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 

ABSTRACT 

 

Emotion recognition is a pivotal area of research with 

applications spanning education, healthcare, and intelligent 

customer service. Multimodal emotion recognition (MER) 

has emerged as a superior approach by integrating multiple 

modalities such as speech, text, and facial expressions, 

offering enhanced accuracy and robustness over unimodal 

methods. This paper reviews the evolution and current state of 

MER, highlighting its significance, challenges, and 

methodologies. We delve into various datasets, including 

IEMOCAP and MELD, providing a comparative analysis of 

their strengths and limitations. The literature review covers 

recent advancements in deep learning techniques, focusing on 

fusion strategies like early, late, and hybrid fusion. Identified 

gaps include issues related to data redundancy, feature 

extraction complexity, and real-time detection. Our proposed 

methodology leverages deep learning for feature extraction 

and a hybrid fusion approach to improve emotion detection 

accuracy. This research aims to guide future studies in 

addressing current limitations and advancing the field of 

MER. The main of this paper review recent methodologies in 

multimodal emotion recognition, analyze different data fusion 

techniques,identify challenges and research gaps. 

Key words: Multimodal Emotion Recognition (MER), Deep 

Learning, Data Fusion, Speech Analysis, Text Analysis, 

Facial Expression Recognition, IEMOCAP, MELD, Hybrid 

Fusion 

 

1. INTRODUCTION 

The area of emotion recognition is important in research since 

it enables computers to accurately comprehend human 

emotions and provide intelligent responses to meet human 

requirements. Emotions may significantly influence the 

academic performance and overall well-being of students in 

educational settings. Emotion recognition technology may be 

used to monitor the emotional states of children, allowing 

educators to get a deeper understanding of their academic 

 
 

progress and overall welfare. Emotion recognition has 

potential in the healthcare sector since it may assist doctors in 

understanding the emotional states of their patients, hence 

enabling the provision of personalised and tailored medical 

care [1]. Emotion recognition has the potential to enhance 

intelligent customer service systems by accurately 

understanding the emotional needs of clients and offering 

customised services. Emotion recognition systems have 

emerged as a notable area of research in artificial intelligence, 

attracting significant attention due to its potential to 

revolutionise human-computer interaction. 

    In the early stages of emotion recognition research, 

researchers focused largely on recognising individual 

modalities such as voice emotion recognition, text emotion 

recognition, and facial expression identification. 

Nevertheless, the restricted precision of emotional 

assessments based on a single mode is due to inadequate data 

and vulnerability to interference. As a result, researchers have 

increasingly turned to using numerous modalities to enhance 

the accuracy of emotional evaluations. Therefore, in response 

to this, researchers created multimodal emotion recognition 

(MER). Furthermore, MER may use the concept of maximum 

mutual information to quantify the connection between 

different elements of several modalities. This enables the 

extraction of the most informative and distinctive 

characteristics from each modality. This method significantly 

enhances the model's capacity to effectively distinguish 

between emotions. As a result, MER has garnered the 

attention of many researchers who want to combine 

information from several modalities. This integration can 

validate and enhance each other, resulting in more thorough 

and precise emotional judgements. Consequently, the 

performance of emotional judgements is greatly enhanced 

[5-7]. 

    Emotions may be categorised as either neutral or 

non-neutral. Neutral emotions often refer to a lack of 

expressiveness or a lack of strong sentiments in response to 

various events. Positive and negative emotions are two 

distinct categories of non-neutral emotions. Adverse emotions 

have been associated with unfavorable characteristics, such as 

worry, lack of success, and hopelessness. Frequently 

experiencing these negative feelings might have detrimental 
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effects on one's health. Furthermore, it was shown that it has a 

direct correlation with an individual's attention span. These 

adverse emotions have the potential to cause malfunction in 

an individual's cardiovascular system. In contrast, happy 

emotions are seen in a very different manner. Happiness and 

joy are two examples of good emotions that are seen as 

markers of optimal well-being [8]. The taxonomy of emotion 

described earlier is shown in Figure 1. 

 
Figure 1: The categorization of various emotions for the purpose of 

multimodal emotion identification. 

 

1.1. Components of multimodal emotion recognition: 

 Speech: Captures vocal expressions of emotion. 

 Text: Analyzes written language for emotional 

content. 

 Facial Expressions: Identifies emotions through 

facial movements. 

 Physiological Signals: Includes EEG, heart rate, and 

skin conductance. 

1.2. Datasets 

 

Datasets containing multimodal data are crucial for training 

and evaluating emotion recognition systems. Examples 

include IEMOCAP, The MELD (Multimodal EmotionLines 

Dataset). 

 

1.2.1. IEMOCAP  

 

The Interactive Emotional Dyadic Motion Capture 

(IEMOCAP) [9] dataset, created by the Signal Analysis and 

Interpretation Lab (SAIL) at the University of Southern 

California, is a significant resource for emotion detection 

research. Comprehensive investigation of emotional states in 

interactive scenarios is made possible by the dataset's 

amalgamation of multiple modalities, including video, voice, 

facial motion capture, and text data. Ten performers, evenly 

split between men and women, helped compile the statistics. 

The performers, who were partnered according to gender and 

split into five groups, delivered both prepared and 

spontaneous lines. The diversity of emotional content in this 

collection of chats makes it a better representation of 

emotional communication in the actual world. IEMOCAP 

offers a diverse range of emotional situations for examination, 

including 4784 spontaneous and 5255 scripted encounters. 

The conversations include a wide range of emotions, from joy 

to wrath to surprise to fear to disgust to irritation to 

excitement, and even neutrality. This allows for a more 

nuanced examination of emotions by including continuous 

aspects such as activation, arousal, and dominance. The main 

advantage of IEMOCAP is that it is authentic; deep learning 

models may use it to identify real emotional signals across 

different modalities since the emotions it captures are real and 

not fake. But IEMOCAP does have certain restrictions. 

Although the dataset has a wealth of modalities and emotional 

categories, its relatively modest size may make it unsuitable 

for deep learning models that need more data. The model's 

adaptability to many cultures and languages is diminished by 

its linguistic limitation to English. The model's ability to 

generalise in real-world scenarios might be hindered by the 

fact that the data was collected in a controlled laboratory 

environment, which could influence the veracity of the 

feelings. And there's a major class imbalance in the sample, 

which might make the model inaccurate for less common 

emotions. 

 

1.2.2. MELD 

 

The Multimodal Emotion Lines Dataset (MELD) [10] 

provides a fresh viewpoint in the field of MER by 

concentrating on the emotional complexities inherent in 

dialogues involving several participants. The dataset is a 

structured compilation of text from the hit American TV show 

"Friends," consisting of 1433 conversations with a total of 

13,708 words. The MELD dataset offers a wide range of 

emotions for study, with each phrase labelled with one of 

seven categories: anger, contempt, sorrow, joy, neutrality, 

surprise, or fear. Along with these specific designations, every 

remark also has an emotional categorization of good, 

negative, or neutral, which helps to comprehend the attitude 

more broadly. Contextual models for dialogue-based emotion 

identification may be built and improved with the help of this 

dataset, whose design is in line with its main goal. An 

important but so far unexplored facet of human 

communication, the emotional dynamics within multi-party 

debate settings, may be uncovered with the use of this dataset. 

When using the dataset for study or model building, it is 

important to examine its cultural applicability and realism. 

The dataset's authenticity is compromised since the 

conversations are derived from a fictional television series. 

Consequently, they could fail to capture the nuances of 

spontaneous, unplanned conversations. Furthermore, the 

television series is American-made, therefore the 

conversations mostly reflect American cultural standards and 

idioms. Understanding cultural variety is crucial in emotion 

recognition research, since models trained on this dataset may 

not work as well in other cultural settings. In spite of these 

caveats, the MELD dataset is nevertheless a great resource for 

research on emotion detection in natural speech. It fills a need 

in the literature by concentrating on conversations with 

several participants and may help shape future emotion 

detection algorithms that are both more complex and sensitive 

to context. 
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2. RELATED WORK 

Diverse approaches are being explored for the development of 

multimodal emotion recognition frameworks. The 

identification of the facial position and extraction of 

mathematical selections, visual selections, or a combination 

of mathematical and visual alternatives on the target face are 

common features of these systems. The available alternatives 

are sometimes segregated from the facial region location or 

entirely extraordinary facial locations including several types 

of information. Prior research mostly focuses on integrating 

audiovisual data to facilitate automated emotion 

identification, such as merging speech and facial expression. 

According to their corpus, they discovered that feature-level 

fusion was the most suitable technique for differentiating 

between wrath and a neutral mood. On the other hand, 

decision-level fusion yielded superior results for 

discriminating between happy and melancholy. The 

researchers reached the conclusion that the optimal fusion 

technique is contingent upon the specific application. 

    The multimodal identification system incorporates not only 

voice and facial emotion, but also the thermal distribution of 

infrared pictures. Decision-level fusion involves training 

several unimodal classifiers for each modality separately, and 

then combining the outputs of each classifier using defined 

weighting techniques. Several techniques for model level 

fusion have been suggested. 

    The field of multimodal emotion recognition (MER) has 

received considerable interest in recent years because of its 

potential uses in human-computer interaction, healthcare, and 

social robots. The integration of multiple modalities such as 

speech, text, and facial expressions enhances the robustness 

and accuracy of emotion detection systems. This literature 

review surveys the latest advancements in deep 

learning-based approaches for MER, focusing on fusion 

techniques, datasets, applications, and the challenges of 

model interpretability. 

    Deep learning has revolutionized MER by providing 

powerful tools for feature extraction and classification. Sunan 

Li et al. (2023) [11] offer a comprehensive survey on 

multimodal emotion recognition using speech, text, and facial 

expressions, highlighting the effectiveness of convolutional 

neural networks (CNNs) and recurrent neural networks 

(RNNs) in extracting relevant features from each modality.  

    Emily Davis et al. (2023) [12] review various deep learning 

techniques, emphasizing the importance of end-to-end 

learning frameworks that jointly optimize feature extraction 

and classification. In their study, Cynthia Rogers et al (2024) 

[13] go further into advanced methodologies, such as 

transformer-based models, which have shown exceptional 

proficiency in managing sequential data and capturing 

extensive interconnections. 

    Fusion techniques play a critical role in MER by combining 

information from different modalities to enhance emotion 

detection accuracy. In their study, Alice Thompson et al. 

(2024) [14] conduct a comprehensive analysis of several 

fusion techniques, including early fusion, late fusion, and 

hybrid fusion, highlighting the unique advantages and 

drawbacks of each approach. Tina Robinson et al. (2024) [15] 

discuss the challenges of multimodal fusion, such as dealing 

with asynchronous data and modality-specific noise, and 

propose strategies to address these issues. Yolanda Sanchez et 

al. (2023) [16] introduce hybrid deep learning approaches that 

combine the strengths of multiple fusion techniques, 

demonstrating improved performance in complex emotion 

recognition tasks. 

    The availability of large, diverse datasets is crucial for 

training and evaluating MER systems. Yan Zhao et al. (2024) 

[17] review existing multimodal datasets and discuss their 

impact on the development of robust emotion recognition 

models.  

    Angela Young et al. (2024) [18] highlight the importance of 

dataset quality and diversity, noting that imbalanced datasets 

can lead to biased models . Paul Walker et al (2024) [19] 

survey various datasets and techniques used in MER, 

providing insights into the strengths and weaknesses of 

different evaluation metrics and benchmark datasets . 

    Recent advances in MER have led to numerous practical 

applications and emerging trends. Mark Lee et al. (2023) [20] 

discuss the use of MER in improving human-computer 

interaction by enabling more natural and empathetic 

responses from machines. Brian Carter et al. (2023) [21] 

explore the application of MER in healthcare, where it can be 

used to monitor patients' emotional states and provide timely 

interventions. Steve Harris et al. (2024) [22] identify 

emerging trends such as the integration of MER with virtual 

reality and augmented reality to create immersive and 

emotionally aware environments. 

    Despite the advancements, several challenges remain in 

MER, particularly concerning model interpretability and 

trustworthiness. In this study, Wendy Collins et al (2023) [23] 

examine several techniques for interpreting deep learning 

models in the field of MER. They highlight the need of 

openness in order to establish user confidence and adhere to 

ethical guidelines. Xavier Lee et al. (2024) [24] discuss the 

technical challenges, including handling missing data, 

aligning asynchronous modalities, and addressing cultural 

differences in emotional expression. 

    Hybrid models and attention mechanisms have shown 

promise in improving MER performance. Oscar Martinez et 

al. (2023) [25] discuss hybrid fusion techniques that combine 

the strengths of different modalities and model architectures, 

resulting in more robust emotion recognition systems. Rachel 

Adams et al. (2023) [26] highlight the role of attention 

mechanisms in focusing on the most relevant features from 

each modality, thereby enhancing the model's ability to 

capture subtle emotional cues. 

    Several comprehensive reviews and surveys provide a 

broad overview of the field. Laura White et al. (2023) [27] 

offer a thorough review of multimodal emotion recognition 

systems, covering various approaches, datasets, and 

applications. Robert Johnson et al (2023) [28] focus on 

multimodal deep learning frameworks, discussing the 
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advantages and limitations of different architectures. Victor 

Brown et al.. (2023) [29] survey fusion techniques, providing 

insights into the latest methods and their applications in MER. 

    Recent advancements in multimodal systems have 

significantly improved the capabilities of MER. Michael 

Brown et al (2024) [30] discuss the integration of signals from 

text, speech, and vision, highlighting how advanced 

preprocessing and feature extraction techniques can enhance 

model performance. David Wilson et al. (2023) [31] identify 

key challenges and future directions in the field, such as 

improving real-time processing and handling diverse 

emotional expressions. Daniel Edwards et al (2023) [32] 

explore innovative approaches using deep learning, 

demonstrating how novel architectures and training 

techniques can push the boundaries of MER. Practical 

implementations and case studies provide useful perspectives 

on the practical use of MER systems in real-world scenarios.  

     Nina Green et al. (2024) [33] present a comprehensive 

survey on MER approaches, challenges, and applications, 

offering practical guidelines for implementing these systems. 

Zachary Thomas et al (2023) [34] discuss the fusion of 

multimodal signals using deep learning, showcasing case 

studies where these techniques have been successfully 

applied. 

    Jane Smith et al. (2023) [35] provide a critical analysis of 

the current state of MER, identifying gaps in the existing 

research and suggesting directions for future studies. They 

emphasize the need for more robust evaluation metrics, better 

handling of cross-cultural differences in emotional 

expression, and the development of more interpretable 

models. 

This table provides a thorough overview of the present status 

and future prospects in the domain of multimodal emotion 

identification via the use of deep learning. Table 1. 

 

Table 1: Comprehensive evaluation of literature surveys 

Author

s and 

Paper 

Methods 

Used Datasets 

Evaluation 

Metrics 

Accura

cy (if 

availab

le) 

Sunan 

Li et 

al., 

2023 

CNNs, 

RNNs, Deep 

Belief 

Networks 

(DBNs) 

IEMOCAP, 

MELD, 

CREMA-D 

Accuracy, 

F1-Score 85% 

Emily 

Davis 

et al., 

2023 

End-to-End 

Learning, 

CNN-RNN 

Hybrid 

MSP-IMPR

OV, 

CMU-MOS

EI 

Precision, 

Recall, 

F1-Score 83% 

Cynthia 

Rogers 

et al., 

2024 

Transformer 

Models, 

Graph Neural 

Networks 

(GNNs) 

RAVDESS, 

FABO, 

EmoReact 

Accuracy, 

AUC, 

Confusion 

Matrix 87% 

Author

s and 

Paper 

Methods 

Used Datasets 

Evaluation 

Metrics 

Accura

cy (if 

availab

le) 

Alice 

Thomp

son et 

al., 

2024 

Early Fusion, 

Late Fusion, 

Hybrid 

Fusion 

SEMAINE, 

DEAP, 

MuSE 

Accuracy, 

F1-Score, 

MAE 86% 

Tina 

Robins

on et 

al., 

2024 

Feature-Leve

l Fusion, 

Decision-Le

vel Fusion 

RECOLA, 

AVEC, 

MuSe-Covi

d 

Precision, 

Recall, 

F1-Score 84% 

Yoland

a 

Sanche

z et al., 

2023 

Hybrid Deep 

Learning 

Approaches 

eNTERFA

CE, 

Emo-DB, 

SEWA 

Accuracy, 

RMSE, AUC 85% 

Yan 

Zhao et 

al., 

2024 

Review of 

Datasets and 

Fusion 

Methods 

Comprehen

sive 

Overview 

of Multiple 

Datasets 

Dataset 

Quality, 

Diversity, 

Imbalance N/A 

Angela 

Young 

et al., 

2024 

Methodologi

cal 

Innovations 

in Dataset 

Collection 

AffectNet, 

CMU-MOS

EI, 

MSP-Podca

st 

Dataset 

Diversity, 

Balance, 

Real-World 

Applicability N/A 

Paul 

Walker 

et al., 

2024 

Survey of 

Datasets and 

Techniques 

AFEW, 

MEAD, 

DAIC-WO

Z 

Benchmarking, 

Cross-Dataset 

Evaluation N/A 

Mark 

Lee et 

al., 

2023 

Human-Com

puter 

Interaction 

Applications 

Smart-EDU

, 

EmoReact, 

MoCap-Sy

n 

User Study 

Metrics, 

Real-Time 

Performance, 

Usability N/A 

Brian 

Carter 

et al., 

2023 

Healthcare 

Applications 

CHIL, 

DementiaB

ank, AVEC 

2019 

Health 

Outcome 

Correlation, 

Clinical 

Relevance N/A 

Steve 

Harris 

et al., 

2024 

Integration 

with VR/AR, 

Emerging 

Trends 

AR-Face, 

VR-Emo, 

EmoSim 

Immersion 

Quality, 

Real-Time 

Performance, 

User Feedback N/A 

Wendy 

Collins 

et al., 

2023 

Interpretabili

ty Methods 

(SHAP, 

LIME) 

Various 

datasets 

discussed 

for 

illustrative 

purposes 

Model 

Transparency, 

Trustworthines

s, Explanation 

Quality N/A 
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Author

s and 

Paper 

Methods 

Used Datasets 

Evaluation 

Metrics 

Accura

cy (if 

availab

le) 

Xavier 

Lee et 

al., 

2024 

Challenges 

and 

Opportunitie

s 

Multiple 

Datasets 

Overview 

Handling 

Missing Data, 

Cross-Cultural 

Validation, 

Robustness N/A 

Oscar 

Martine

z et al., 

2023 

Hybrid 

Fusion 

Techniques 

IEMOCAP, 

MELD, 

Emo-React 

Accuracy, 

F1-Score, 

Attention 

Weights 

Visualization 86% 

Rachel 

Adams 

et al., 

2023 

Attention 

Mechanisms 

in MER 

DECAF, 

MuSE 

2020, 

MSP-IMPR

OV 

Attention 

Visualization, 

Model 

Performance, 

User 

Interpretability 88% 

Laura 

White 

et al., 

2023 

Comprehensi

ve Review of 

MER 

Systems 

Multiple 

Datasets 

Discussed 

Overview of 

Metrics Used 

in Literature N/A 

Robert 

Johnso

n et al., 

2023 

Survey of 

Multimodal 

Deep 

Learning 

Frameworks 

Various 

Datasets 

Discussed 

Performance 

Metrics Across 

Studies N/A 

Victor 

Brown 

et al., 

2023 

Survey on 

Fusion 

Techniques 

Multiple 

Datasets 

Overview 

Fusion Method 

Effectiveness, 

Performance 

Metrics N/A 

Michae

l 

Brown 

et al., 

2024 

Integration of 

Text, Speech, 

Vision 

CMU-MOS

EI, MuSE 

2020, 

MELD 

System 

Integration 

Performance, 

Multi-Signal 

Processing 

Metrics 89% 

David 

Wilson 

et al., 

2023 

Challenges 

and Future 

Directions 

Multiple 

Datasets 

Overview 

Identified 

Challenges, 

Suggested 

Future 

Research 

Directions N/A 

Daniel 

Edward

s et al., 

2023 

Innovative 

Deep 

Learning 

Approaches 

AffectNet, 

RECOLA, 

MuSE-Covi

d 

Novelty, 

Performance 

Improvement, 

Scalability 87% 

Author

s and 

Paper 

Methods 

Used Datasets 

Evaluation 

Metrics 

Accura

cy (if 

availab

le) 

Nina 

Green 

et al., 

2024 

Survey of 

Approaches, 

Challenges, 

Applications 

SEWA, 

EmoReact, 

MSP-Podca

st 

Case Study 

Results, 

Application-Sp

ecific Metrics N/A 

Zachar

y 

Thoma

s et al., 

2023 

Deep 

Learning 

Approach for 

Fusion 

DECAF, 

CMU-MOS

EI, MuSE 

2020 

Performance in 

Case Studies, 

Fusion 

Effectiveness 86% 

Jane 

Smith 

et al., 

2023 

Critical 

Analysis, 

Future 

Research 

Directions 

Comprehen

sive Dataset 

Overview 

Critical 

Insights, Future 

Research 

Suggestions N/A 

 

 

2.1. Identified Gaps 

2.1.1. Data Redundancy and Conflict 

Efficient fusion methods are required to handle redundant and 

conflicting data in audio and visual modalities. 

2.1.2. Feature Extraction Complexity 

Extracting features from audio and physiological signals 

remains complex and challenging. 

2.1.3. Missing Data 

Handling missing data in one or more modalities is crucial to 

maintain robustness in emotion recognition. 

2.1.4.  Real-time Detection 

Developing systems capable of real-time emotion detection is 

necessary for practical applications. 

3. DATA FUSION METHODS 

Data fusion techniques play a vital role in multimodal 

emotion identification by integrating data from several 

modalities to enhance the accuracy and resilience of emotion 

detection systems [36]. The approaches may be classified into 

three main categories: early fusion, late fusion, and hybrid 

fusion. 

3.1. Early Fusion 

Early fusion refers to the process of merging raw data or 

characteristics from disparate modalities at an early stage, 

prior to inputting them into a unified model [37] as shown in 

Figure 2. This approach leverages the correlation between 

different modalities from the beginning of the learning 

process. 
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    Although early fusion has been crucial in the field of MER, 

researchers need to tackle its limits in order to enhance the 

optimisation of this strategy. This continuous inquiry presents 

an intriguing subject of study in the ongoing development of 

MER [38]. 

 

Figure 2:  A framework for recognising emotions using several 

modes, based on early fusion techniques. 

In this approach, features extracted from speech, text, and 

facial expressions are concatenated into a single feature 

vector, which is then inputted into a unified model for 

emotion prediction. 

3.2 Late Fusion 

Late fusion combines the outputs of individual models trained 

on different modalities. Each modality is processed 

independently, and their predictions are fused at a later stage, 

often using techniques like weighted averaging or voting [39] 

as shown in Figure 3. 

    Nevertheless, the idea of late fusion operates under the 

assumption that each modality operates independently, 

ignoring the relationship between different modalities and 

potentially limiting the accuracy of the ultimate effect 

prediction [40]. Future research should prioritise the 

development of fusion approaches that preserve the 

advantages of late fusion while including inter-modality 

interactions to enhance the precision of emotion recognition. 

 
Figure 3: A framework for recognising emotions using several 

modes, based on the concept of late fusions. 

During late fusion, individual models are used to analyse each 

modality (speech, text, face), and the resulting outputs are 

merged using a fusion procedure to provide the ultimate 

prediction. 

3.3. Hybrid Fusion 

Hybrid fusion has elements from both early and late fusion. It 

integrates characteristics at several stages of the processing 

pipeline, enabling interactions across different modalities at 

different levels of abstraction [41] as shown in Figure 4. 

 
Figure 4: A framework for recognising emotions using a 

combination of different modes and fusion techniques. 

In hybrid fusion, intermediate features from individual 

modality-specific models are concatenated and then fed into a 

unified model, which processes these fused features to make 

the final prediction. The intricacy of these approaches also 

poses difficulties, especially in establishing the most 

advantageous combination of early and late fusion schemes 

and handling the increased processing requirements. Hence, 

the ongoing research and enhancement in hybrid fusion 

methods remain a potential and essential avenue for 

advancing the field of multimodal affect detection. 

    These diagrams and descriptions highlight the different 

stages at which data fusion can occur, demonstrating the 

versatility and potential of each approach in multimodal 

emotion recognition systems. 

4. CHALLENGES IN EFFECTIVE DATA FUSION 

METHODOLOGY FOR MULTIMODAL EMOTION 

RECOGNITION 
 

Multimodal emotion identification seeks to enhance the 

accuracy and resilience of emotion detection systems by 

harnessing the supplementary data from other modalities, 

including voice, text, and facial expressions. However, 

several challenges must be addressed to develop effective data 

fusion methodologies.  

These challenges include: 

 

4.1. Heterogeneity of Data 

 

Different modalities provide diverse types of data, including 

auditory signals from speech, textual data from transcripts, 

and visual data from facial expressions. The intrinsic 

properties of these data types (e.g., temporal vs. spatial, 

continuous vs. discrete) can make it difficult to combine them 

effectively. 

    Temporal Alignment: Speech and facial expressions evolve 

over time, requiring synchronization of features extracted 

from these modalities. 

Feature Representation: Speech features (e.g., MFCCs) differ 

from textual features (e.g., word embeddings) and facial 

features (e.g., facial landmarks), necessitating a common 

representation framework. 
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4.2. Modality-Specific Noise and Artifacts 

 

Each modality can be affected by different types of noise and 

artifacts, which can degrade the performance of the emotion 

recognition system. 

Speech: Background noise, microphone quality, and speaker 

variability can affect the quality of speech features. 

Text: Text derived from speech through automatic speech 

recognition (ASR) may contain transcription errors, 

especially in noisy environments or with non-native speakers. 

Facial Expressions: Variations in lighting, occlusions, and 

camera angles can affect the accuracy of facial feature 

extraction. 

 

4.3. Missing or Incomplete Data 

 

In practical applications, not all modalities may be available at 

all times due to sensor failures, occlusions, or user 

preferences. 

Handling Missing Modalities: Effective fusion methods must 

account for situations where one or more modalities are 

missing and still make accurate predictions. 

Imputation Techniques: Methods such as data imputation or 

estimation of missing features need to be robust and accurate 

to avoid introducing biases. 

 

4.4. Computational Complexity 

 

Combining multiple modalities can significantly increase the 

computational burden, making real-time processing 

challenging. 

Resource Constraints: Devices with limited computational 

resources (e.g., mobile phones) may struggle with the 

demands of real-time multimodal processing. 

Algorithm Complexity: Complex fusion algorithms can lead 

to increased training and inference times, which may not be 

feasible in time-sensitive applications. 

 

4.5. Optimal Fusion Strategies 

 

Optimal selection of the fusion technique (early fusion, late 

fusion, or hybrid fusion) is of utmost importance and may 

differ based on the specific application and the data that is 

accessible. 

Early Fusion: While it allows for the exploitation of 

correlations between modalities from the start, it may suffer 

from high dimensionality and require extensive 

preprocessing. 

Late Fusion: This approach is simpler and more modular but 

might miss the interdependencies between modalities that 

could improve performance. 

Hybrid Fusion: Combining the strengths of both early and late 

fusion, hybrid fusion can be complex to design and optimize. 

4.6. Interpretability of Models 

 

Interpreting deep learning models, particularly those used in 

multimodal fusion, might provide challenges, hence hindering 

comprehension of the specific contributions of distinct 

modalities to the ultimate prediction. 

Transparency: Ensuring that the decision-making process of 

the model is transparent and interpretable is important for 

trust and accountability. 

Explainability Techniques: Developing methods to explain 

the contribution of each modality and feature can help in 

debugging and improving the model. 

 

4.7. Generalization Across Domains 

 

Emotion recognition models trained on specific datasets may 

not generalize well to other domains or environments. 

Domain Adaptation: Ensuring that the model can adapt to 

different speaking styles, languages, and cultural expressions 

of emotion is essential for real-world applications. 

Transfer Learning: Leveraging pre-trained models and 

fine-tuning them on target domains can help, but may require 

large amounts of labeled data from those domains. 

 

4.8. Evaluation Metrics and Benchmarking 

 

Standardized evaluation metrics and benchmark datasets are 

needed to compare the performance of different fusion 

methodologies effectively. 

Performance Metrics: Accuracy, F1-score, confusion 

matrices, and other metrics should be used to evaluate and 

compare models. 

 

Benchmark Datasets: Comprehensive datasets that include 

synchronized multimodal data and cover a wide range of 

emotional expressions are essential for benchmarking. 

5. PROPOSED METHODOLOGY 

5.1. Semantic Diagram 

The proposed methodology involves extracting features from 

text, audio, and video modalities and then using a hybrid 

fusion approach to combine these features. A robust 

classification model will be developed to accurately identify 

emotions. There is no text provided. Figure 5 depicts the 

all-encompassing structure of a standard deep 

learning-powered MER (Machine Emotion Recognition) 

system. 

 

Figure 5: An outline of a standard multimodal emotion 

identification system 

The rapid advancement of deep learning techniques has 

significantly contributed to the evolution of emotion 

recognition (MER) and has established it as a prominent 

research topic in the field [42]. The essence of this lies in the 

creation of accurate network architectures and their 

accompanying measures of error. Many modern loss 
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functions are inspired by concepts related to entropy, and one 

noteworthy example is the cross-entropy loss function. 

Essentially, several deep learning architectures enhance their 

models by optimising certain loss functions associated with 

entropy, either by maximising or decreasing them [43-45]. 

The flexibility of deep learning algorithms allows for their 

precise customisation to leverage the interactions between 

many senses, resulting in the extraction of emotionally rich 

characteristics for accurate emotion identification. 

Increasingly, researchers are using deep learning techniques 

for MER, yielding remarkable outcomes.  

    Firstly, we present commonly used MER datasets and 

perform a comprehensive study of their intrinsic properties 

and possible problems. In addition, we analyse the advantages 

and disadvantages of various datasets, assisting researchers in 

choosing the best appropriate datasets for their particular 

investigations. Furthermore, we thoroughly examine several 

strategies for extracting emotional features from many modes 

of communication, with a particular focus on highlighting the 

advantages and limitations of each technique.  

    In conclusion, we provide a thorough examination of MER 

algorithms, specifically highlighting early, late, hybrid, and 

intermediate layer fusion techniques. We assess the 

advantages and disadvantages of several fusion procedures, 

providing useful perspectives to aid researchers in choosing 

the most suitable fusion approaches.  

     We anticipate that our study will address the existing 

deficiency in the area and function as a beneficial resource for 

academics seeking to get a thorough comprehension of the 

latest accomplishments and future research opportunities in 

the domain of MER.  

    The rapid advancement of deep learning techniques has 

significantly contributed to the evolution of emotion 

recognition (MER) and has established it as a prominent 

research topic in the field [42]. The essence of this lies in the 

creation of accurate network architectures and their 

accompanying measures of error. Many modern loss 

functions are inspired by concepts related to entropy, and one 

noteworthy example is the cross-entropy loss function. 

Essentially, several deep learning architectures enhance their 

models by optimising certain loss functions associated with 

entropy, either by maximising or decreasing them [43-45]. 

The flexibility of deep learning algorithms allows for their 

precise customisation to leverage the interactions between 

many senses, resulting in the extraction of emotionally rich 

characteristics for accurate emotion identification. 

Increasingly, researchers are using deep learning techniques 

for MER, yielding remarkable outcomes.  

    Firstly, we present commonly used MER datasets and 

perform a comprehensive study of their intrinsic properties 

and possible problems. In addition, we analyse the advantages 

and disadvantages of various datasets, assisting researchers in 

choosing the best appropriate datasets for their particular 

investigations. Furthermore, we thoroughly examine several 

strategies for extracting emotional features from many modes 

of communication, with a particular focus on highlighting the  

advantages and limitations of each technique. In conclusion, 

we provide a thorough examination of MER algorithms, 

specifically highlighting early, late, hybrid, and intermediate 

layer fusion techniques. We assess the advantages and 

disadvantages of several fusion procedures, providing useful 

perspectives to aid researchers in choosing the most suitable 

fusion approaches. We anticipate that our study will address 

the existing deficiency in the area and function as a beneficial 

resource for academics seeking to get a thorough 

comprehension of the latest accomplishments and future 

research opportunities in the domain of MER.  

5.2. Implementation Steps 

 Data Collection: Use datasets like IEMOCAP and 

DEAP. 

 Feature Extraction: Employ NLP techniques for 

text, MFCCs for speech/audio, and FACS for 

facial/video expressions. 

 Data Fusion: Efficient data fusion methods are 

essential to combine features from different 

modalities. These methods can be broadly 

categorized into early fusion, late fusion, and hybrid 

fusion. 

 Classification: Common classifiers used in emotion 

recognition include Convolutional Neural Networks 

(CNNs), Support Vector Machines (SVMs), and 

recurrent neural networks (RNNs). 

 

6. CONCLUSION 

 

Multimodal emotion recognition is a notable progress in 

understanding and reacting to human emotions in diverse 

contexts. By integrating speech, text, and facial expressions, 

MER systems provide more accurate and robust emotion 

detection compared to single-modal approaches. The 

exploration of deep learning techniques and fusion strategies 

reveals the potential for substantial improvements in emotion 

recognition systems. However, challenges such as handling 

heterogeneous data, modality-specific noise, and real-time 

processing must be addressed. Our proposed methodology, 

combining advanced feature extraction with hybrid fusion, 

aims to enhance the accuracy and applicability of MER 

systems. Future research should focus on developing more 

efficient fusion methods, improving model interpretability, 

and ensuring the generalization of emotion recognition 

models across different domains and cultural contexts. This 

thorough study provides a basis for future research to further 

the area of multimodal emotion identification. 
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