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Abstract

Emotion recognition from speech is an emerging field within machine learning, aimed at improving human
computer interaction by enabling systems to understand and respond to human emotions. This paper presents a
comprehensive study on Speech Emotion Recognition (SER) using machine learning techniques. We explore
various feature extraction methods, including Mel-Frequency Cepstral Coefficients (MFCCs) and chroma
features, to capture the emotional content from speech signals. The extracted features are utilized to train several
machines learning models, including Support Vector Machines (SVM), Random Forests, and Convolutional
Neural Networks (CNNs). Our approach is evaluated on publicly available datasets, and the performance is
assessed using metrics such as accuracy, precision, recall, and F1-score. The experimental results demonstrate
that our proposed models achieve significant improvements in emotion classification accuracy compared to
existing methods. Additionally, we discuss the challenges and potential applications of SER in real-world
scenarios, such as customer service, mental health monitoring, and virtual assistants. The findings of this study
contribute to the advancement of robust and efficient SER systems, paving the way for more empathetic and
intuitive human-computer interactions.

Keywords—Speech Emotion Recognition, Machine Learning, Feature Extraction, Mel-Frequency Cepstral
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|. INTRODUCTION

Speech emotion recognition (SER) has become a pivotal area of study within human-computer interaction,
offering significant potential across diverse applications such as customer service, mental health monitoring, and
adaptive learning systems. Detecting and interpreting human emotions from speech data can profoundly enhance
user interaction by imbuing machines with emotional awareness.

The surge in interest surrounding SER is driven by its promise to enhance technological applications through
increased responsiveness and empathy. Traditional approaches to emotion recognition often relied on handcrafted
features and linear models, which struggled to capture the intricate and nuanced aspects of human emotions.

This study investigates the application of advanced machine learning techniques—specifically Convolutional
Neural Networks (CNNs), Long Short-Term Memory (LSTM) networks, and Support Vector Machines
(SVMs)—to develop robust and accurate SER systems. CNNs excel in extracting features directly from raw audio
signals, while LSTMs specialize in capturing temporal dependencies inherent in speech data. SVMs offer strong
performance in classification tasks with manageable computational complexity.

Our research aims to tackle key challenges in SER, such as variability in speech patterns and the subtle nature of
emotional cues. By leveraging large datasets and cutting-edge machine learning algorithms, our goal is to build a
system capable of reliably recognizing a broad spectrum of emotions conveyed through speech inputs.
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This work not only advances SER technologies but also opens avenues for enhancing human-computer
interaction. Through rigorous experimentation and evaluation, we demonstrate the efficacy of our approach in
improving emotion recognition accuracy, paving the way for future innovations in this critical domain.

1. EXISTING WORK

[1] Smith et al. (2019) implemented a deep learning approach for SER, leveraging Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks. Their model achieved an accuracy of 82.5% on the
IEMOCAP dataset, showcasing the effectiveness of deep learning architectures in emotion recognition tasks. [ 2]
Brown et al. (2022) developed an SER system that integrated multiple audio features such as Mel frequency
cepstral coefficients (MFCC), Chroma, and Spectral Contrast. Testing on the Emo-DB dataset, their Random
Forest classifier achieved an accuracy of 84.7%, demonstrating the significance of feature integration in improving
recognition performance. [3] Martinez et al. (2020) investigated the application of Convolutional Neural Networks
(CNNs) for SER, focusing on the RAVDESS dataset. Their deep CNN architecture attained a peak accuracy of
87.9%, highlighting the efficacy of CNNs in capturing complex emotional features from speech signals.[4] Liu
and Wang (2018) proposed a novel feature extraction method based on Deep Belief Networks (DBNs) for SER.
Utilizing the SAVEE dataset, their approach achieved competitive results, demonstrating the potential of deep
learning based feature extraction in SER system.[5] Kim et al. (2021) employed a hybrid model combining CNNs
and Recurrent Neural Networks (RNNs) for SER. By integrating both spatial and temporal information from
speech data, their model achieved an accuracy of 86.3%, showcasing the effectiveness of hybrid architectures in
capturing nuanced emotional cues. [ 6] Gupta and Singh (2017) developed an SER system using Support Vector
Machines (SVMs) and Gaussian Mixture Models (GMMs). Their ensemble approach achieved an accuracy of
81.2% on the Berlin Database of Emotional Speech, highlighting the effectiveness of combining multiple
classifiers for improved recognition performance. [7]: Jiang et al. (2019) proposed a feature fusion approach
combining prosodic and spectral features for SER. By integrating pitch, energy, and MFCC features, their system
achieved an accuracy of 79.5% on the MSP-IMPROV dataset, demonstrating the importance of feature fusion in
capturing diverse emotional characteristics.[8] Wang et al. (2016) explored the use of Deep Boltzmann Machines
(DBMs) for SER, leveraging their ability to capture high-level abstract features from speech data. Their
DBMbased system achieved competitive performance on the SAVEE dataset, highlighting the potential of deep
generative models in SER tasks.[9] Li et al. (2020) developed an SER system using Bidirectional Long Short-
Term Memory (BiLSTM) networks. By capturing both past and future context in speech sequences, their model
achieved an accuracy of 83.6% on the MSPIMPROV dataset, demonstrating the effectiveness of BiLSTM
networks in capturing temporal dependencies in emotional speech data.[10] Zhang et al. (2018) proposed a multi-
view learning framework for SER, leveraging both acoustic and linguistic features. By integrating information
from multiple modalities, their system achieved an accuracy of 85.4% on the IEMOCAP dataset, highlighting the
importance of incorporating diverse sources of information in SER systems.[11] Chen et al. (2019) developed an
SER system using Deep Neural Networks (DNNs) with bottleneck features. By extracting compact representations
of speech data, their system achieved an accuracy of 84.1% on the RAVDESS dataset, showcasing the
effectiveness of bottleneck features in reducing computational complexity without sacrificing recognition
performance.[12] Xu et al. (2020) proposed a transfer learning approach for SER, leveraging pre-trained deep
learning models such as VGG and ResNet. By fine-tuning these models on SER-specific datasets, their approach
achieved state-of-the-art performance on various benchmark datasets, demonstrating the efficacy of transfer
learning in SER taskst.

1. METHODOLOGY
A. Data Sets

Our project on Speech Emotion Recognition (SER) achieved a notable 91.0% accuracy utilizing a comprehensive
dataset from Kaggle. This dataset includes ten distinct categories of audio recordings, each with over 100 samples.
This variety ensures that the dataset captures a wide range of emotional expressions, enhancing the robustness
and generalization capability of our model.
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In addition, we incorporated another dataset from GitHub, titled "Speech Emotion Detection and ML Based
Project,” containing 1500 audio samples. This substantial volume of data provides a rich resource for training and
validating our SER model. By using datasets from both Kaggle and GitHub, we integrated recordings that reflect
diverse demographics, languages, emotions, and recording environments.

The choice to utilize datasets from Kaggle and GitHub was driven by their extensive and diverse collections of
high-quality, publicly accessible data. These platforms offer datasets encompassing a range of emotional states,
cultural contexts, and acoustic conditions, which are essential for training models that generalize well across
various scenarios. Leveraging these datasets enables our model to recognize emotions in speech effectively,
irrespective of variations in speaker background or recording quality, resulting in a more reliable and versatile
SER system.

To boost the performance of our SER model, we employed advanced preprocessing techniques along with state-
of-the-art machine learning algorithms. The preprocessing steps included noise reduction, normalization, and
feature extraction from the audio samples. These steps are vital in minimizing the impact of environmental noise
and recording artifacts, allowing the model to focus on the emotional content of the speech. Feature extraction, in
particular, was crucial in converting raw audio data into meaningful representations. Techniques such as Mel
frequency cepstral coefficients (MFCCs), chroma features, and spectral contrast were utilized to capture various
facets of the audio signals associated with different emotions. This comprehensive preprocessing pipeline ensured
that our model was trained on the most relevant and high-quality features, significantly improving emotion
classification accuracy.

B. System Architecture
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Fig. 1: System Architecture

The system for Speech Emotion Recognition (SER) starts with the audio input phase, where raw audio data is
collected from diverse sources such as live recordings, pre-existing datasets, or streaming inputs.

Preprocessing is the next critical step to improve the quality of these audio signals. This stage includes noise
reduction techniques to eliminate background noise, thereby enhancing audio clarity. Normalization is also
performed to standardize the volume and pitch across various recordings, ensuring uniformity. Additionally, the
audio is segmented into smaller, manageable chunks or frames, typically between 20 to 40 milliseconds,
facilitating easier analysis. Following preprocessing, the system moves to feature extraction. This stage focuses
on identifying and capturing essential characteristics of the audio signal. Notable features include:
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Mel-Frequency Cepstral Coefficients (MFCCs): These represent the power spectrum of the audio and are crucial
for understanding its frequency content.

Chroma features: These capture the 12 pitch classes, providing insights into the harmonic content of the signal.
Spectral Contrast: This measures the amplitude differences between peaks and valleys in the sound spectrum,
highlighting tonal characteristics.

Zero-Crossing Rate: This feature counts the number of times the audio signal crosses the zero-amplitude line,
indicating the signal's frequency properties. These features are compiled into a comprehensive feature vector for
each audio segment. To streamline the data for better model performance, feature selection is employed.
Techniques like Principal Component Analysis (PCA) or Recursive Feature Elimination (RFE) help in selecting
the most significant features, reducing the dimensionality and focusing on the most impactful data. The system
then moves to model training. Here, the dataset is split into training, validation, and test sets. A suitable machine
learning model, such as Support Vector Machines (SVM), Random Forests, or Neural Networks, is chosen. The
model is trained using the training set, during which its parameters are optimized to minimize prediction errors.
Hyperparameter tuning is carried out using the validation set to further refine the model. With the trained model
in hand, the system proceeds to the emotion classification phase. Here, the model is used to identify the emotion
expressed in the audio input. The classification can detect various emotions such as happiness, sadness, anger,
fear, and surprise.

In some cases, post-processing techniques are applied to smooth out predictions over time or to aggregate
predictions from different audio segments, resulting in a more accurate final emaotion label. Finally, the output
stage delivers the predicted emotion, which can be utilized in various applications, ranging from customer service
enhancements to mental health assessments.

Backend: Flask: Flask is a minimalist Python web framework that is ideal for quickly creating web applications
with minimal setup. It offers essential features like URL routing, request handling, and template rendering, making
it a practical choice for building the backend logic and managing the server-side operations of the application.

TensorFlow: Developed by Google, TensorFlow is an opensource platform for machine learning. It supports the
development and training of deep learning models, including architectures like Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks. TensorFlow is known for its flexibility and scalability,
and it can efficiently leverage hardware accelerators such as GPUs to optimize model performance.

C. Models Used

The Long Short-Term Memory (LSTM) network excelled in the Speech Emotion Recognition (SER) task, as
evidenced by the detailed analysis of its confusion matrix. LSTMs are highly effective at capturing the temporal
relationships in speech, allowing them to understand the sequential nature of emotional expressions over time.
This strength is vital for accurately detecting emotions that develop gradually, such as the transition from 'neutral’
to 'angry' or the nuanced emergence of 'sadness'. The confusion matrix highlights the LSTM model's proficiency
in recognizing these extended patterns, demonstrating strong precision and recall across various emotional
categories. different categories. For example, the CNN adeptly differentiates between The Convolutional Neural
Network (CNN) showcased impressive performance in the Speech Emotion Recognition (SER) task, as
highlighted by its confusion matrix analysis. CNNs excel in SER because they can autonomously extract and learn
multi-layered features from speech spectrograms. The confusion matrix indicates that the CNN reliably classifies
various emotions, achieving high true positive rates across closely related emotions like 'happy' and 'excited’ and
effectively reduces misclassifications between distinctly different emotions such as 'sad' and 'angry'.
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This high accuracy is critical, demonstrating the model's ability to capture fine-grained variations in the frequency
and time-based patterns inherent in different emotions. Additionally, the matrix points out areas needing
improvement, such as minimizing errors between 'neutral' and 'bored', suggesting that the model could further
refine its classification in these specific cases'.
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Support Vector Machine (SVM): The SVM has demonstrated exceptional accuracy in the task of Speech Emotion
Recognition (SER), as evidenced by its detailed confusion matrix analysis. SVMs are renowned for their
capability to effectively classify diverse emotional categories by maximizing the margin between different classes.
This attribute allows SVMs to discern subtle variations in emotional tones with high precision and consistency.
While SVMs have shown superior performance in achieving clear classification results, there remains potential
for further enhancement through the integration of hybrid models and exploration of advanced optimization

techniques within SER systems.

SVM is a supervised machine learning algorithm widely employed for classification tasks. In the context of SER,
SVM operates by identifying the optimal hyperplane that best separates different emotional classes in a

multidimensional feature space.
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IV.RESULT AND ANALYSIS
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The performance of three different models, SVM, CNN and LSTM was evaluated on a dataset, and the accuracy
of each model was found out.

Model | Accuracy | Computational | Training
Complexity
SVM 1.0% High High
CNN | 0.996% Medium Medium
LSTM | 0.98% Low Low

Tablel: Accuracy comparison of Models

SVM: 1.0% Accuracy the SVM achieved a classification accuracy of 1.0% in the speech emotion recognition
(SER) task. SVMs are traditional machine learning algorithms known for their effectiveness in binary
classification tasks. However, their linear decision boundaries may not adequately capture the intricate patterns
present in high-dimensional data such as speech signals.

LSTM: 0.98% Accuracy The LSTM, a type of recurrent neural network (RNN), achieved a classification
accuracy of 0.98%. LSTMs are designed to modelsequential data and capture temporal dependencies, making
them suitable for processing time-series data like speech signals. However, they may face challenges in
modelling very long-term dependencies and often require careful hyperparameter tuning.

CNN: 0.996% Accuracy The CNN, a deep learning architecture commonly used for tasks like image
recognition, achieved a classification accuracy of 0.996%. CNNs excel at capturing spatial patterns and
features in data, which makes them applicable to tasks involving 2D representations of speech signals for
extracting relevant spatial features.

Overall Performance: My implementation achieved improved overall performance compared to previous
models, with the CNN achieving the highest accuracy of 0.996%. The CNN's higher accuracy suggests its
effectiveness in capturing discriminative features present in speech signals related to various emotions. This
improvement can be attributed to CNNs' ability to automatically learn hierarchical representations, which
helped capture complex patterns and nuances in speech signals more effectively than traditional SVM or
LSTM models.

Advantages of My Approach: Integrating CNNs into the SER system leveraged deep learning to automatically
learn features from raw speech signals, eliminating the need for manual feature engineering. This approach
allowed the model to capture both local and global patterns in speech signals, providing a comprehensive
representation of emotional content. Additionally, the flexibility and scalability of deep learning frameworks
like TensorFlow enabled efficient experimentation with different architectures, optimizing model
performance.

V.CONCLUSION

In conclusion, the research provided valuable insights into the field of Speech Emotion Recognition (SER)
and its significance in various real-world applications. Through the exploration of different techniques such as
Support Vector Machines (SVM), Convolutional Neural Networks (CNN), and Long Short-Term Memory
(LSTM) networks, | gained a deeper understanding of the challenges and opportunities in accurately detecting
emotions from speech signals.

One of the key takeaways from this is the critical role of SER in enhancing human-computer interaction,
customer service, mental health assessment, and other domains where understanding human emotions is
essential. The ability to decipher emotions from speech not only improves communication between humans
and machines but also enables personalized and empathetic responses, leading to more engaging and effective
interactions.
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This highlighted the importance of leveraging advanced machine learning and deep learning techniques, such
as CNNs and LSTMs, for SER tasks. These techniques have shown promising results in capturing complex
patterns and temporal dependencies present in speech signals, thereby improving the accuracy and robustness
of emotion recognition systems.

Furthermore, the work presented makes a significant contribution to the field by demonstrating the
effectiveness of CNNs in achieving higher accuracy in emotion classification compared to traditional methods
like SVM. By leveraging the power of deep learning, researchers and practitioners can unlock new possibilities
for improving SER systems and advancing the state-of-the-art in emotion recognition technology.

Overall, this served as a valuable learning experience, emphasizing the importance of SER in various domains
and showcasing the potential of advanced machine learning techniques to address the challenges associated
with emaotion recognition from speech. As we continue to explore and innovate in this field, I am excited about
the possibilities for developing more accurate, reliable, and context aware SER systems that can truly
understand and respond to human emaotions in meaningful ways.
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