using this 

feature selection method as well as the DNN and was considered when compared to that of 

other methods. The author has proposed two types of CNN model over here one which is used 

with MFCC and the other model which is used with both transcriptions.  

2.5 Gaps Identification  

Sl. No  Title and Author Technique used Result  Gaps 

1 

Speech Emotion 

Recognition Using Deep 

Neural Network 

Considering Verbal and 

Nonverbal Speech 

Sounds. 

(Huang et al., 2019) 

Here the author 

used CNN and 

LSTM model to 

get the optimal 

result.  

By applying 

different 

techniques, the 

author gets only 

52 percent 

accuracy.  

The 

performance of 

the model is 

very less. Here 

the author used 

different 

techniques to 
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increase the 

performance.  

2 

Egyptian Arabic speech 

emotion recognition using 

prosodic, spectral and 

wavelet features  

(Abdel-Hamid, 2020) 

Different ML 

techniques used 

in that case such 

as SVM and 

KNN.  

The highest 

accuracy 

obtained by the 

author is 

approx. 98 

percent.  

Here the author 

created multiple 

models for 

multiple 

emotions but he 

didn’t create a 

single model for 

this problem 

statement.  

3 

Speech emotion 

recognition considering 

nonverbal vocalization in 

affective conversations. 

(Hsu et al., 2021) 

Different DL 

techniques used 

along with 

ResNets and 

LSTM model.  

The highest 

accuracy 

obtained 61.92 

percent 

accuracy using 

these 

techniques.  

The accuracy is 

very less for this 

model.  

4 

Detection of Emotion of 

Speech for RAVDESS 

Audio Using Hybrid 

Convolution Neural 

Network. 

(Puri et al., 2022) 

Here the author 

used CNN, 

DNN and 

LSTM models.  

The author 

obtained almost 

98 percent 

accuracy 

through these 

models.  

Not applicable.  

5 

Human–Computer 

Interaction with a Real-

Time Speech Emotion 

Recognition with 

Ensembling Techniques 

1D Convolution Neural 

Network and Attention. 

(Alsabhan, 2023) 

Here the author 

used 1D and 2D 

CNN models 

along with 

LSTM model.  

The author 

obtained highest 

accuracy of 96 

percent in 

different 

dataset.  

Not applicable.  
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2.6 Existing Research 

In these contexts, the author has described the two methods such as one is the traditional 

method, and another one is the modern approach. The traditional method is the various author 

was described about past researches about the emotion from the speech, and the modern 

methods are the present and future approaches of the researches.  

2.6.1 Traditional Approach 

To determine whether speech has been digitalized, the three main elements of signal pre-

processing, future extraction, and classification are contrasted in the conventional recognition 

system. Segmentation is done via acoustic pre-processing, which starts with the unit of the 

signal. It is determined how much speech emotion is processed overall for each classification 

(Atmaja et al., 2019). The input data comprises of stage-specific speech recognition, feature 

extraction and selection based on their properties, the availability of data from the various 

speech emotions, measurement and computation of the sounds in SER, and emotion 

recognition from the speech. 

 

Figure 2.1 Traditional approach of the emotion from speech recognition 

Source: Khalil et al., (2019) 

2.6.2 Modern Approach 

The detection of emotions from voice recognition can be done using a variety of modern 

techniques, including machine learning (ML), deep learning (DL), artificial intelligence (AI), 

and neural networks. Saravanan et al., (2019), The recognition system to distinguish between 

the different emotions of the four classes happy, sad, angry, and neutral to get an accuracy to 

be increased more to adapt from their feature extraction of the ANN approach, neural networks 

to detect and distinguish between the various emotions of the sounds. 
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2.7 Summary 

Here the author gives a brief description of different techniques that are available to solve this 

problem of emotion detection from speech. After that describes along with different research 

proof related to this problem statement and that are the techniques they are used also contained 

in this section. Apart from that here the author also shows the gaps applied by the different 

researchers and some of the traditional and modern approaches to solve this problem. And in 

the next chapter, the author going to discuss different methods that are used to successfully 

complet8ing this work study. 



20 

 

3 Methodology 

3.1 overview 

In the part of the methodology, section 3.1 is overviewing all the sections in detail explanation 

of the methods. 3.2 section is about the data explanation in this topic the four data types are 

explained in a detailed way. In the 3.3 section, the method Librosa was explained as to how it 

was used and worked in speech recognition. In the 3.4 section, the library of TensorFlow how 

was used, and how it is working with the ML algorithm, in the 3.5 section, what is Keras, and 

how is it used in emotion recognition, in the 3.6 section, Long Short-Term Memory (LSTM) 

network and its applications and what is the logic behind it was explained in a detailed way. In 

the 3.7 section, the activation function was used on how it works, In the 3.8 section, the loss 

function categorical cross entropy how was used in ML and artificial intelligence, In the 3.9 

section the Optimizer was used for the DL method and how it converting the data and how it 

was used in the emotion recognition was explained, and in the 3.10 section, the overall 

summary of the methodology was discussed in this part for the purpose of next step to get the 

results.   

3.2 Data Explanation 

The emotion or recognition of a speech has four different types of databases such as like 

Ravdess, crema, Tess data, and crema-D data, which are given below:  

3.2.1 RAVDESS Data 

The RAVDESS data is known for the validation of multimodal databases of the recognition of 

speeches, and sons (Livingstone and Russo, 2018). This data is a consisting for the purpose of 

actors, lexically it is vocalizing, and the neural north American accent is matching the 

statements. Ravdess is a method for the emotional speech audio for the dataset. The Ravdess 

is also known as Ryerson audio-visual database o emotional speech and song.  

3.2.2 Surrey Data 

Surrey Audio-visual expressed emotion is also known as SAVEE. The surrey audio-visual 

dataset explores or identifies an emotion for the interested one to have male data and a high 

level of qualitative audio. The male has a speaker for the imbalance of the representation of 

emotional data, the data will be advisable for the compliment while comparing to the other 

datasets with the more female speakers containing an emotional expression of the data.  
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3.2.3 Tess Data 

Toronto emotional speech set (Tess) data is known to create a purpose of classification from 

the audio and the dataset of a Tess will have a point to be stable, the dataset has a female 

recognition for the audio and the quality of audio will be very high in range (Abdulmohsin, 

2021). In the representation of the male speakers, it will be uncomfortable to represent the Tess 

data. It will be very well in training for the emotion dataset recognition for the classification of 

the generalization things. The Tess data will not overfit the data.  

3.2.4 Crema-D Data  

Crema – D data is also known as the crowd-sourced emotional multimodal actors’ dataset. The 

Creaming data is for the purpose of an emotional connection from the classifier data of an audio 

function. It has four key pointers for stumbling upon its data. This dataset has it will be very 

helpful in training the model and generalizing the new datasets for the crema -D. This dataset 

has audio-visuals for the limited number of speakers because it will provide the maximum 

amount of information that will be gained and its leakage. The dataset has various numbers of 

speakers’ devices. The model does not overfit the crema-d dataset. 

From these four datasets, the author uses the Surrey and Crema-D dataset to recognize the 

speech audio signal. Both datasets in an audio-visual database recognize the emotions of facial 

and vocal expressions for the set of multimodal in North American English (Middya et al., 

2022). It has some of the emotions of speech such as sadness, anger, happiness, sadness, fear, 

and disgust. It has two types of expressions intensity of emotion and additional neutral 

expression. 

3.3 Librosa (For loading the audio data) 

The Librosa is a library function for python music and investigating the library.  The library 

will help in designing and programming for the fabrication applications for working with the 

documentation of the sound and playing music system of the designing the acquiring the 

resources of the python. The utilization of a lot of work is examining essential work with the 

sound system information, such as the musical age utilizing the function, and also for automatic 

recognition of speech. The Librosa function is not difficult for acquiring and it can deal with 

the basics of edge brands’ errands connected with the musical system and handling the sound 

system also the platform of Librosa is an open source, and it also has an ISC license for 

accessing function (Suresha et al., 2022). The library has some of the elements connected with 

a recording of the sound they are handling and the extraction like a circle has a burden sound 



22 

 

from it, and it will be registered in various spectrograms for the analysis, symphonious 

percussive source detachment, decaying of a conventional spectrogram, and the sound will 

translating and stacking, handling the time-space sound, demonstrating the successiveness, 

they are coordinating the consonant percussiveness partition, beating simulation and many 

more are connected with the Librosa package. The sound signs of a Librosa will be in the 

format of a pictorial and it will do the extraction by utilizing the various signs in the handling 

method of a Librosa library (Garg et al., 2021). The library will make an important note for the 

music data recovery framework system and also for the capability to handle the things of 

recording sounds.  

3.4 TensorFlow 

TensorFlow is a library for the platform for open source, and it is a free library, for ML and 

artificial intelligence. The TensorFlow will be used to focus on particular things in training and 

inferencing the data of a deep neural network system (Hadidi et al., 2019). The google brain 

team and internal usage in the research system and production developed the library of 

TensorFlow. For this, the license was released in the 2015 year for the Apache license 2.0. The 

library will be used in various programming languages and it will be including python, c++, 

and many more. It has various applications in various areas. The tensor flow is a rich system 

for accepting ML methods, it will mainly focus on the particular API TENSERFLOW to 

develop and train the method for the models and it will make some predictions in the model. 

The tensor flow plays a vital role in major things such as utilizing the things are applications 

based on the text, recognition of an image or pictorial, searching for the voice, etc, deep face, 

and Facebook image recognition system (Ullah et al., 2023). The multi-dimensional arrays are 

known as tensors. For operating to run the dataset it will construct the graphs for flow charts 

and describe one operating system to another operating system. It will show the definition of 

the data and or tensors flowing throughout the networking systems. It has various types of 

components such as variables, nodes, tensors, placeholders, and sessions these are the main 

components of a TensorFlow.  

3.5 Keras 

The Keras is a high-level, deep-learning API developed by evaluating the neural network 

system. The Keras is written in the form of python and makes the implementation of neural 

networks easier way (Ott et al., 2020). It will also be supporting a system for the multiple 

backends for the neural networking computation. The Keras will be an easier way to relate and 
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learn and work with the provided information about the front end of a python in a high level of 

abstracting and they are having multiple back-ends for the purpose of commutating. The Keras 

make it Slower than the DL method working on it, the Keras are very friendly in nature.  

The Keras is very easy for learning people to make them in an easier way. The Keras is a very 

simple way, it will be offered consisting and simpler APIs reducing the requirement of actions 

for the simple codes, and it will explain the user error mentioned Clearly (Tambon et al., 2021). 

In the Keras, the prototyping time is very less. The ideas will be implemented in the deploying 

a shorter time. The Keras will be providing various options for deployment depending on their 

needs. The high level of abstraction and inbuilding functional features are very slow and 

building the custom features they are very hard. The Keras is on the top of TensorFlow and 

they are relatively very fast. They can create things with customized workflows in an easier 

way. For developing massively and rapidly or the researching community for the purpose of 

Keras. In the method of DL documentation and to help the available for the extension of a data. 

Some of the companies that will use Keras are such as Netflix, Uber, yelp, etc. the companies 

that have organized the products for the purpose of the public are building Keras users. The 

Keras has many features such as the central processing unit and GPU will run smoothly 

(Widjaja et al., 2021). The Keras features are supporting all neural network methods. The Keras 

is in modular nature, it is very expressive, and it is very flexible, and also has the capability to 

change innovative things in the research paper.  

3.6 LSTM 

Long Short-Term Memory (LSTM) is a complicated field of DL methods. The LSTM is an 

does not easier task for getting ahead of the memory. The LSTM is dealing with the methods 

that they are trying to mimic the human brains in their way to operate and uncover the given 

sequential data of an underlined relationship (Sangiorgio and Dercole, 2020). LSTM is a 

variation of Recurrent neural networks (RNNs), it is an ability to learn dependencies for the 

sequencing of data to solve the prediction problem. It also has a feedback connection to the 

network. The LSTM is a network it is processing the data for sequencing of data for the single 

data points as for images. The LSTM has many applications such as speech recognition, and 

translation of machines, etc, and many more. The RNN is a special kind of function in LSTM, 

the performance of a network is outstanding and it has huge various problems.  
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3.7 Behind the logic of an LSTM 

The central part of a logical function role model is apprehended by the cell of memory is known 

as the cell state. The cell state will be maintaining the overall time period for the state. The cell 

state has a horizontal line and it will be run throughout the top of the LSTM diagram (Sumathi 

et al., 2022). The LSTM network will be visualized for their conveying belt which passes the 

information it is flowing and it will be unchanged.  

 

Figure 3.1 The Long Short-Term Memory Network Diagram 

The given information of an LSTM is added or it will be removed from the cell state network 

in the LSTM and it will be regularized by the gates (AI Bataineh and Kaur, 2021). The gates 

are flowing with the information in and the out of the cell in the network. The data containing 

the point-wise operation for the multiplication and the mechanism will be assigned by the 

sigmoid neural network layer.  
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Figure 3.2 Sigmoid layer 

The layer of a sigmoid is giving the numbering between Zero and one. In these networks the 

zero is known for nothing will be going through, and the one is for everything will be going 

through to the network.  

3.7.1 Applications of LSTM Network 

The LSTM network is applicable for various applications such as language modelling, 

handwritten recognition, machine translation, image captioning, video to text conversation (EI-

Komy et al., 2022). These are the main fields in the network and how they are used in the 

LSTM networking system. It is adaptable for addressing a networking system. The solving 

problems for the numerous actions will be not solved by the past used learning methods like 

RNNs. The long-term memory will be captured effectively by the LSTM network, without the 

suffering hurdle for the optimization function. It is addressing the high-ending problems to 

solve the LSTM network.  

3.8 Activation function 

It is a node that the neural network positions either in the center or at one of its ends (NN). 

According to Konovalov and Ruff (2022), decisions are made by it, and it chooses whether or 

not to stimulate the neuron. The two primary categories of activation functions used in DL are 

linear or identity activation functions and non-linear activation functions. When learning 

complicated data, computing and learning nearly any function corresponding to a query, and 

making accurate predictions, neural networks frequently use non-linear activation functions. 

Backpropagation is feasible because the derivative function is linked to the sources.  One of 

the nonlinear activation functions is the sigmoid activation function. Compared to all nonlinear 

activation functions, which accept a real number as an input and output a probability that is 
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always between 0 and 1, it is less complicated Gustineli, (2022). The function's drawback is 

that it causes vanishing gradient issues because its result isn't zero-center. Problems with 

sigmoid functions that are not zero-centered can benefit from the use of tanh or a hyperbolic 

tangent. In a style similar to the previous Sigmoid Activation Function, it still encounters the 

disappearing gradient problem and finds it difficult to completely resolve. ReLU is the most 

typical activation function utilized in the hidden layer of neural networks. Surprisingly, the 

formula is simple: max(0,x), max(0,x) enhances efficiency. Occasionally, during training, 

some slopes in this activation function can become unstable and disappear. As a result, neurons 

in that condition won't respond to changes in error. Before using this method, choose the 

triggering function very carefully and make sure it suits the requirements of the business Watts, 

(2022). The last layer of the neural network, SoftMax, usually uses the function that determines 

the probabilities distribution of the event over 'n' different events. The main advantage of the 

function is the capacity to handle multiple classes. In the suggested project, it is crucial that 

Sigmond's probabilities produced by a Sigmoid be independent. This is because each raw 

output figure is independently examined by the Sigmoid. However, SoftMax's results are 

coupled. These reasons led the author to choose this activation function. 

3.9 Loss function categorical cross entropy 

The majority of companies in the twenty-first century use ML and DL to automate processes, 

make decisions, improve the accuracy of disease detection, etc. How are these models 

optimized by the businesses? How do they assess the model's performance? Accuracy is one 

method to evaluate a model's effectiveness. The cross-entropy loss function is used as an 

optimization function when training a classification model, which classifies the data by 

estimating the likelihood that it belongs to one class or the other (Kristiani et al., 2022). The 

model works better as the loss gets smaller. The loss of cross-entropy is the most critical cost 

function. It aids in the optimization of classification models. Knowing Cross-Entropy requires 

knowledge of the SoftMax activation function. Here, SoftMax converts logits into chances. By 

using the output probabilities, the Cross-Entropy is used to determine the deviation from the 

real values. The Cross-Entropy Loss Function is also known as the logarithmic loss, log loss, 

and logistic loss (Ciampiconi et al., 2023). The actual class desired output of 0 or 1 is compared 

to each predicted class probability, and a score/loss that penalizes the chance based on how 

much it deviates from the actual expected value is computed. In this situation, the punishment 

is logarithmic, resulting in high scores for differences close to 1 and small scores for differences 

close to 0. SoftMax is a constantly differentiable function. This makes it possible to determine 
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the derivative of the loss function for each weight in the neural network. With the help of this 

feature, the model can adjust the weights in the right way to lower the loss function. 

3.10 Optimizer 

The DL model includes input, output, activation, loss, hidden layers, and other components. 

Every DL model uses an algorithm to expand the data and draw conclusions about new data. a 

program that converts incoming examples into output examples, as well as an optimization 

algorithm. The parameter value is sought after using an optimization technique that minimizes 

mistakes and maps inputs to outputs. The accuracy of the DL model is greatly impacted by 

these optimizers and optimization (Castro et al., 2022). They also have an impact on the model's 

speed guidance. What an algorithm is in DL is now a pertinent question. When a DL model is 

being trained, the loss function must be decreased and the weight of each iteration modified. 

An optimizer is a software or function that adjusts a neural network's learning rate and weights. 

As a result, it aids in improving accuracy and reducing total loss. Using the gradient sign, 

RPPROP subtly adjusts the step size for each weight. First, two gradients are compared using 

the RMSProp algorithm's signs. If both of their signs are the same, the author should take the 

appropriate action (Shavandi, and Khedmati, 2022). The step height consequently marginally 

rises. However, the author must lower the step height if their signs are the reverse. The author 

then reduces the step size while continuing to increase weight. With adaptive moment 

estimation, the strength of momentum-based GD and RMSProp is combined (root-mean-

square prop). Adam optimizers are a potent technique because momentum GD can keep 

account of the history of updates and RMSProp provides an adaptive learning rate. 

Additionally, it adds two new hyper-parameters, beta1, and beta2, whose default values are 0.9 

and 0.99, respectively, but which can be modified based on the use case specified by the author. 

For the same loss, these optimizers consistently converge at various local minima. While other 

kinds of techniques converge at flatter minima, which is preferable for generalization, adaptive 

learning optimizers converge at sharper minima (Caldarola et al., 2022). These techniques can 

only be of limited assistance as Deep Neural Networks grow larger because more advanced 

techniques are needed to achieve outstanding results. 

3.11 Summary 

The overall summary of a methodology discussed all the models and methods connected with 

the ML and DL method, it also discusses the advantages and disadvantages, and applications 

of the functional methods to get maximum outcomes from it. The author discussed the overall 
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methodology section, for the better-obtained outcomes for the project discussed to get the best 

suitable method and technique was used to get an optimal solution in the results and analysis 

part, the project was explained about the analysis and overall best method used in the Results 

part for the solutions. 
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4 Result and Analysis 

4.1 Overview 

This chapter covered details information about the result and analysis of Voice Recognition. 

At the start of this chapter, the author provides some gist about the entire chapter. The author 

all the information about the dataset in section 4.2. Here, the author shows where they collect 

this dataset and what information is available inside the data. also, the author provides the 

source link of this selected data. After completing the data description, the author gives all the 

implementation steps in section 4.3 to execute the entire program. Because everyone knows 

that implementation steps are different for every program. So, this section helps to understand 

what techniques are used to run this project. Libraries / Packaged always played a vital role in 

every data science project and this project also run with the help of the library. So, before 

starting the code, the author added all the required libraries and all the library-related 

information is available in section 4.4. Another important thing is the dataset, with the help of 

the dataset model properly learn and after that, it is capable to test the model. All the data 

loading processes are available in section 4.5. Data pre-processing is one of the important 

things because sometimes more useless information is added and the data is not pure. So, if 

this type of data is directly used for creating a model, then the model quality is destroyed. So 

pure the data, the author used many techniques in this project and this type of processing related 

information is available in section 4.6. The author describes how split the data and for what 

reason they split the data in section 4.7. After completing all the processing steps, the author 

describes which techniques were used to build the model in section 4.8. In section 4.9, the 

author finalizes the model and shows how many percentages were found. After completing all 

this thing, the author also gives a small summary for concluding this chapter in section 4.10. 

4.2 Data Description 

In this work-study author choose the “Crema-D and Savee or Surrey” dataset to analyze this 

study. This dataset is collected from an open source such as Kaggle and the dataset link is also 

given here “https://www.kaggle.com/datasets/ejlok1/cremad” and 

“https://www.kaggle.com/datasets/ejlok1/surrey-audiovisual-expressed-emotion-savee”. In 

the Crema dataset, there are a total number of 7442 audio files available and, in the Surrey, or 

Savee data have 480 audio files. Here the author combines these two files into one and then 

processes the further steps.  
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4.3 Implementation Steps 

Step 1: Finding the appropriate dataset for this work study. 

Step 2: Import all the Libraries as well as install some packages. This project was created by 

DL techniques, so many DL packages are imported here. 

Step 3: Load the dataset with the help of MFCC. Because it helps to load the audio input.  

Step 4: The author used librosa to extract the audio files. 

Step 5: After loading apply some pre-processing steps such as extraordinary values treatment 

and convert all the values into an array format. 

Step 6: Creating the best suitable data model for this work-study with DL techniques and NN 

techniques. 

Step 7: Evaluate the model performance and choose the final optimal model.  

4.4 Import Packages 

There are so many packages used here to execute the model. In Data Science, libraries always 

help decrease the work and make all the processes easy. Because inside libraries so many 

functions are executed at a time. Here, the author mentioned some libraries that are used to 

implement this work-study such as NumPy, Pandas, OS, Librosa, Sklearn, Keras, and so on. 

NumPy always handles all the mathematical issues and to pre-process the data author used 

Pandas for example here author used Pandas to load the dataset. All the operating system-

related dependent functionality is handled by OS packages. All the audio-related datasets are 

available in this data but before starting the model building it must be important to transform 

all the data into a numeric format. This type of work is handled by librosa and with the help of 

wave library easily reads and writes the entire file. For data visualization purposes the author 

used matplotlib here, it always provides a beautiful representation of the data to collect more 

hidden information. To build the model, the author used the MLP and LSTM classifiers. MLP 

comes under Sklearn packages and from Keras, the author used the LSTM classifier. Sklearn 

also helps to split the data and it is also capable of providing model performance-related 

information. Also, the author used one Optimizer from Keras.  

4.5 Data Loading 

Data loading is one of the crucial parts of any project because based on the data only further 

processes can be implemented. Depending on the data size and data quality the model 
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performance is dependent. Here, after loading all the necessary libraries the author loaded the 

dataset. In this case, the data loading is quite different compared to other data loading because 

here author imported the voice or music data. But here before data loading, the author created 

a Mel-Frequency Cepstral Coefficient (MFCC) function to input all the audio in the notebook. 

These functions extract the mfc features and obtained the mean of each dimension of data. 

After creating the function author loaded the audio data in a notebook and apply the mfcc 

function to convert the data into an appropriate format. 

The data loading process is explained in this section that how the author extracts and loads the 

dataset. Here the author created two different empty lists one is for collecting all the data labels 

and another is for collecting all the ‘Crema and Savee’ extracted files for this work-study.  

Because this data is in the form of audio, extracting the data is quite different and tough also. 

So, to successfully load the data author takes the help of os.walk() function because, with the 

help of this function, it is possible to get the folder, subfolder, and files at every level and it 

returned the tuple of these three files data information like a tree format. In this case, also there 

are so many subfolders available inside the folder and each subfolder has some data, that’s why 

the author uses this technique to get the all information.  

4.6 Data Visualization 

Here is all, the data points are belonging to audio files that’s why the visualizations are also 

not possible but, in that case, the author applies some of the techniques and represents a few 

plots of the data and these are given in below: 

 

Figure 4.1 Checking male and female audio distribution 
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Figure 4.2  Checking the Female Distribution 

It can be seen in Fig. 4.2 that the neutral emotions are not available in the female voice only 

the male voice available that’s why it does not show in this figure.  

4.7 Data Pre-processing 

Data pre-processing plays a vital role in any ML and DL-related task because in pre-processing 

the author checks all the basic information of the dataset and tries to find all unnecessary 

information about the data those are not required while model building. Suppose some 

unnecessary characters and data are available in the dataset then it is quite impossible to further 

process so it is necessary to clean all these things. But in this case, there are no such things 

means because there is only audio data that’s why here only required to change or convert the 

data into an array format.  

The author converts all mfc extract information into an array formation because here author 

uses DL neural network so in NN the author has to pass all the data in an array format that’s 

why the author converted it into an array formation.  

4.8 Data Splitting 

Data splitting is required because in any project the author first creates a model and after 

creating the model author trains the model with some amount of data means trying to teach 

some pattern about the data. After successfully training the completion of data the next step is 

to apply the test data to understand the model’s learning capability means is the model really 
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learns the pattern or not. Then, the author tests the model and compares it with actual data and 

predicting data, if both are almost equal and correct it is considered to be the best model. that’s 

why it is necessary to split the data into train and test.  

The author uses it to train and test splitting and here the author uses the test size is considered 

as 20 percent and the train size is considered as 80 percent because to train the model more 

data is required that’s why the author divided it into such ways to train the model in a more 

accurate way to get the best optimal output. Here, the author uses a random state which also 

plays an important part in data splitting because it is considered that random_state is 0 then in 

different execution the train data and test data is the same and the result also is the same in 

multiple executions but instead of zero if a random number is added then in every execution 

the train and test data is shuffled and get different data for that the output also differs in every 

execution.  Here the author uses a constant number instead of zero to get different results in 

every execution.  

4.9 Model Creation 

Every data science project needs to be modeled for training and testing purposes. Before 

testing, one of the important things is properly training the model. With the help of training, 

the model can be capable of getting every information properly means it learns properly. If the 

model learns properly then automatically it gives the best predictive model or best 

performances. Here the author used the LSTM and GRU model from Keras to evaluate the 

model. According to the model creation, the author used the Dense function and some 

activation functions. Based on the code the author used “relu” and “SoftMax” because the 

activation function describes a neuron's degree of stimulation. It will identify the importance 

of the neuron's information to the network is important during the prediction model by applying 

simple mathematical techniques. After that, the author also defines the model compilation 

process.   

In this case, the author used “adam” for the optimizer, for finding the loss value the author used 

categorical cross-entropy, and for finding the Accuracy the author used Accuracy metrics.  

4.10 LSTM model 

After creating the LSTM model, the author used this model for fitting purposes.  For fitting 

purposes, the author used X-train and y-train data. At the same time, the author used epochs 

size of 200 and batch size of 32. 
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Also, the author mentioned so many techniques for training the model. After that, all the 

processes are stored in one variable.  During the training period, the author used 100 epochs to 

train the model. And also shows how accuracy are increase when the number of epochs also 

increased. In the 1st epoch, the accuracy percentage is 19 % but after the 10 epochs, it will be 

32%. It indicates that every epoch the machine learns some new thing and for this reason, it 

gives more accuracy. Similarly, after completing 200 epochs, it provides 87 % accuracy. 

Now the author describes the difference between train and test loss as well as accuracy in Figure 

4.1 and Figure 4.2.  

  

Figure 4.3 Provide information about the loss value of the training and testing dataset.  



35 

 

  

Figure 4.4 Display Accuracy plot for comparing training and testing data.  

4.10.1 Final Result of LSTM Model 

The author got 96% accuracy after evaluating the model and during this time author also get 

loss values of 0.19 according to Figure 4.3. So, it means that this is a good as well as suitable 

model for this project.  

  

Figure 4.5 Shows the result after evaluation.  

4.11 GRU Model 

After getting a better result with the help of the LSTM model the author tries to check the GRU 

model also because there may be chances that the GRU model can be performed better than 

LSTM also. Here the author fitted and check the model performance with validation data and 

without validation data to check the differences and the author got the very worst performance 

by the models. The performance result of these models is given in below: 

 

Figure 4.6 Model performance without validation data 
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It can be seen in Fig. 4.6 that the accuracy is very less in this model.  

 

Figure 4.7 Model performance with validation data 

It can be observed that there is worst performance by the model compared to without validation 

data and it can be seen in Fig. 4.7.  

 

Figure 4.8 Training and validation loss comparison of GRU model.  
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Figure 4.9 Training and validation accuracy comparison of GRU model. 

4.12 Summary 

In this chapter, the author tries to provide more valuable information about programming as 

well as a predictive model. Here the author provides complete data information as well as a 

summary of implementation steps means how they complete this project or the working process 

of this project. During this project, the author found that the entire data is audio-related. so, the 

author used some pre-processing techniques to properly process the dataset. After completing 

data processing, the author used the LSTM classifier to train the model, and after training, the 

model the author got 87% accuracy for getting this much accuracy the author used 200 epochs 

in this project. But with the help of the GRU model, the author gets only 14 percent of accuracy. 

That’s why the author finalizes the LSTM model for this problem statement In the next chapter, 

the author concludes this project and also author recommends some important things about this 

project. Also, the author gives some future scope at the end of the chapter.
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5 Conclusion & Recommendation 

5.1 Conclusion 

This work study is very knowledgeable and interesting because here finding the voice emotions 

using DL techniques. Here, after applying the different pre-processing steps author creates an 

appropriate model which can the ability to predict the best optimal output. But the most crucial 

parts of this project are the data loading and processing the data. Here the author uses CNN 

techniques and gives the 200 epochs while training the model. And it is observed that after 

starting the training process the model performance also increased with the increasing epoch 

size and at last author got an accuracy of 87 percent using LSTM model and Gru model gives 

only 14 percent of accuracy that’s why the author can considered the GRU model and finalize 

the LSTM model for this problem statement.  

5.2 Recommendation 

In this work study, while the author implemented it is observed that the data loading is typically 

different and sensitive also. So, it is recommended that while loading the data be careful and 

give the proper appropriate data set link or path. Apart from that use high-processing systems 

or a colab notebook. Because to converting the data audio into array format using mfcc 

techniques takes more time and the model creation with CNN gives the best output for this 

work study. Apart from that here author uses only the Crema and Surrev or Savee dataset but 

there are more 2 datasets also available for speech emotion recognition so it is recommended 

that add more than three datasets and combined it into one dataset then create a model to get a 

more accurate result because DL required a large amount of data.  

5.3 Future Scope 

It is various scopes in the future because in the future while talking with someone or while 

listening to any recorded video by using this model and technology easily anyone can detect 

the emotions behind the speech. In order to recognize and comprehend human emotions even 

in the presence of irrational behavior, the study pushes human intellect to develop computers 

that are highly developed.
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