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Abstract: 

As digital image collections grow in size, there is an increasing need for robust image retrieval systems 

capable of managing large datasets effectively. This work offerings a novel Content-Based Image Retrieval 

(CBIR) system designed to enhance retrieval accuracy across both general and medical image datasets. 

The proposed system leverages U-Net for feature extraction, integrated with an improved weight-learning 

approach to enhance retrieval performance. A Convolutional neural network, U-Net, a network design 

famous for its picture segmentation ability, is utilized to capture complex, high-level image features. The 

approach includes an adaptive, query-aware feature weighting mechanism that applies weight re-scaling 

to parameterized features, assigning optimized weights to top-ranked images. This CBIR system 

comprises three main components: image pre-processing, U-Net-based feature extraction, and feature re-

weighting. During pre-processing, images undergo augmentation and normalization to increase model 

robustness. The feature re-weighting process evaluates feature importance using cosine similarity, which 

further improves discriminative power at retrieval. The proposed CBIR system was tested across various 

image datasets through extensive experiments, with performance measured in terms of recall, precision 

and F1-score. The results indicate that integrating feature re-weighting with U-Net-based extraction 

significantly enhances retrieval effectiveness. This work represents a step forward in developing adaptive 

image retrieval systems that better respond to diverse retrieval scenarios. 

 

Claims - 3 

1. A method for detecting emotions in speech, comprising: 

o Extracting acoustic features from speech signals. 

o Utilizing a convolutional neural network to analyze the extracted features. 

o Employing a recurrent neural network to model temporal dependencies in the features. 

o Classifying the emotions based on the processed features. 

2. The method of claim 1, wherein the acoustic features include pitch, energy, and mel-frequency cepstral 

coefficients (MFCCs). 

3. The method of claim 1, wherein the model is trained and evaluated on multiple datasets to ensure 

robustness and generalization. 
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Field of Innovation 

The present invention pertains to the field of emotion detection in speech, specifically utilizing deep 

learning techniques and acoustic feature extraction within intelligent computing systems. This innovation 

is particularly relevant to human-computer interaction, affective computing, and personalized assistance 

technologies, enabling machines to interpret and respond to human emotions more accurately. 

 

Background 

Emotion detection in speech is a pivotal area of research within the realm of human-computer interaction 

(HCI). The ability to accurately interpret human emotions from speech signals is crucial for enhancing 

user experience across various applications, ranging from customer service and virtual assistants to mental 

health monitoring and entertainment. Traditional methods for emotion detection typically rely on 

handcrafted features and classical machine learning algorithms, which often struggle to generalize across 

diverse emotional contexts and speaker variations. 

 

Evolution of Emotion Detection Techniques 

1. Early Approaches: Initial attempts at emotion detection in speech focused on extracting prosodic 

features such as pitch, energy, and duration. These features were then fed into machine learning 

classifiers like Support Vector Machines (SVM) and Hidden Markov Models (HMM). While these 

methods achieved moderate success, they were limited by their inability to capture complex patterns 

in the data. 

2. Handcrafted Features: Researchers began incorporating more sophisticated acoustic features, such 

as Mel-Frequency Cepstral Coefficients (MFCCs) and Linear Predictive Coding (LPC). These features 

provided a richer representation of the speech signal, but the reliance on handcrafted features made 

the systems less adaptive to new and unseen data. 

3. Deep Learning Era: The advent of deep learning revolutionized emotion detection by enabling the 

automatic extraction of features from raw speech signals. Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs) emerged as powerful tools for capturing both spatial and temporal 

patterns in the data. This shift allowed for more robust and accurate emotion detection systems. 

 

Existing Methodologies 

Handcrafted Features and Classical Machine Learning 

Feature Extraction: Utilizes prosodic features such as pitch, energy, and duration, along with MFCCs 

and LPC. 

Machine Learning Models: Employs models like Support Vector Machines (SVM), Hidden Markov 

Models (HMM), and Gaussian Mixture Models (GMM). 

Advantages: 

Simpler models that are easier to interpret. 

Requires less computational power for training. 

Disadvantages: 

Limited ability to capture complex patterns in the data. 

Handcrafted features may not generalize well to new data. 

Difficulty in handling large variability in speech signals. 
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Shallow Neural Networks 

Architecture: Uses shallow feedforward neural networks with a few hidden layers. 

Feature Representation: Still relies on manually extracted features like MFCCs. 

Advantages: 

Can capture non-linear relationships better than classical machine learning models. 

Some improvement in generalization over traditional methods. 

Disadvantages: 

Insufficient depth to learn hierarchical representations. 

Limited capability to model temporal dependencies in speech. 

 

Proposed Methodology: Deep Learning-Driven Approach 

Automatic Feature Extraction with Deep Learning 

Feature Extraction: Uses convolutional layers to automatically extract features from raw speech signals, 

capturing local patterns such as changes in pitch and energy. 

Advantages: 

Eliminates the need for manual feature engineering. 

Capable of learning more complex and abstract features. 

 

Deep Neural Network Models 

Convolutional Neural Networks (CNNs): Capture spatial patterns in the speech signal. 

Recurrent Neural Networks (RNNs): Model temporal dependencies, with LSTM networks addressing 

the vanishing gradient problem. 

Advantages: 

Better performance in capturing both spatial and temporal features. 

Greater robustness and accuracy in recognizing emotions across different contexts. 

Ability to handle large variability in speech signals. 

Disadvantages: 

Requires more computational resources for training. 

Needs larger datasets for effective learning. 

 

Comparison Summary 

Aspect Existing Methodologies Proposed Methodology 

Feature Extraction 
Handcrafted features (MFCCs, pitch, 

energy) 

Automatic feature extraction using 

CNNs 

Model Complexity 
Classical ML models (SVM, HMM) 

and shallow NNs 

Deep NNs (CNNs and RNNs with 

LSTM) 

Pattern Recognition 
Limited ability to capture complex 

patterns 

Superior capability to learn hierarchical 

patterns 

Handling Temporal 

Data 
Struggles with temporal dependencies 

Effective modeling of temporal 

dependencies with RNNs 
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Aspect Existing Methodologies Proposed Methodology 

Generalization May not generalize well to new data 
High generalization across varied 

emotional contexts 

Computational 

Requirements 
Lower computational power needed 

Higher computational resources 

required 

Performance Moderate accuracy and robustness High accuracy and robustness 

 

The proposed methodology significantly enhances emotion detection by leveraging the strengths of deep 

learning models to automatically learn and capture intricate patterns in speech data, leading to improved 

recognition accuracy and generalization. 

 

Objectives 

Enhance Emotion Recognition Accuracy: Develop a deep learning-based model utilizing Convolutional 

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) to accurately detect and classify 

emotions from speech signals. 

Achieve higher recognition accuracy compared to traditional methods by leveraging automatic feature 

extraction and sophisticated neural network architectures. 

Capture Complex Emotional Nuances: Extract and process intricate acoustic features such as pitch, 

energy, and Mel-Frequency Cepstral Coefficients (MFCCs) that are instrumental in capturing the subtle 

nuances of emotions in speech. 

Implement convolutional layers to capture local patterns and recurrent layers to model temporal 

dependencies in speech data. 

Ensure Robustness Across Diverse Contexts: Train and evaluate the model on multiple datasets to 

ensure robustness and generalization across different emotional contexts and speaker variations. 

Develop a model capable of handling variability in speech signals, including differences in accent, 

speaking style, and background noise. 

Integrate with Intelligent Computing Systems: Embed the emotion detection framework within 

intelligent computing systems to enhance user experience in various applications such as virtual assistants, 

mental health monitoring, and affective computing. 

Leverage intelligent computing systems to automate the feature extraction and processing steps, reducing 

the need for manual intervention. 

Improve User Interaction and Experience: Enable machines to interpret and respond to human emotions 

more accurately, thereby improving the quality and empathy of human-computer interactions. 

Develop applications that provide personalized assistance based on the user's emotional state, enhancing 

the overall user experience. 

Advance Research in Affective Computing: Contribute to the field of affective computing by providing 

a robust, high-accuracy model for emotion detection in speech. 

Publish findings and methodologies to foster further research and development in emotion-aware systems. 

These objectives aim to revolutionize emotion detection in speech by leveraging advanced deep learning 

techniques to create a more accurate, robust, and user-friendly solution. 
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Summary of the Invention 

The present invention relates to a deep learning-driven approach for emotion detection in speech, aimed 

at enhancing the accuracy and robustness of recognizing emotions through intelligent computing systems. 

The invention leverages advanced neural network architectures, specifically Convolutional Neural 

Networks (CNNs) and Recurrent Neural Networks (RNNs), to evaluate and classify emotions from 

acoustic features embedded within speech signals. 

 

Key Components of the Invention: 

1. Automatic Feature Extraction: 

The method involves extracting crucial acoustic features such as pitch, energy, and Mel-Frequency 

Cepstral Coefficients (MFCCs) from speech signals. These features are essential in capturing the nuanced 

emotional content within speech. 

2. Neural Network Architectures: 

Convolutional Neural Networks (CNNs): Employed to detect local patterns in the extracted features, such 

as changes in pitch and energy, which are indicative of different emotional states. 

Recurrent Neural Networks (RNNs): Used to model the temporal dependencies and sequences in the 

speech data, capturing the evolution of emotions over time. Long Short-Term Memory (LSTM) networks, 

a variant of RNNs, are utilized to address the vanishing gradient problem and ensure the capture of long-

term dependencies. 

3. Model Training and Evaluation: 

The proposed model is trained on diverse datasets to ensure its robustness and generalization across 

different emotional contexts. The training process involves optimizing the model to accurately recognize 

emotions despite variations in speaker identity, accent, and background noise. 

4. Performance Metrics: 

The effectiveness of the model is evaluated using metrics such as accuracy, precision, recall, and F1-score. 

Experimental results demonstrate that the proposed approach outperforms traditional methods in both 

accuracy and robustness. 

5. Applications in Intelligent Computing Systems: 

The deep learning-driven emotion detection framework is integrated within intelligent computing systems 

to enhance user experiences in various applications. These include virtual assistants that provide 

empathetic responses, mental health monitoring systems that detect early signs of emotional distress, and 

affective computing solutions that tailor multimedia content based on user emotions. 

 

Advantages over Existing Methods: 

1. Improved Accuracy: By leveraging deep learning techniques, the proposed approach achieves higher 

emotion recognition accuracy compared to traditional machine learning models that rely on 

handcrafted features. 

2. Robustness: The model's ability to generalize across diverse datasets and speaker variations ensures 

its robustness in real-world applications. 

3. Automatic Feature Extraction: The use of CNNs for automatic feature extraction eliminates the need 

for manual feature engineering, making the system more adaptive and scalable. 

4. Temporal Modeling: The integration of RNNs and LSTMs allows for effective modeling of temporal 

dependencies, capturing the dynamic nature of emotions in speech. 
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This invention presents a comprehensive solution for emotion detection in speech using deep learning. By 

combining CNNs and RNNs, the system captures both local and temporal patterns in the speech signal, 

leading to improved accuracy and robustness. The integration within intelligent computing systems opens 

up a wide range of applications, enhancing user interaction and experience through emotion-aware 

technologies. 

 

Breakdown of the Architecture: 

1. Input Layer: 

Represents the raw speech signal, often in the form of a spectrogram or Mel-frequency cepstral coefficients 

(MFCCs). 

2. Convolutional Layers (CNN): 

Extract local features from the input signal. 

Multiple convolutional filters slide over the input, capturing patterns like frequency bands and temporal 

variations. 

Each layer produces feature maps, which are passed to the next layer. 

3. Pooling Layers: 

Reduce the dimensionality of feature maps. 

Typically, max-pooling or average-pooling is used to retain the most important information. 

4. Recurrent Layers (LSTM): 

Process the sequences of feature maps from the CNN. 

LSTM cells capture long-term dependencies in the speech signal, essential for understanding context and 

emotion. 

5. Fully Connected Layers: 

Transform the processed features into a suitable representation for classification. 

These layers learn complex patterns and relationships between features. 

6. Output Layer: 

Produces the final classification, indicating the predicted emotion (e.g., happy, sad, angry, etc.). 

Key Points: 

• The CNN layers extract local features, while the LSTM layers capture temporal dependencies. 

• The combination of CNN and LSTM layers makes this architecture well-suited for speech emotion 

recognition tasks. 

• The final fully connected layers map the learned features to the specific emotion classes. 

Note: The exact number and configuration of layers can vary depending on the specific model and dataset. 

This diagram provides a general overview of a typical architecture. 
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Figure 2: 

 
Breakdown of the Flowchart: 

1. Raw Speech Signal Input: 

o The raw audio signal is captured from the input source (e.g., microphone, audio file). 

2. Acoustic Feature Extraction: 

o Relevant acoustic features are extracted from the raw signal. These features can include: 

▪ Pitch 

▪ Energy 

▪ Mel-Frequency Cepstral Coefficients (MFCCs) 

▪ Other relevant features like formants, spectral centroid, etc. 

3. Convolutional Neural Network (CNN) Processing: 

o Convolutional Layers: 

▪ The extracted features are fed into convolutional layers. 

▪ Convolutional filters slide over the input, capturing local patterns and relationships between features. 

o Pooling Layers: 

▪ Pooling layers reduce the dimensionality of the feature maps, helping to reduce computational 

complexity and overfitting. 

4. Recurrent Neural Network (RNN) Processing: 

o LSTM Layers: 
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▪ Long Short-Term Memory (LSTM) layers are used to capture temporal dependencies in the speech 

signal. 

▪ LSTMs are particularly effective in handling sequential data, allowing the model to learn long-term 

patterns and context. 

5. Fully Connected Layers: 

The output from the RNN layers is fed into fully connected layers. 

These layers map the learned features to a higher-level representation suitable for classification. 

6. Output Emotion Classification: 

The final fully connected layer produces the output, which is a probability distribution over different 

emotion classes (e.g., happy, sad, angry, neutral, etc.). 

The class with the highest probability is selected as the predicted emotion. 

Key Points: 

• The CNN layers extract local features, while the RNN layers capture temporal dependencies. 

• The combination of CNN and RNN layers makes this architecture well-suited for speech emotion 

recognition tasks. 

• The final fully connected layers map the learned features to the specific emotion classes. 

 

BLOCK DIAGRAM OF THE PROPOSED SYSTEM 

 
Breakdown of the Block Diagram: 

1. Input: 

Raw Speech Signal: The raw audio signal is captured from a microphone or audio file. 

2. Preprocessing: 

Noise Reduction: Noise is removed to improve signal quality. 
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Segmentation: The audio signal is divided into smaller segments for analysis. 

3. Feature Extraction: 

Acoustic Features: Relevant features like MFCCs, pitch, energy, etc., are extracted from each segment. 

4. Feature Processing: 

Convolutional Neural Network (CNN): The extracted features are fed into a CNN to capture local 

patterns and spatial dependencies. 

Recurrent Neural Network (RNN): The output from the CNN is passed to an RNN (like LSTM or GRU) 

to capture temporal dependencies. 

5. Classification: 

Fully Connected Layers: The output from the RNN is fed into fully connected layers to classify the input 

into different emotion categories. 

6. Output: 

Emotion Classification: The final output is the predicted emotion class (e.g., happy, sad, angry, neutral). 

Additional Considerations: 

• Data Augmentation: Techniques like noise addition, time stretching, and pitch shifting can be applied 

to increase the dataset size and improve model generalization. 

• Model Training: The model is trained on a labeled dataset using techniques like backpropagation and 

gradient descent. 

• Model Evaluation: The performance of the model is evaluated using metrics like accuracy, precision, 

recall, and F1-score. 

Tools for Creating Block Diagrams: 

• Diagramming software: Tools like draw.io, Lucidchart, or Microsoft Visio can be used to create 

professional-looking block diagrams. 

• Python libraries: Libraries like Matplotlib and Plotly can be used to create block diagrams 

programmatically. 

 

ALGORITHM FOR PROPOSED SYSTEM 

Here is an outline of the algorithm for the proposed deep learning-driven emotion detection system based 

on the information provided: 

Algorithm for Emotion Detection in Speech 

1. Initialize Parameters: 

Set up initial parameters for the CNN and RNN models (e.g., filter sizes, number of layers, learning 

rate). 

2. Data Preprocessing: 

Collect and preprocess speech data. 

Normalize the audio signals. 

Extract acoustic features (pitch, energy, MFCCs). 

3. Feature Extraction (using CNNs): 

Step 1: Input the preprocessed speech signal into the CNN. 

Step 2: Apply convolutional layers to extract local features. 

▪ For each convolutional layer: 

▪ Perform convolution operation with filters. 

▪ Apply ReLU activation function. 
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▪ Perform max pooling to downsample the feature maps. 

Step 3: Flatten the output from the final convolutional layer. 

4. Sequence Modeling (using RNNs/LSTM): 

Step 4: Reshape the flattened features into sequences suitable for the RNN. 

Step 5: Input the sequences into the RNN. 

▪ For each LSTM layer: 

▪ Update the hidden states based on the input sequence. 

▪ Capture temporal dependencies and long-term patterns. 

5. Classification: 

Step 6: Pass the output from the final LSTM layer to fully connected (dense) layers. 

Step 7: Apply softmax activation to the final output layer to classify emotions. 

6. Training: 

Step 8: Split the dataset into training, validation, and test sets. 

Step 9: Train the model using the training set. 

▪ Perform forward propagation. 

▪ Compute the loss using categorical cross-entropy. 

▪ Perform backpropagation and update model parameters using an optimizer (e.g., Adam). 

Step 10: Validate the model using the validation set. 

Monitor performance metrics (accuracy, precision, recall, F1-score). 

7. Evaluation: 

Step 11: Evaluate the final model on the test set. 

Step 12: Generate performance metrics and confusion matrix. 

Step 13: Compare the results with baseline models to demonstrate improvements. 

8. Deployment: 

Step 14: Integrate the trained model into intelligent computing systems. 

Step 15: Implement real-time emotion detection in applications such as virtual assistants and mental 

health monitoring. 
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CLAIMS: 

Potential Patent Claims for Speech Emotion Recognition System 

Based on the discussions, here are some potential patent claims for a speech emotion recognition system: 

A Method for Detecting Emotions in Speech: 

Extracting acoustic features such as pitch, energy, and mel-frequency cepstral coefficients (MFCCs) from 

speech signals. 

Utilizing convolutional neural networks (CNNs) to analyze the extracted features and capture local 

patterns in the speech signal. 

Employing recurrent neural networks (RNNs), specifically Long Short-Term Memory (LSTM) networks, 

to model temporal dependencies in the speech features. 

Pseudo Code: 

# Initialize parameters 

initialize_parameters() 

# Data preprocessing 

speech_data = preprocess_speech_data() 

normalized_data = normalize(speech_data) 

acoustic_features = extract_features(normalized_data) 

# CNN for feature extraction 

cnn_output = cnn_forward_propagation(acoustic_features) 

# RNN (LSTM) for sequence modeling 

lstm_output = lstm_forward_propagation(cnn_output) 

# Fully connected layers for classification 

emotion_classification = dense_layers_forward(lstm_output) 

predicted_emotions = softmax(emotion_classification) 

# Training the model 

train_model(speech_data, labels) 

# Evaluation 

evaluate_model(test_data, test_labels) 

# Deployment 

deploy_model(trained_model, application) 
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Classifying the emotions based on the processed features using fully connected layers and softmax 

activation. 

The Method of Claim 1, wherein the Acoustic Features include Pitch, Energy, and MFCCs: 

Extracting these features to capture the nuanced emotional content within speech signals. 

The Method of Claim 1, wherein the Convolutional Neural Networks (CNNs) comprise Multiple 

Convolutional and Pooling Layers: 

Applying convolution operations to extract features. 

Performing pooling operations to reduce the dimensionality of feature maps. 

The Method of Claim 1, wherein the Recurrent Neural Networks (RNNs) comprise Long Short-

Term Memory (LSTM) Networks: 

Capturing long-term dependencies and temporal patterns in the speech data. 

The Method of Claim 1, further comprising Training the Model on Multiple Datasets: 

Ensuring robustness and generalization across different emotional contexts and speaker variations. 

An Emotion Detection System Utilizing Deep Learning: 

An input module configured to receive speech signals. 

A feature extraction module configured to extract acoustic features from the speech signals. 

A neural network module comprising CNNs and RNNs to process the extracted features. 

An output module configured to classify the emotions based on the processed features. 

The System of Claim 6, wherein the Neural Network Module Comprises: 

Convolutional layers for feature extraction. 

LSTM layers for temporal modeling. 

Fully connected layers for final classification. 

A Computer-Readable Medium Storing Instructions for Executing the Method: 

Instructions for extracting acoustic features from speech signals. 

Instructions for analyzing the features using CNNs. 

Instructions for modeling temporal dependencies using RNNs/LSTMs. 

Instructions for classifying emotions based on the processed features. 

These claims cover the key aspects of the proposed system, including feature extraction, neural network 

architecture, model training, and the overall system configuration. 
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