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Abstract. Facial Emotion Recognition (FER) plays a crucial role in applications
such as human-computer interaction, affective computing, and mental health
monitoring. This paper proposes a novel methodology that combines
EfficientNet-based feature extraction, Self-Attention-based feature refinement,
and Support Vector Machine (SVM) classification to achieve robust and high-
performance emotion recognition. Experimental results demonstrate the
superiority of this hybrid approach over traditional classifiers, showing
improved accuracy, precision, and recall on standard FER datasets.
Furthermore, this paper discusses various challenges, including dataset
limitations, environmental conditions, and computational efficiency.
Mathematical formulations, diagrams, and performance evaluations are
included for in-depth analysis.
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1. Introduction
Emotions are the one thing that humans cannot fully stow away, despite their best
efforts. Some researchers contend that emotional intelligence is innate. This suggests
that they are triggered by the sensory system and cannot be concealed under any
circumstances. An individual's emotions essentially reflect their thoughts, state of
mind, and behaviours

Numerous studies came to the conclusion that handmade methods are inferior to deep
learning or convolutional neural networks (CNNs) in terms of output quality.
However, creating a deep network from scratch requires a significant amount of
processing power, time, and dataset. Large datasets, however, are frequently
unobtainable together with highly specified systems. According to studies, this
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challenge can be solved by using a neural network that functions similarly to a brain
because of its similar structure.

This paper explores a hybrid approach that leverages EfficientNet for feature
extraction, Self-Attention for feature refinement, and SVM for final classification. We
currently have many pre-trained networks, including DeepNet, AlexNet, GoogleNet,
and ResNet 6-8. Using the dataset, these networks can be leveraged to get task-
specific results.

FER is used in psychological testing, gaming, security systems, and driver
monitoring. By examining microexpressions, FER can assist in the diagnosis of
mental health issues including anxiety and depression. Furthermore, by enabling
computers to react according to the user's emotional state, FER improves human-
computer interaction.

FER can be expressed mathematically as:
y=f(WX +0b)

where stands for the activation function used to classify emotions, the bias term, the
input feature matrix, and the weights.

2. Related Work

2.1 How Features are Transferable in Deep Neural Networks

This theory is in deep learning we dont know how far it can function though the
proposed study tests the transferability of neural networks nevertheless the
transmission of high layer traits has a significant impact on transfer
learning nevertheless when training a network its better than beginning from
scratch compared to starting with random weights we can significantly enhance
results with even minor tweaks this suggests that learning by doing is much more
efficient than learning everything at once 9 maintaining the guidelines authenticity

2.2 Non-Intrusive Car Driver’s Emotion Recognition

The Transfer Learning theory is a subfield of deep learning. We don't know how far it
can function, though. The proposed study tests the transferability of neural networks.
Nevertheless, the transmission of high layer traits has a significant impact on the
effectiveness of transfer learning. Nevertheless, when training a network, it's better
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than beginning from scratch. Compared to starting with random weights, we can
significantly enhance results with even minor tweaks. This suggests that learning by
doing is much more efficient than learning everything at once. 9 Maintaining the
Guidelines' Authenticity

2.3 Thermal spatial-temporal data for stress recognition

Although stress is generally recognized as a serious illness, it can be challenging to
determine whether a person is experiencing stress or not. The degree of stress on the
subjects' faces was measured in this study using thermal videos of everyone. This can
also be used to adjust the dosage of medication based on the patient's stress level 11.

2.4 Transfer Learning for Visual Categorization: A Survey

In this work, contemporary transfer learning methods are used for visual
categorization tasks such object recognition, image classification, and human activity
recognition 17. It also discusses difficulties such as the scarcity of labeled training
data and training data with the same distribution because it is impossible to forecast
when future data will be available in a way that would prevent over-fitting. Transfer
learning is used to solve these issues. Furthermore, a variety of frequent problems,
such as concept drifting in image classification tasks for visual categorization and
view divergence in action detection tasks, may be successfully addressed by transfer
learning.

3. Methodology

3.1Preprocessing Steps
Face Detection & Cropping:

e Use MTCNN (Multi-task Cascaded Convolutional Network) for precise face
detection. o Align and crop faces to remove background noise.

e Grayscale Conversion & Normalization: o Convert images to grayscale to
reduce computational load.

e Normalize pixel values to the range 0,1 for faster convergence. Data
Augmentation: Apply random rotations, brightness shifts, histogram
equalization to enhance model robustness.

e Use GAN-based augmentation to artificially expand the dataset.
Dimensionality Reduction using PCA: Principal Component Analysis (PCA)
is applied to extract dominant features, eliminating redundant data.
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Fig 1. CNN Architecture for Feature Extraction

3.2 Feature Extraction Using Transfer Learning

While creating a model there are multiple steps the first step is model selection the
second step is freezing of a few layers and unfreezing of a few layers the third step is
customization of the data set and training of that model to change unfreeze areas this
is usually done on the last layers or on the output layers they can mean additional of a
few layers which is used to flatten or out are softmax layer to get the right outputs
this can be used for the prediction probabilities of an output and get a likely result

The challenging task of facial emotion
recognition fer involves interpreting peoples emotions solely from
their facial expressions transfer learning is very helpful for fer because it leverages
models that have already been trained on large datasets to improve accuracy and
reduce training times particularly when the target dataset is small or domain-specific
there should only be one hard return used at the end of each paragraph there is no
place for pagination in the manuscript you dont have to number the text heads the
template will do it for you

e  Appropriate model selection

e freezing of layers

e unfreezing of a few output layers

e removal or addition of layers

e fine tuning of unfreeze layers

e retraining the model according to the customized data set validating

e testing the model
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Fig 2. Transfer Learning-based Feature Extraction

3.3 Self-Attention-Based Feature Refinement

e  Step-by-Step Explanation

e Input (X):

e The input feature map XXX (a blue matrix) represents the learned features
from the earlier layers of the model, such as CNNs.

e Query (Q), Key (K), and Value (V) Computation:

e The input XXX is multiplied with learnable weight matrices.

. QK
A = softmax (W) |4

where represent the query, key, and value matrices, respectively, and is the dimension
of the key.

Calculation:

The transpose of key matrix in the main matrix queue are multiplied together it obtains
the results of an attention score which usually define various input regions to one
another.

Softmax is scaling the attention scores that are obtained from the above calculation are
scaled we do that by dividing by square root of feature dimension to keep the gradients
stable in a certain order these scores are transformed into weights using a soft max
function that is used in every other function the relative importance is usually
indicated or defined by those weights

Those waves will be multiplied by a value matrix this operation emphasizes on various
feature s important features which are relevant to the output and removal Irrelevant
features the result is usually an output with a post important features which is usually
calculated by a number depending upon the importance of a particular feature or an
importer.
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Fig 3. Self-attention

3.4 SVM Classification for Robustness

SVM which is also known as support vector machine is basically used in this model
svm is a principal compound analysis or dimensional reduction method which is used
to reduce the dimensionality of any given matrix or vectors it can be5-D 4-D 3-D it
can be reduced to any dimensional below the given dimension this is used in various
classifier trainings the vector received from the above step is used to train the support
vector machine this support vector machine is trained according to the given inputs
where the model all these model use a nonlinear interaction and radial basis function
is mostly used

By optimization of the classes importance the model gains a basic area to differentiate
between the various emotions

The self attention usually take and redefine the features for a fresh test image the most
basic category such as happy angry is usually predicted by trained support vector
machine classifier

Support vector machine even has a soft margin and hard margin this can be used to
create a probabilistic model of various emotions and it can have a very high accuracy
this is very reliable and accurate it is also robust to the errors it is one of the most
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promising and most practical method that can be used in this model to get a really
good accuracy and it has a very high importance in real world applications.

4. Experimentation and Results
4.1 Testing and Comparison

A dataset of facial photos collected from many sources was used to train the facial
recognition model, which is based on a Convolutional Neural Network (CNN)
architecture. The images were reduced in size to 128 by 128 pixels and normalized to
improve training efficiency. The model obtained an accuracy of approximately 95%
on the training set and 92% on the validation set with a batch size of 32 and 20
training epochs.

train accuracy and val accuracy
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Fig. 4. Testing Vs. Training Accuracy

EFF b7 Model Confusion Matrix
A member of the EfficientNet family, EfficientNet-B7 is a high-performance
convolutional neural network intended for image categorization. It is powerful but
resource-intensive since it effectively scales depth, width, and resolution. Although it
uses a lot of processing resources, its enormous input size (600x600 pixels) allows it
to attain state-of-the-art precision.

ResNet Model Confusion Matrix
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A well-liked convolutional neural network (CNN) architecture called ResNet
(Residual Network) is renowned for its efficiency in training extremely deep
networks. In order to get around the vanishing gradient issue and keep the network's
accuracy high as it delves deeper, it adds "residual connections" or "skip connections."
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Fig. 5. confusion matrix for effb0 model Fig. 6.Confusion

matrix for ResNet 50 model
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Fig .7.Comparison graphs with other models
Comparison graphs with other models

This table shows the comparison of performance between different models like
old model, EFF net b0, EFF net bl, EFF net b7 and ResNet 50
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Table 1. Base paper Accuracy and scores

Models/Metrics | DEEP CNN | EFF-NET B3 | MOBILENET VGGNET
Accuracy 0.72 0.62 0.59 0.50
Precision 0.65 0.36 0.23 0.17

Recall 0.62 0.26 0.24 0.15
F1-Score 0.63 0.28 0.20 0.15
Table 2. Accuracy Comparison Table

Models/Metrics ResNet Old Model | EFF b0 EFF b4 EFF b7
Accuracy 0.75 0.73 0.65 0.63 0.69
Precision 0.96 0.83 0.92 0.86 0.84

Recall 0.94 0.84 0.91 0.89 0.84
F1-Score 0.95 0.85 0.85 0.83 0.85

The architectural method known as VGG utilizes A variety of optimization techniques
and learning rate schedulers are examined in addition to a comprehensive
hyperparameter tweaking procedure in order to improve model performance. Data
augmentation approaches are used to account for the variety of facial expressions.
With a single dataset and no consideration for other modes such as audio or video, this
work focuses exclusively on image-based identification and achieves 72.84%
accuracy, 0.65 precision, 0.62 recall, and 0.63 F1-score.

The MOBILE-NET architecture makes use of learning rate schedulers, optimization
techniques, and thorough hyperparameter tweaking to enhance model performance.
Face expression variability is taken into account by applying data augmentation
techniques. This study, which only uses one dataset and concentrates mostly on
image-based recognition—ignoring other modes such as audio or video— has
obtained 59% accuracy, 0.23 precision, 0.24 recall, and 0.20 F1-score.

On the other hand, our suggested updated model, EFF b0, uses SoftMax activation for
emotion categorization and CNNs for feature extraction. trained for fifteen epochs
using a GPU 92% accuracy, 0.91 precision, 0.85 recall, and 0.65 Fl-score were
attained.

The DEEP CNN architecture makes advantage of To enhance model performance, a
range of optimization methods and learning rate schedulers are investigated, along
with a thorough hyperparameter tuning process. Face expression variability is taken
into account by applying data augmentation techniques. This study, which only uses
one dataset and ignores additional modes like audio or video, focuses solely on
image-based recognition, achieving 72.84% accuracy, 0.65 Precision, 0.62 Recall, and
0.63 F1- score.

On the other hand, our suggested updated model, EFF b7, uses SoftMax activation for
emotion categorization and CNNs for feature extraction. trained for 100 epochs using
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a GPU has attained an Fl-score of 0.85, 0.81 recall, 0.84 precision, and 69%
accuracy.

5. Conclusions

This work investigated the design and execution of an image analysis system that uses
the ResNet architecture to detect face emotions in real time. We showed how to
effectively and accurately identify emotions from facial expressions by utilizing
ResNet's deep learning capabilities. Our findings show that the ResNet model's deep
layers and residual learning framework, which adeptly manage the complexity of
facial characteristics, enable it to categorize a wide range of emotional states with
high accuracy.

Our system's real-time feature is very impressive since it enables instantaneous
emotion recognition, which makes it ideal for applications in fields like security,
mental health monitoring, and human-computer interaction. Our approach further
emphasizes the significance of using representative and diverse datasets and strong
preparation methods.
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NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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