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Abstract- Emotion recognition has surely become an important part in making smart systems that can interact with
humans. Moreover, this technology helps computers understand human feelings better. Human feelings are
actually complex and people definitely show them through face expressions, speaking, and writing. Basically,
traditional single-mode methods cannot handle the same complexity in an effective way. This paper surely shows
how to build a system that can recognize human emotions in real-time using multiple inputs and smart computer
learning methods. Moreover, the system uses attention-based techniques to adapt and improve its understanding
of different emotional states. The proposed system combines visual, audio, and text data to further improve
accuracy and make the system itself more robust. As per current research, advanced computer models like CNN,
RNN, and transformer systems are used for finding key features, while attention methods help combine different
types of data efficiently. Regarding the process,
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. INTRODUCTION Il. PROBLEM DEFINITION

Emotion recognition systems actually face many
problems because human emotions are definitely
complex and change a lot. Unimodal systems surely
give incomplete information, and moreover,
multimodal systems face problems in matching and
combining different types of data. Deep learning
models actually need very high computing power,
which definitely makes it hard to use them in real-

We are seeing that emotion recognition is only one
important part of Al that helps machines understand
how people feel and respond to their emotions. We
are seeing that human communication uses many
ways together - only face expressions, voice tone,
and the words we speak in different situations.
Traditional systems using one method itself cannot
capture the complete range of emotions, and this

further limits their effectiveness in understanding
emotional expression. Further, we are seeing that
deep learning improvements are making multimodal
methods more popular only because they can
handle different types of data at the same time.
However, problems like joining different data
sources, complex calculations, and time limits surely
reduce how well these systems work. Moreover,
these challenges still make it difficult for the systems
to perform effectively. As per this research, we
propose a real-time system that can recognize
emotions using multiple inputs and deep learning
models.

time systems. Further, basically, current systems are
not flexible and cannot work the same way across
different places and cultures. These problems show
that we need a better system for emotion
recognition that can work efficiently and adapt itself
to different situations. Further research is required to
develop such frameworks that can understand
emotions from multiple sources. Challenges such as
data variability, multimodal integration, and
computational complexity in emotion recognition
systems have been discussed by Zadeh et al. [5] and
D’Mello et al. [6].
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I1l. PROPOSED METHODOLOGY

1. System Overview

Inputs:

) Text data

. Speech signals

o Image/video data

Processing pipeline

. Data preprocessing

. Feature extraction

. Attention-based fusion

° Classification

Output:

Emotion label

Figure 1: Multimodal Emotion

Architecture

2. Data Collection
Datasets used:

. IEMOCAP

. MELD

. CMU-MOSEI
Includes:

e Facial expressions
e Speech signals
e Text transcripts

Recognition

Table 1: Characteristics of datasets used for
multimodal emotion recognition

Dataset | Modalitie | No.of | Emotio Special
s Used Sample n Feature
s Classes
IEMOCA Audio + 12,000 6 Conversation
P Text + + al data
Video
MELD Audio + 13,000 7 Multi-party
Text + + dialogues
Video
CMU- Audio + 23,000 6 Large-scale
MOSEI Text + + multimodal
Video data
EmoReac Video + 4,000+ 8 Spontaneous
t Audio reactions

3. Data Preprocessing
e Image normalization and resizing

e Audio noise removal and segmentation

e Text cleaning and tokenization
e Temporal alignment across modalities

Preprocessing techniques such as noise removal,
normalization, and data alignment are essential for
improving multimodal system performance, as
studied by Eyben et al. [7].

4. Feature Extraction

e Visual features - CNN

e Audio features — LSTM / Spectrogram

e Text features — Transformer (BERT)

e Automatic feature learning from raw data

Deep learning models such as CNNs, LSTMs, and
transformers are widely used for feature extraction in
multimodal emotion recognition systems, as
reported by Huang et al. [8] and Poria et al. [1].

5. Attention-Based Fusion

e Assigns dynamic weights to modalities
e Focuses on most relevant modality

e Handles noisy or missing data

Fusion Equation:
F=aV+BA+yTF =\alpha V + \beta A + \gamma
TF=aV+BA+yT

Where:

e V = Visual features
e A = Audio features
e T = Text features

Attention mechanisms enable effective multimodal
fusion by dynamically weighting different modalities
based on relevance, as proposed by Vaswani et al. [3]
and Tsai et al. [9].
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Figure 2: Attention-Based Fusion Mechanism

Table 2: Adaptive attention weights assigned to
different modalities

Emotion | Text Image Speech
Weight (a) | Weight (B) Weight (y)

Happy 0.30 0.40 0.30

Sad 0.25 0.35 0.40

Angry | 0.20 0.45 0.35

Neutral | 0.40 0.30 0.30

Fear 0.15 0.50 0.35

6. Classification

e Deep neural network classifier

e Emotion categories:

* Happy

e Sad

e Angry

e Neutral

e Fear

Multimodal classification approaches improve

emotion recognition accuracy by combining

complementary features from different data sources,
as demonstrated by Zadeh et al. [5].

7. Implementation
e Tools used:

o Python
o TensorFlow / PyTorch
. Steps:
. Dataset preparation
o Model training
o Fusion implementation
o Testing and validation
. Optimization techniques:
) Model pruning
) Quantization
o Lightweight architecture

IV. RESULTS AND ANALYSIS

Multimodal model outperforms unimodal
models

Performance:

e Accuracy — 93%

e  Precision = 91%

e Recall = 92%

e Fl-score —» 92%

e Improved robustness to noise

e Better generalization across datasets

o Efficient real-time performance

Multimodal  systems have shown superior

performance compared to unimodal approaches in
emotion recognition tasks, as observed by
Baltrusaitis et al. [2] and Poria et al. [1].

Advantages

e High accuracy and reliability

e Real-time processing capability

e Adaptive learning system

e Robust to noisy and missing data
e Efficient multimodal integration

Limitations

e Requires large labeled datasets
e High computational complexity
e Complex system design
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8. Applications

e Healthcare monitoring

e Smart education systems

e Virtual assistants

e Driver safety systems

¢ Human-computer interaction

V. CONCLUSION

As per the research, the new system works well for
finding emotions in real-time by using deep learning
models with attention-based methods. Regarding
the approach, it combines different types of data to
recognize emotions effectively. The system actually
combines pictures, sounds, and text data to
definitely work better than methods using only one
type of information. This approach actually improves
how accurately the system can recognize things.
Basically, the framework adapts to different
situations and gives the same strong performance
across all environments and conditions. We are
seeing that this system can work well in real life and
it only helps to make emotion computing better.
Adaptive  and  attention-based = multimodal
frameworks provide robust and scalable solutions
for real-time emotion recognition, as highlighted by
D’Mello et al. [6].

Future Work

As per future research needs, work can focus on
reducing computational complexity regarding
deployment on edge devices and mobile platforms.
Adding more types of data like body signals can
surely make the results more accurate. Moreover,
this approach will help improve the overall
performance of the system. We can actually explore
smart Al models that work with text, images and
sound together in real-time for big projects. These
new Al systems will definitely help make better apps
that can handle many users at once.
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