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ABSTRACT

The integration of text and face modalities is a multifaceted approach that aims to enhance the performance of
applications such as biometric authentication, sentiment analysis, and multimodal interaction systems. The fusion
process can be applied at various levels, including feature extraction, representation, and classification, to improve the
robustness and accuracy of systems requiring the integration of both textual and face data. In this paper, we describe a
new method for emotion detection using text and facial features using group decision classification, leveraging the
strengths of textual data and facial expressions. This approach allows to leveraging of the strength of both text and
facial data through weighted voting, potentially enhancing the overall accuracy and robustness of the emotion
detection system. After comparing the performance of SVM, KNN, DT, Ensemble, and group decision classifier we
see that the group decision classifier achieved the best accuracy by scoring 97 % in emotion recognition. Emerging
technologies convolutional neural network VGG16, BoW, and fusion process along with group decision classification

this paper methodology enhance the emotion recognition performance.
Keywords: BoW, DT, Group Decision Classifier, Emotion, Ensemble Classifier, KNN, Machine Learning, SVM
1. INTRODUCTION

The goal of the multi-faceted technigque known as feature fusion of text and face modalities is to improve the
functionality of systems that need to combine textual and facial data. Applications like biometric identification,
sentiment analysis, and multimodal interaction systems may benefit from the use of the fusion process at several
levels, including feature extraction, representation, and classification. This enhances their resilience and accuracy.
This notion describes a novel way for emotion identification using text and face modalities; although no publication
specifically addresses this topic, several do explore feature fusion in relation to face analysis and recognition. To sum

up, the offered publications don't specifically address text and facial modalities fusion, but the ideas and methodology
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presented there might be utilized to fusing these two kind of data. The future of text and face modality fusion research

might be guided by the basic idea of merging different feature sets to obtain enhanced performance.

The digital environment's ever-growing document collection presents a new chance to improve internet users'
knowledge and services. It is become increasingly common to use people's written opinions to infer their feelings
about current events. The first step in data mining is to classify and identify textual viewpoints using algorithms. Prior
to recently beginning to label texts with multi-dimensional emotional inclinations such as joy, fear, wrath, etc.,
researchers have tried to ascertain if a text conveys a good, negative, or neutral attitude toward a product or subject
[1]. Machine learning-based methods have attracted the greatest attention among the many methodologies used to
classify the texts' emotions [4].

Compiling an emotion dictionary is a laborious and time-consuming procedure that couldn't keep up with the fast
growth of new words [5]. However, past systems depended on these dictionaries to classify and divide words for
complicated emotion analysis. On the other hand, more efficient text classification is made possible by machine
learning techniques that allow for automated emotion word recognition. The sequential nature of machine learning
algorithms makes simultaneous emotion classification difficult and raises the probability that one phase will
significantly impact the next [6]. Experts in the field are continuously working to enhance algorithms' performance
and tackle issues such as classifier efficiency decreasing with emotion refinement, phrases not being relevant to the

whole text, and identifying complex human emotions.

One key technique to improve the machine-learning algorithms that categorize emotions is by computing multi-label
categorization. Computational multi-label classification is widely believed to be the best approach. When an instance
has several labels, it may be placed into many categories at the same time. Many labels are used for this purpose.
Because the semantics of real-world objects or texts aren't always unique, multi-label learning is necessary for
practical applications. Recent years have seen some innovative research that aims to revolutionize multi-label
classification, primarily via the development of brand-new emotional dictionaries [7]. But computers have a hard time
classifying emotions when there are several types. [8] By adjusting the Multi-label K-Nearest Neighbors (MLKNN)
classifier to include attributes within the whole tweet as well as those inside adjacent phrases, this study addresses the
aforementioned information gaps. Furthermore, the study consistently revises the overall classification results while
accounting for label interactions.

Iterative improvements to the multi-label emotion classification may be possible with these adjustments, and the
accuracy of emotion classification for short texts may be improved. Tweets are chosen for this study because they are
a good example of a brief communication. Short text classification is one area of text classification that is growing in
popularity. Given the proliferation of concise expressions of opinion and concept in social media platforms, short text
categorization is gaining prominence in areas such as author identification, spam filtering, sentiment analysis, Twitter
customization, and consumer reviews [9]. Because of this, sentiment analysis of online short messages is becoming

more important.

The framework of the remaining research is as follows: In the “"Related work™ section, we provide an overview of the
research on existing emotion classification systems. The study's methodology and processes are laid out in detail in
the "Materials and methods" section. The "Experimental study" section describes the results, while the "Conclusion”

and "Future Scope" sections provide the final thoughts and the scope of what's to come.
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2. RELATED WORK

Due to the exponential rise of machine learning methods, a new approach to emotion text classification has emerged
in recent years. Supervised and semisupervised systems have both been used. Currently, supervised learning systems
mostly use characteristics at the word, phrase, and chapter levels to classify emotions (Dogan and Uysal, 2020)[10].
Using deep semantics and syntactic rule matching, Liao et al. (2021) [11] created a novel two-stage technique for text-
level sentiment analysis at a finer granularity. Recurrent Neural Networks (RNNs) were extensively used as feature
extractors in sentiment analysis at a finer level. To get around RNN sequential processing, nevertheless, Lou et al.
(2020) [12] proposed a fusion model that combines convolutional neural networks with hierarchical attention coding
networks. Xie et al. (2019) [13] introduced the Bidirectional Long Short-Term Memory (BiLSTM) model for fine-
grained sentiment classification of short texts. The model focuses on self-attention and incorporates aspect item
information. It efficiently utilizes contextual information and semantic properties. Using bidirectional feature
extraction to categorize features, a recent study on bidirectional convolutional RNNs enhanced classification accuracy

by bolstering crucial traits and diminishing unnecessary ones (Onan, 2022). cited as [14].

This allowed them to obtain excellent accuracy and stability while also capturing local correlations in contexts.
However, machine learning algorithms still have the same problems. One problem is that they rely too much on the
manually labeled corpus, which hinders their ability to provide adequate findings with smaller sample sets. Also,

when it comes to ML, sentiment analysis is very lacking in unsupervised learning.

[16] The performance of supervised learning algorithms may be heavily influenced by the amount of training data,
and these algorithms handle different sample sizes in different ways. While KNN excels with bigger datasets, it may
have trouble performing in high-dimensional environments; SVM, on the other hand, does well with small samples

and high-dimensional data.

Different types of classifiers learn differently: supervised learning classifiers rely on input-output labels, unsupervised

learning classifiers deal with data that isn't labelled, and reinforcement learning classifiers learn by making mistakes.

While ensemble approaches improve predicted accuracy by combining the capabilities of several models, Naive
Bayes is an easy-to-understand probabilistic classifier that excels with high-dimensional data. In supervised learning,

both methods have their uses, which vary with the dataset and the task at hand.

A DT is a machine learning tool that simplifies otherwise difficult algorithms. It is feasible to use DTs to predict the

value of the output data using the Al's knowledge of the present dataset.
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Figure 1: Overview of Text-based Emotion Recognition

[17] Many factors, such as the voting threshold, the number of decision-makers, and their cognitive correctness, may
influence the reliability of group decision-making mechanisms represented by weighted voting systems. These factors
might have an impact on the decision-making accuracy, either positively or negatively.
[18] inThe year 19In [20], The feature extraction algorithms used in text recognition and facial recognition,
respectively, are Bow and VGG-16. Using deep learning, VGG-16 extracts complex patterns from face photos, while
Bow builds a

Emotion classification is a job that utilizes multiple machine learning algorithms to categorize a person's emotional

feature space using word frequency and presence.

state using various characteristics. In the context of emotion categorization, below is a comparison of k-Nearest
Neighbors (KNN), Decision Trees (DT), Ensemble, and Support Vector Machines (SVM):
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Applicability to Emotion Classification:

e SVMs can be effective when there is a clear margin of separation between emotional classes. They work well

with structured data and when feature space is not extremely large.

e KNN can perform well if the feature space is not too large and the dataset size is manageable. It is effective

when similar emotions tend to cluster together in the feature space.

o Decision Trees are useful when there are clear, hierarchical relationships between features and emotions. They

can capture non-linear relationships well if the tree depth and splitting criteria are appropriately tuned.
Considerations for Emotion Classification:

o Dataset Size: SVM and DT can handle smaller to medium-sized datasets effectively. KNN’s performance

may degrade with large datasets due to high computational cost.

o Feature Space: SVMs are effective with high-dimensional feature spaces; Decision Trees can handle

complex hierarchical relationships; KNN performs well when emotions cluster together in the feature space.

o Interpretability: Decision Trees are the most interpretable, followed by SVM (to some extent), while

ensemble methods are less interpretable but more accurate.

In practice, the choice of algorithm often depends on the specific characteristics of the dataset, the desired level of

interpretability, computational resources available, and the trade-off between model complexity and accuracy.

3. MATERIAL AND METHODS

To implement textual and facial emotion detection using group decision classification with the datasets an “Emotion

Classification NLP” dataset and “FER-2013” dataset from the Kaggle website, here’s a step-by-step approach:

e Data Preparation

e Emotion Classification NLP Dataset:

o This dataset contains textual data (such as sentences or phrases) labeled with specific emotions (happy,
sad, angry, etc.). It is structured with a clear emotion label associated with each text sample.
e FER-2013 Dataset:

o This dataset contains facial images categorized into seven emotion labels (angry, disgust, fear, happy, sad,
surprise, neutral). It's crucial to preprocess this dataset to extract facial features or use pre-trained models

for facial expression recognition.

e Feature Extraction

e Textual Features:

o Used technique TF-IDF to represent textual data. Each text sample is transformed into a numerical vector
that captures semantic meaning and context.

o Facial Features: Extracted facial features from images using techniques such as:

o Facial landmark detection.
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o Extracting distances between key points (e.g., distance between eyes, mouth, etc.).

o Used pre-trained Convolutional Neural Networks (CNNs) VGG16 designed for facial expression

recognition.

Emotion Classification Models

Textual Model:

o Trained the classifiers (e.g.,, SVM, KNN, NB, ensemble) using the textual features to predict emotions
based on the labeled NLP dataset.

o Used MATLAB's text analytics toolbox to preprocess textual data and extract features.

Facial Model:

o VGG16 CNN is used for the FER-2013 dataset to predict emotions based on facial features extracted

from images.
o Utilized MATLAB's Computer Vision Toolbox to extract facial features from images.

Intermediate Feature Fusion
o Combined the features from both textual and facial models to create integrated feature vectors. It was
done by concatenation of the feature vectors obtained from each model.

Group Decision Classification

o Implemented a group decision classification strategy to combine predictions from the textual and facial
models. Used a weighted voting approach to assign weights for predictions based on model confidence or
performance on validation data.

Evaluation

o Evaluated the combined model using standard metrics such as accuracy, precision, recall, and F1-score on

a separate validation set.

o Performed cross-validation to optimize model performance and generalization.

4. EXPERIMENTAL STUDY

4.1 Confusion Matrix

JETNR2606072

To measure how well a categorization model does its job, researchers use a confusion matrix. In this case, the
actual values are known, and the summary is of the model's predictions on a set of test data. | will explain the
purpose of confusion matrices:

Performance evaluation: The primary use of a confusion matrix is to evaluate how well a classification
model is performing. It gives a clear picture of the model's strengths and weaknesses in terms of correctly and
incorrectly classified instances.

Understanding model behaviour: By examining the confusion matrix, you can see how well the model is
predicting each class.

Below table Table 1. is showing the performance comparison among different types of classifiers for emotion
recognition and group decision classifier shows the best performance using metric accuracy and F1 score.
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Table 1 Performance Evaluations

Classifiers | Accuracy | F1 Score
KNN 94.33 88.64
SVM 96.83 93.65
DT 955 90.98
EC 82.88 67.44
GDC 97 94

Graph 1 and 2 show the performance graphically of classifiers where group decision classifier has the best

performance.
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5. CONCLUSIONAND FUTURE SCOPE

Combining predictions from many textual and face classifiers by giving varying weights to each classifier depending
on their reliability or performance is the key to this group decision classification accomplished using weighted voting
in MATLAB. By capitalizing on the advantages of both textual data and facial expressions, we successfully combine
the two types of features for emotion identification using group decision classification. | fine-tuned and adjusted the
technique according to the unique features of the dataset and the performance requirements. By using weighted
voting, this method may combine the best features of textual and face data, which might make the emotion

identification system more accurate and reliable.

There is a lot of room for growth in many areas that combine text and facial modalities, such as marketing, social
media, security, education, healthcare, and human-computer interface (HCI). This combination has the potential to
revolutionize many fields, including the ability to identify and convey emotions, personalize user interfaces according
to preferences, elevate VR/AR experiences, and make remote patient monitoring even more effective. In addition to
improving educational platforms and security systems, it might help in diagnosing and monitoring mental health
disorders. Furthermore, it has the potential to improve user identification procedures, digital and physical environment
security, and marketing and social media audience engagement. Research suggests that merging text and face
modalities has the potential to improve many areas of everyday life and professional practice, as well as to completely

transform human interaction and our knowledge of human behavior.
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