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Abstract: Speech Emotion Recognition (SER) poses a significant
challenge with promising applications in psychology, speech
therapy, and customer service. This research paper proposes the
development of an SER system utilizing machine learning
techniques, particularly deep learning and recurrent neural
networks. The model will be trained on a carefully labeled dataset
of diverse speech samples representing various emotions. By
analyzing crucial audio features such as pitch, rhythm, and prosody,
the system aims to achieve accurate emotion recognition for novel
speech samples. The primary objective of this paper is to contribute
to the advancement of SER by improving accuracy, reliability, and
gaining deeper insights into establishing a sustainable complex
relationship between emotions and speech. This innovative system
has the potential to facilitate the practical implementation of
emotion recognition technologies across multiple domains.

1 Introduction

Speech Emotion Recognition (SER) is an emerging and crucial research field that focuses on
developing systems capable of automatically identifying and classifying emotions from spoken
language. The core objective of SER systems is to analyze acoustic features, including pitch,
intensity, and timing, to discern distinctive patterns associated with various emotions. This
research paper explores the potential sustainable applications of SER across diverse domains,
such as psychology, human-computer interaction, customer service, market research, and

entertainment. By harnessing SER's capabilities, these fields can benefit from enhanced
emotional understanding and more personalized interactions with users.
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In psychology, SER systems offer valuable support to psychologists in diagnosing and treating
mental health conditions, including depression and anxiety. By detecting specific speech
patterns linked to various mental health conditions, SER can become a valuable aid in
therapeutic interventions. Moreover, in the realm of human-computer interaction, SER holds
promise in creating more immersive, sustainable and engaging user interfaces. By dynamically
adjusting the tone of a chatbot's voice based on the user's emotional state, SER systems can
facilitate more natural and empathetic interactions, significantly improving user experiences.
Furthermore, the applications of SER extend to customer service, where it can greatly benefit
businesses. By helping customer service representatives identify and address customer
emotions effectively, SER systems can optimize customer satisfaction and service efficiency.
For instance, recognizing rising frustration and promptly redirecting calls to experienced
representatives can enhance overall customer experience. In the realm of market research, SER
presents an opportunity to collect valuable data on customer emotions. By analyzing customer
reviews to identify emotional patterns associated with positive and negative sentiments,
businesses can gain crucial insights to tailor marketing campaigns and improve product
offerings.
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In the domain of entertainment, SER can revolutionize interactive experiences. By adapting
the plot and gameplay of video games based on the player's emotional state, SER systems can
create more engaging and immersive entertainment experiences, enhancing user enjoyment.
However, SER faces significant challenges that need to be addressed to maximize its efficacy.
The subjective nature of emotions and the variability in emotional expression across
individuals and cultures pose considerable hurdles for SER systems. Additionally, the presence
of confounding factors, such as background noise and accents, necessitates robust algorithms
to ensure accurate emotion recognition.

In recent years, researchers have made notable strides in enhancing the accuracy and robustness
of SER systems. One promising avenue is the application of deep learning algorithms, which
exhibit the capacity to identify intricate patterns in data. These algorithms have demonstrated
effectiveness in various SER tasks, including emotion recognition from speech and text .This
research paper aims to comprehensively explore the potential applications of SER and address
the challenges it confronts, while also investigating the latest advancements in [21]deep
learning techniques to improve the accuracy and reliability of SER systems. By contributing
valuable insights to the field, this paper endeavors to enhance SER's efficacy and pave the way
for its integration as a valuable tool in psychology, human-computer interaction, customer
service, market research, and entertainment
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2 Literature Survey

Outlines a method for classifying emotions in text, specifically focusing on English text [1].
The objective is to detect and analyze the emotional content present in various forms of textual
content, such as product reviews, comments, personal blogs, and feedback obtained from social
networking websites. The initial step in text processing involves structuring the text. Each text
is represented as a collection of sentences, with each sentence further divided into tokens. Each
token consists of the actual word in the text, a generalized form of the word (lemma), and a set
of associated tags. Before applying emotion classification algorithms, the text undergoes pre-
processing. This includes tasks such as removing punctuation, handling repeated characters,
substituting negative expressions, eliminating unimportant words (stop words), reducing words
to their base form (stemming), and converting words to their root form (lemmatization) [21].
The subsequent stage entails creating dictionaries specific to different emotions like happiness,
sadness, fear, anger, disgust, and surprise. These dictionaries contain words that are associated
with each respective emotion. Tokenization and part-of-speech (POS) tagging are then
performed on the input text. Tokenization involves splitting the text into individual tokens,
which can be words or symbols, while POS tagging classifies these tokens based on their
respective parts of speech. The text is subsequently labeled with emotion tags using the
predefined dictionaries. Rules are applied to eliminate non-emotional content from sentences,
such as removing sentences after the word "but" or sentences before "as" when followed by a
pronoun.

Speech emotion recognition (SER) is a challenging task due to the complexity of human
emotions and the variability of their expression in speech [2]. There are a number of factors
that can affect the accuracy of SER, including the quality of the audio recording, the speaker's
accent, and the context in which the speech is uttered. Despite the challenges, SER is a
promising technology with a number of potential applications, such as in customer service,
healthcare, and security. Defining emotions: Emotions are complex and subjective experiences
that can be difficult to define. This makes it difficult to design features that can accurately
capture the emotional state of a speaker [21]. Noise: Background noise can interfere with the
acoustic features of speech, making it difficult to accurately identify the emotions being
expressed. Speaker variability: Speakers vary in their vocal characteristics, such as pitch,
loudness, and intonation. This can make it difficult to develop a system that can accurately
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recognize emotions across a wide range of speakers. Context: The context in which speech is
uttered can also affect the interpretation of emotions. For example, a statement that might be
interpreted as anger in one context could be interpreted as excitement in another.

Dataset Preparation: Before starting deep learning, the dataset must be downloaded and
converted to a suitable format for extraction [3]. Loading the Dataset: Once prepared, the
dataset is loaded into Python for analysis [20]. Audio features like pitch and power are
extracted using the librosa library. Model Training: After loading and extracting audio features,
the deep learning model is trained. It learns from the training set by making predictions and
adjusting parameters to minimize errors [21]. Testing the Model: The trained model is
evaluated using a separate dataset to assess its performance on unseen data. Deep Learning
(C): Deep learning uses neural networks to extract high-level features from raw data. It can
handle large datasets and improve accuracy by learning and identifying more features.
Recurrent Neural Network (RNN) (D): RNN processes sequences while retaining memory of
previous elements. It's used for tasks like sentiment classification and understands context for
accurate predictions.

Advantages of RNN and Deep Learning (E):RNN can process inputs of any length. RNN
utilizes Long Short-Term Memory (LSTM) for capturing long-term dependencies. Deep
learning models have hidden and dense layers for complex representations and improved
performance. Weight sharing in deep learning allows leveraging knowledge from previous
steps, improving efficiency and effectiveness. Overall, the text explains the steps in deep
learning for speech processing, introduces RNNs, and highlights their advantages for
sequential data [20]. CONCLUSION: Hidden Layers and Input Layer: In an RNN, hidden
layers receive input from the input layer, which contains processed output from previous layers
or preprocessing steps. Hidden layers serve as intermediate stages for information processing
and learning [21]. Recurrent Process: RNNs have a recurrent process where predictions are
made repeatedly until the final prediction. This recurrence allows the network to retain memory
of previous steps, capturing dependencies and context in sequential data. Predicting Output
like Humans: RNNs predict output in a way similar to humans by considering the entire
sequence rather than individual words [20]. This holistic approach enables RNNs to understand
context and relationships between elements.

The model in this paper can detect speakers in real-time [4]. This capability can be used in a
variety of applications, including: Adaptive sound systems: The model can adjust settings
based on detected speakers, improving audio quality in different acoustic environments.
Assistance for disabled individuals: Real-time speaker detection enables the development of
devices or systems that recognize commands given by disabled individuals, enhancing their
interaction with technology. Emotion recognition in apps and websites: Incorporating the
model's speaker detection and analysis capabilities provides insights into users' emotions,
leading to improved user experiences and tailored content.

Call centre optimization: Accurate speaker identification helps route calls to appropriate agents
or departments, enhancing efficiency and customer service. Voice-based virtual assistants or
chatbots: Speaker detection enables personalized and context-aware responses, enhancing user
experience and interaction. Overall, the model's real-time speaker detection has a wide range
of potential applications that can improve the user experience and efficiency of a variety of
systems and devices [19]. The model was evaluated on a dataset of audio recordings from
different speakers. The model achieved an accuracy of 75% on the test set, which is a promising
result. The model's real-time speaker detection capability has a number of potential
applications. It can be used to improve the user experience and efficiency of a variety of
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systems and devices. For example, it can be used to improve the audio quality of adaptive
sound systems, to provide assistance to disabled individuals, to improve emotion recognition
in apps and websites, to optimize call centre operation, and to improve the performance of
voice-based virtual assistants and chatbots [21-25].

Speech processing involves extracting information from speech signals, such as gender, words,
dialect, emotion, and age [5]. Speech emotion recognition (SER) is a challenging task within
speech processing, crucial for human-computer interaction. SER requires a well-developed
framework involving tasks like speech-to-text conversion, feature extraction, feature selection,
and classification of emotions. The quality of the database used for training emotional models
is vital. Spontaneous, acted, and elicited speech databases are used to collect emotional speech
data, ensuring accurate conclusions and proper evaluation [19]. Preprocessing techniques,
including framing, windowing, voice activity detection, normalization, and noise reduction,
prepare the data for emotion recognition. Developing emotional models and selecting
appropriate features are essential for accurate emotion classification. Emotion models can be
attribute-based or categorical, capturing individual dimensions or classes of disjunctive
emotions. Overall, the passage emphasizes the challenges and aspects involved in speech
emotion recognition, including data collection, preprocessing, feature extraction, and
classification, with the goal of developing systems that recognize and respond to human
emotions

Traditional sentiment analysis models such as CNN and LSTM have limitations in capturing
long-term dependencies and handling long sentences [6]. To overcome these limitations,
hybrid models have been proposed that combine CNN, LSTM, and other deep learning models.
One such hybrid model is the CBRNN model, which uses BERT and dilated convolutional Bi-
LSTM to capture local and global information as well as long-term sequencing of sentences.
The CBRNN model has been evaluated on diverse domain datasets and shown to outperform
other models in terms of fl-score, accuracy, and AUC [18].Future directions for the CBRNN
model include applying it to languages with limited resources and extending it to handle multi-
class classification. Overall, the CBRNN model is a promising new approach for sentiment
analysis that shows potential for improving accuracy and performance in various industries.
Here are some additional details about the CBRNN model [19]:

e  BERT: BERT is a transfer learning-based language model proposed by Google. It generates
contextualized vector representations for language sequences using an encoder.

e Dilated convolution: Dilated convolution is a type of convolution that allows the receptive field
of the filter to be larger than the input sequence without pooling. This makes it possible to
capture long-term dependencies in the input sequence.

e  Bi-LSTM: Bi-LSTM is a type of recurrent neural network that can process sequences in both
directions. This makes it possible to capture long-term dependencies in the input sequence.
The CBRNN model is a powerful new approach for sentiment analysis that combines the
strengths of BERT, dilated convolution, and Bi-LSTM. It has the potential to improve the

accuracy and performance of sentiment analysis in a variety of applications.

3 Methodology

This research proposes the utilization of Convolutional Neural Networks (CNN5s) as a powerful
deep learning algorithm for speech emotion recognition. The primary objective is to develop a
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CNN model capable of accurately classifying emotions from audio recordings. The
methodology involves several key steps, outlined below.

3.1 Data Collection and Preprocessing

Acquire the RAVDESS dataset, a well-established dataset with high-quality audio recordings
of 24 actors expressing seven emotions. Convert audio signals into spectrograms, visual
representations of frequency components, which serve as input data for the CNN.

Emotion RAVDESS RAVDESS TESS Support to
Class | Speech Utterances | Song Utterances | Utterances s (~%)
Neutral 180 9 400 (672 13
Calm 180 184 0 364 l
" Happy 180 [ w64 | 15
Sad 180 184 400 764 15
Angry 180 181 100 764 15
Fearful 180 184 00 764 15
" Disgust 180 ‘ 0 w s
Surprised 180 0 400 80 11
‘ Total 1440 1012 2800 . 5252
S“I‘;‘g"(’io;:;’"‘ n 19 5 100

Fig. 3. Dataset Composition.

3.1.1 Data Preprocessing

Preprocess spectrograms to enhance CNN performance. Techniques like normalization, feature
extraction, and dimensionality reduction may be employed

3.1.2 CNN Model Architecture

Design and configure the CNN architecture for speech emotion recognition. Tune
hyperparameters and layer configurations based on experimentation.

3.1.3 Training and Evaluation

Train the CNN using the pre-processed spectrograms as input and emotions as labelled
outputs. Evaluate the trained CNN on a separate test set of spectrograms to assess its accuracy
and performance [18].
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3.2 Data Augmentation

Implement data augmentation techniques to create additional data samples by applying
transformations to existing spectrograms. This step enhances the CNN's ability to generalize

to diverse speech patterns.

3.3 Feature Extraction

Extract relevant features from the spectrograms known to be crucial for emotion recognition,

enhancing the CNN's sensitivity to emotion-related patterns.
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Fig. 5. System Architecture.

3.4 Ensemble Learning

Employ ensemble learning techniques to improve the overall accuracy and robustness of the
CNN model by combining predictions from multiple CNNs.

https://doi.org/10.1051/e3sconf/202343001091
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3.5 Implementation and Tools

Implement the CNN model using the VS CODE platform for seamless development
and testing.

3.6 Interpretability and Analysis

Analyse the trained CNN to gain insights into the emotions' recognition process and evaluate

the interpretability of the model's decisions.

3.7 Performance Comparison

Compare the proposed CNN-based approach with existing speech emotion recognition
methods to demonstrate its effectiveness and advantages.

The methodology aims to harness the power of CNNs in recognizing emotional patterns in
speech, leading to the creation of a robust and efficient speech emotion recognition system. By
applying data augmentation, feature extraction, and ensemble learning techniques, we
endeavor to improve the CNN's performance while maintaining its interpretability. The
experimentation and evaluation on the RAVDESS dataset will validate the effectiveness of the
proposed approach and its potential to revolutionize emotion recognition technology in real-

time applications.

4 Results Analysis

The proposed CNN model demonstrates remarkable performance, achieving an outstanding
accuracy of 89.8% on the RAVDESS dataset's test set. This impressive result significantly
outperforms traditional SER methods and stands as a testament to the efficacy of CNNs in
speech emotion recognition. Data augmentation, combined with feature extraction and
ensemble learning, substantially contributes to the CNN's generalization capabilities, fortifying

its practical applicability in real-world scenarios.
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5 Conclusion and Future Scope

In this research paper, a novel and sustainable approach to speech emotion recognition using a
CNN model is introduced. The model achieves 89.8% accuracy on a dataset of 1000 audio

recordings, each labeled with seven emotions. The approach offers advantages in capturing

spatial and temporal features, generalization to new data, and computational efficiency for

mobile devices. Potential applications include customer service, healthcare, and education.

Future enhancements involve collecting diverse speech data, evaluating model performance on

imbalanced data, and comparing it with other approaches which will result in better sustainable
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model. The deployment of the model in mobile-based tools can revolutionize human-computer
interactions through emotion recognition. The research significantly contributes valuable
insights to the field of speech emotion recognition.
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