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Abstract: This chapter presents a comprehensive analysis of hybrid frameworks for emo-
tion recognition using multimodal human signals. We explore the fusion of facial expres-
sions, speech, and physiological signals to create robust and accurate emotion recognition
systems. The chapter begins with an introduction to the field, followed by a thorough
literature review of existing unimodal and multimodal approaches. We then propose a
novel hybrid fusion methodology that leverages the strengths of early, late, and attention-
based fusion techniques. The proposed framework is evaluated on the CMU-MOSEI
and IEMOCAP datasets, demonstrating superior performance compared to traditional
methods. The results and discussion section provides a detailed analysis of the model’s
accuracy, precision, recall, and F1-score, along with per-emotion performance and a con-
fusion matrix. We also discuss the computational complexity and real-time performance
of the proposed system. The chapter concludes with a summary of our findings and a

discussion of future research directions in the field of multimodal emotion recognition.

Keywords: Multimodal Emotion Recognition; Hybrid Fusion; Deep Learning; Facial
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1. Introduction

Emotion recognition, a key area of research in artificial intelligence and humancomputer
interaction (HCI), aims to enable machines to understand and respond to human emo-
tional states. The ability to recognize emotions has a wide range of applications, from
enhancing user experiences in interactive systems to improving mental health monitoring
and personalized learning. Early research in this field focused on unimodal approaches,

ISBN: 978-81-994969-7-2 (Print); 978-81-994969-1-0 (Online)
100



Principles of Hybrid Intelligent Systems

analyzing single sources of information such as facial expressions, speech, or text. While
these methods have achieved some success, they are often limited by the ambiguity and
subtlety of human emotional expression. A single modality can be noisy or misleading;
for example, a smile may not always indicate happiness [1].

To overcome these limitations, researchers have increasingly turned to multimodal
emotion recognition (MER), which integrates information from multiple sources to provide
a more comprehensive and accurate understanding of a person’s emotional state. By
combining modalities such as facial expressions, vocal intonation, physiological signals
(e.g., EEG, ECG, GSR), and language, MER systems can capture a richer and more
nuanced picture of human emotion. This chapter focuses on the development of hybrid
frameworks for MER, which combine different fusion strategies to maximize the benefits
of each modality [2].

We will explore the challenges and opportunities in multimodal emotion recognition,
with a particular emphasis on the use of deep learning techniques for feature extraction
and fusion. The chapter will provide a detailed overview of a proposed hybrid framework,
from data preprocessing and feature extraction to the final classification of emotions. We
will also present a comprehensive evaluation of the framework’s performance, demonstrat-

ing its effectiveness in real-world scenarios [3].

2. Literature Review

A significant body of research has been dedicated to the field of multimodal emotion
recognition. Early works often relied on traditional machine learning models, such as
Support Vector Machines (SVMs) and Hidden Markov Models (HMMs), to classify emo-
tions from handcrafted features. However, with the advent of deep learning, there has been
a paradigm shift towards end-to-end learning, where features are automatically learned
from raw data. Several key datasets have been instrumental in advancing the field of
MER. The IEMOCAP dataset [4] is a popular choice, containing approximately 12 hours
of audiovisual data from ten actors in dyadic sessions. The CMU-MOSI [5] and CMU-
MOSEI [6] datasets are larger and more challenging, featuring a wide range of speakers
and emotional expressions from YouTube videos. These datasets have enabled the devel-
opment and evaluation of more sophisticated deep learning models. Fusion strategies are
a critical component of any MER system. They can be broadly categorized into three
types: early fusion, late fusion, and hybrid fusion [7].

Early fusion, also known as feature-level fusion, involves concatenating the feature
vectors from different modalities before feeding them into a single classifier. This approach
can capture the correlations between modalities at an early stage, but it can be sensitive
to synchronization issues and the ‘curse of dimensionality’ if the feature vectors are very

large[8].

ISBN: 978-81-994969-7-2 (Print); 978-81-994969-1-0 (Online)
101



Principles of Hybrid Intelligent Systems

Late fusion, or decision-level fusion, involves training separate classifiers for each
modality and then combining their predictions. This approach is more robust to missing
modalities and can handle asynchronous data streams. However, it may fail to capture
the complex interactions between modalities [9)].

Hybrid fusion combines elements of both early and late fusion. For example, some
modalities might be fused at the feature level, while others are fused at the decision
level. More advanced hybrid models use attention mechanisms to dynamically weight the
importance of different modalities and features, allowing the model to focus on the most
relevant information for a given emotional state. This is the approach we will focus on in
this chapter.

Recent studies have shown the promise of attention-based and transformer-based mod-
els for MER. These models can effectively capture the temporal dynamics of emotional
expressions and the complex interdependencies between different modalities. Our pro-
posed framework builds upon these recent advancements to create a state-of-the-art hy-

brid emotion recognition system.

3. Proposed Methodology

n this section, we present our proposed hybrid framework for multimodal emotion recog-
nition. The framework is designed to be modular and extensible, allowing for the integra-
tion of various modalities and fusion strategies. The overall architecture of the system is
illustrated in Figure 1.

The framework consists of three main stages: feature extraction, multimodal fusion,

and emotion classification.

3.1 Feature Extraction

The first stage of our framework involves extracting high-level features from each of the
input modalities. We use deep learning models to learn discriminative representations

from the raw data.

o Data Collection and Preprocessing: The model requires a diverse dataset
comprising historical data on weather (temperature, rainfall, humidity), soil prop-
erties (pH, nitrogen, phosphorus, potassium), and agricultural practices (fertilizer
application, irrigation frequency). The collected data is preprocessed to handle
missing values, remove outliers, and normalize the features to a common scale using
techniques like StandardScaler. This ensures that all variables contribute equally

to the model’s training.
o Facial Expression Features: For facial expression recognition, we use a pre-
trained InceptionResNetV2 model. The model is fine-tuned on a large dataset of
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Figure 1: Hybrid Emotion Recognition Framework

facial expressions to learn features that are robust to variations in lighting, pose,
and identity. The output of the model is a 512-dimensional feature vector for each

video frame.

Speech Features:For speech emotion recognition, we extract a combination of
acoustic features, including Mel-Frequency Cepstral Coefficients (MFCCs), prosody
features (e.g., pitch, energy), and spectral features. These features are then fed into
a Convolutional Neural Network (CNN) followed by a Long ShortTerm Memory
(LSTM) network to capture both the local and temporal characteristics of the speech

signal. The output is a 256-dimensional feature vector.

Physiological Features: When available, we also incorporate physiological signals
such as Electroencephalography (EEG), Electrocardiography (ECG), and Galvanic
Skin Response (GSR). Time-frequency analysis is performed on these signals to
extract relevant features, which are then processed by a separate neural network to

generate a 128-dimensional feature vector.

Multimodal Fusion

The core of our proposed framework is the hybrid fusion mechanism, which combines

the features from different modalities to create a unified representation. We explore and

compare three different fusion strategies, as shown in Figure 2 .
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Figure 2: Comparison of Fusion Strategies

o Early Fusion: In the early fusion approach, we simply concatenate the feature
vectors from all modalities and feed them into a single classifier. This allows the

model to learn the correlations between modalities from the very beginning.

o Late Fusion: In the late fusion approach, we train separate classifiers for each
modality and then average their predictions to obtain the final emotion classification.

This method is more flexible and robust to missing data.

o Hybrid Fusion: Our proposed hybrid fusion model uses a multi-head attention
mechanism to learn the complex interactions between modalities. The attention
mechanism allows the model to dynamically weight the importance of each modality
and feature, focusing on the most relevant information for the task at hand. This
approach combines the benefits of both early and late fusion, resulting in a more

powerful and flexible model.

3.3 Emotion Classification

The final stage of our framework is the emotion classification layer. The fused feature
vector is passed through a series of fully connected layers with ReLLU activation, followed
by a softmax layer that outputs the probability distribution over the seven emotion classes:

Anger, Disgust, Fear, Happiness, Neutral, Sadness, and Surprise.

4. Results and Discussions

We evaluated our proposed hybrid framework on the CMU-MOSEI dataset, which is one

of the largest and most challenging datasets for multimodal emotion recognition. The

ISBN: 978-81-994969-7-2 (Print); 978-81-994969-1-0 (Online)
104



Principles of Hybrid Intelligent Systems

dataset contains over 23,000 video clips from more than 1,000 speakers, with annotations

for both sentiment and emotions.

4.1 Performance Comparison

We compared the performance of our hybrid fusion model with the early and late fusion
approaches. The results, shown in Figure 3, demonstrate that the hybrid fusion model

significantly outperforms the other two methods in terms of accuracy.

Performance Analysis: Hybrid Emotion Recognition System

555 Accuracy Comparison Hybrid Fusion Performance Metrics
92.5 1 %:24]
90.0 89.7%
0.92 1
2 87.5
> 85.3% v
& 85.0 $ 0.90
3 &
< g5 82.5%
0.88
30.0
77.5 0.86 4
75.0 T T T
Early Late Hybrid Precision Recall F1-Score
Fusion Fusion Fusion
Per-Emotion Recognition Accuracy Modality Contribution to Final Prediction

Surprise £9.6%

Fused
Sad

Faclal 22.0%

Neutral 91.5% 35.0%

Happy 92.1%
15.0%

Fear_ 84.3% Physiological
Disqust | 86.5% k 28.0%
88.2% R
BID 8‘2 Bld 8‘6 3‘8 BID 9‘2 9‘4
Accuracy (%)

Figure 3: Performance Analysis: Hybrid Emotion Recognition System.

The hybrid fusion model achieves an accuracy of 89.7%, which is a substantial im-
provement over the 82.5% accuracy of the early fusion model and the 85.3% accuracy
of the late fusion model. This highlights the effectiveness of the attentionbased fusion

mechanism in capturing the complex interactions between modalities.

4.2 Per-Emotion Performance

We also analyzed the per-emotion performance of our hybrid fusion model. As shown in
Figure 3, the model achieves high accuracy for all seven emotion classes, with the highest
accuracy for Happiness (92.1%) and Neutral (91.5%). The model performs slightly worse

for emotions that are more subtle or have less training data, such as Fear (84.3%).
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4.3 Confusion Matrix

The confusion matrix for the hybrid fusion model is shown in Figure 4. The diagonal
elements represent the percentage of correctly classified instances for each emotion class.
The off-diagonal elements represent the misclassifications. The confusion matrix shows
that most of the misclassifications occur between emotions that are semantically similar,

such as Sadness and Fear .
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Figure 4: Confusion Matrix: Hybrid Fusion Model.

4.4 Training Dynamics

Figure 5 shows the training and validation loss and accuracy curves for the hybrid fusion
model. The curves show that the model converges smoothly and does not suffer from sig-
nificant overfitting. The validation accuracy continues to improve throughout the training
process, indicating that the model is learning generalizable features.
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Figure 5: Training and validation loss and accuracy curves.
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4.5 Computational Complexity

We also analyzed the computational complexity and runtime performance of the different
fusion models. As shown in Figure 6, the hybrid fusion model has a slightly higher number
of parameters and a longer inference time compared to the early and late fusion models.

However, the improvement in accuracy justifies the additional computational cost.
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Figure 6: Computational Complexity.

5. Conclusion

In this chapter, we have presented a comprehensive overview of hybrid frameworks for
emotion recognition using multimodal human signals. We have shown that by combining
information from multiple modalities, we can create more robust and accurate emotion
recognition systems. Our proposed hybrid fusion model, which uses an attention-based
mechanism to fuse features from facial expressions, speech, and physiological signals,
achieves state-of-the-art performance on the challenging CMUMOSEI dataset. The results
of our experiments demonstrate the effectiveness of the hybrid fusion approach, which
outperforms both early and late fusion methods. The detailed analysis of the model’s
performance, including per-emotion accuracy, confusion matrix, and training dynamics,
provides valuable insights into the strengths and weaknesses of the proposed framework.
Future research in this area could explore the use of more advanced fusion techniques, such
as transformer-based models, to further improve the performance of MER systems. There
is also a need for larger and more diverse datasets that capture a wider range of emotional
expressions in real-world settings. By addressing these challenges, we can continue to
advance the field of multimodal emotion recognition and unlock its full potential in a

wide range of applications.
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