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Abstract — As Humans, we consider our Sentiments and
emotions are significant and profound features of individual
conduct. Recognition of human facial Expressions is the
process of recognizing a person’s current mood. It is essential
for advertising, mental health treatment, and medical
treatment. With the emergence of deep learning models many
new Models like Convolutional Neural Networks (CNN), and
Recurrent Neural Networks (RNN) were developed. Though
the Deep Learning Models helped in better accuracy than the
Machine Learning Models the accuracies were not much
acceptable and the models are only suitable for certain
controlled Scenarios. The Emergence of Transfer Learning
helped develop a model with good accuracy and less
computational speed. For this project, we used EfficientNet
Model and taken the FER2013 dataset, produced by Kaggle
and Google(2013). The dataset consists of almost 7 different
classes mainly fear, happiness, anger, surprise, sad, disgust,
and neutral.

Keywords: Transfer Learning, Efficient Net, Recurrent
Neural Networks, Deep Learning

I. INTRODUCTION

A Facial expression is something by which we can predict the
mood of the person. Facial expression mainly depends on the
facial muscle contractions. Considering significant advances,
it is still challenging to precisely determine facial movements
because of their Facial level of complexity and diversity. In
general, human people use nonverbal cues like gestures,
facial expressions, and subconscious language to
communicate their goals and feelings. The approach develops
a better nonverbal tool. The accuracy obtained by any system
is very important in order to make further effective and
efficient system. The system is receiving more attention since
it has potential applications in a variety of industries,
including lie detection, medical evaluation, and human
computer interface. A technology called facial emotion
recognition employs computer vision to study and recognise
facial expressions to ascertain a person's emotional state.

In a paper by Paul Ekman et al. [1], it was mentioned
that there are mainly 6 universal facial Expressions which are
disgust, anger, sadness, surprise, happy and fear. After the
advent of Artificial Intelligence, many new models have been
evolved to produce accurate results. The major challenge
faced in order to achieve the good accuracy is the different
facial muscle contractions. Therefore, the data collected must
contain images captured in both controlled and Uncontrolled
environment. But currently, most of the images of the datasets
are posed, therefore the build models failed to work in real-
life scenarios.

Facial Emotion Recognition plays a vital role in
Human-Computer Interaction [3] The Scope of Facial
Emotion Detection has been widely increased due to
advancement in Al which resulted in emergence of its
applications in various fields like Robotics, Medicine, Crime

Interrogation etc. Some Companies like Disney, Kellogg’s,
Unilever also uses the Facial Emotion Detection. Disney used
Emotion Detection in order to know the opinion of the
customers reaction. Kellogg’s is just one high profile
company which used Facial Emotion Detection in order to
know the reaction of audience for its own company
advertisements. Unilever also used an Atrtificial Intelligence
technology in order to filter out the essential and caliber
candidates by seeing the body language, and also their moods.
It helps in finding the correct candidate whose personality is
suitable and required for the job.

Many models have been developed during a decade
using deep learning techniques [3][4][5], but the models
mostly failed to produce good performance. The main reason
behind the failure is the facial muscle contractions vary from
person to person, age to age, gender to gender and also
country to country. Therefore, a new dataset must be formed
by considering all of the above factors. This may help us in
producing good accuracy and can be useful in real life
scenarios. Our Human face has also been evolving from a
time to time, therefore many advanced techniques and models
must be implemented to overcome all such challenges [7].

The applications of Facial Emotion Detection are
also increasing day by day. The applications include
Robotics-FER plays a major role in Human-Machine
Interaction, Criminal Interrogation — the mood of the
criminals can be captured, Intelligent monitoring System -:
After the pandemic, Virtual meets have been increased. For
Example, Zoom Meets in which FER can be used in order to
know the state of the Student [10][11][12]. Smart Healthcare:
Emotion Detection helps ins developing a smart healthcare
centres. It also detects pain and tiredness of a patient. The
mental state of the person can also be known by just capturing
the moods of the person.

Il. RELATED WORKS

Many studies and papers were published on Facial Emotion
Detection which uses various machine learning algorithms
like SVM, KNN, ID3 Classifier etc. Development of
Acrtificial Intelligence made to use various neural network
models like CNN and also some Hybrid CNN models like
CNN-SVM, CNN-KNN etc. Though the existing systems
helped in fulfilling the requirement but the drawbacks of the
systems made inaccurate results. In all the systems, Image
Processing and Feature Extraction played a vital role in
determining the correct Emotion. The following papers
helped in knowing the drawbacks of the existing systems.
Akash Saravanan and Dr. K.S.Gayathri[1]
introduced ML Algorithms like ID3 and also few Neural
Network Models like CNN, Feed Forward Neural Networks
on datasets like CK+ and FER2013. (Akash Saravanan et al.,)
demonstrated that time required to process the image in this
model is high and time consuming. However, the model
helped in fulfilling the requirement, but it failed to achieve
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good accuracy and also unable to detect the emotions in
uncontrolled environments. So, it can’t be useful in real-time-
applications.

Wafa Mellouka et al.,[2] used the combination of
Deep Learning Models like CNNRNN, CNN-LSTM, that
were implemented on three main datasets like CK+, JAFFE,
BUS3DFE.These datasets are formed in laboratories i.e., the
images for training the models are captured under Controlled
Conditions. It resulted into failure for the images which were
taken in uncontrolled environments.

Muhammad Rashid Naeem et al,.[3] utilized a pre-
trained model and also combined the model with KNN to
form a Hybrid Model. However, the pretrained Model
AlexNet fulfilled the requirement, but it is not deep enough,
when compared to the latest models such as VGGNet,
GoogleNet and ResNet. Proposed System is limited to only
smaller datasets.

Rashidul Hasan Hridoy et al, and Aniruddha Rakshit
et al,[4]. the methodology they used mainly includes
EfficientNet-B7 model, it is one of the transfer Learning
Model. Usually EfficientNet model is best suitable in scaling
images. It uniformly scales depth of the image, width of the
image and resolution of an image using a compound
coefficient. The Model resulted in good accuracy.
EfficientNet-B7 is one of the powerful computational Model.
If required the model can be combined with other models to
acquire much better performance.

Mohd Nadhir AB Wahab et al [5] Developed a
methodology that includes a CNN combined with others
models which helps in extraction of knowledge from Hybrid
CNN Model which uses CNN for Extracting the features and
KNN for Classification. Here, the classes consisting of fewer
samples were not detected properly.

Chih-Ta Yen et al,.[6] The authors demonstrated
different pre-trained models like ResNet-50, Xception,
EfficientNet-B2 Inception ,EfficientNet-B0 and
DenseNet121 are used. The above-mentioned models are
transfer learning models. These Models are not built from
scratch therefore the time that consumed is less when
compared to other models. However, these models worked
good on small datasets, but failed to achieve good accuracy
on FER2013 dataset. The accuracy produced on FER2013
can be further improvised.

I11. PROPOSED SYSTEM

A. Initial Approach

One of the common techniques for facial emotion detection
is using convolutional neural networks (CNNs), these are
deep learning models which helps in extraction of features
from images and classify them into different categories.
Although in Machine Learning, we have Supervised Learning
Algorithms like KNN, SVM, ID3 but they fail to produce
acceptable accuracies. The below table shows the accuracies
produced from Supervised Machine Learning Algorithms.
The Machine Learning Algorithms drastically failed in
detecting the emotions properly

S.No Classifier Accuracy
1. Naive Bayes 21.8%
2. SVM Classifier 30.2%
3. ID3 Classifier 46.3%

4, KNN(n=7) 50.6%
5. | Sequential CNN | 54.06%
6 DNN 65.5%

Fig. 1: Table describing the accuracies of traditional
machine learning models

IV. PROPOSED APPROACH

However, in a Deep learning models like CNN, RNN etc,
training the model from scratch consumes huge amount of
labelled data and also computational resources. Usually these
resources may not be present or be more effective for real-
time situations. Here transfer Learning models are best
alternatives to avoid such situations as it includes a technique
all the pre-built methods and also knowledge is extracted
from a pre-trained model on a different but related task and
adapts it to a new task. It makes system more robust there by
reducing computational time and also speed. Hence the
performance of the model on a different task is also improved

In this paper, a new methodology using EfficientNet
model for facial emotion detection.

V. DESCRIPTION OF OUR METHODOLOGY

A. Transfer Learning

A particular kind of machine learning approach called
transfer learning permits a model that has previously
undergone training for one task to be transferred to a different
task that is related in some way.

The idea is to use the knowledge gained while
solving the first task as an initial point to solve the second
task, rather than building a model from scratch. This can be
especially useful when the second task has a limited amount
of labelled data or when the two tasks are different yet similar.
Transfer learning methodology has become an essential
technique in computer vision tasks, including facial emotion
detection.

Fnew = Fpretrained(x)
F: - feature vector extracted from the new model,
Pretrained: - pre-trained model,
X: - input image.

STEP | :- The Pre-Trained Model Is Loaded

STEP 2 :- The Input Data Is Preprocessed

STEP 3 - The Pre-Trained Layers Are Used To
Extract Features

STEP 4 :- The Additional Layers Are Trained
STEP 5 :- The Model is Evaluated

STEP 6:- The Model Is Deployed

.. v

Fig. 1: Steps involved in Transfer Learning Model
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For instance, a recent study conducted by Liu et al.
[X] compared the performance of different CNN models,
including VGG16, AlexNet and ResNet50, with and without
transfer learning on the FER2013 dataset. The authors found
that the models with transfer learning outperformed the
models without transfer learning, achieving an accuracy of
72.3% compared to 70.9%.

Fig. 2: Transfer Learning Model

Furthermore, transfer learning methodology can be
further combined to improve the efficiency of a system. For
ex: Data Augmentation can be used, so that we can increase
the number of images for training.A recent study conducted
by Wang et al. [x], used an ensemble learning approach which
includes transfer learning, data augmentation, and neural
architecture search for facial emotion recognition. The
authors achieved state-of-the-art results on many datasets
demonstrating the efficiency of the proposed approach.

Transfer learning has been effectively utilised in
many different kinds of applications, including recognition of
speech, machine vision, and processing of natural languages.
In Transfer Learning Few pre-trained models like AlexNet,
vggnet, EfficientNet were implemented. These Transfer
Learning Model were pretrained and are not build from
Scratch.

These models produced better accuracy than other
existing models, further these models can be combined to
achieve the better performance for the system.

B. Efficientnet Model

EfficientNet is a family of CNN models that are designed to
achieve high accuracy and efficiency by scaling up the
network for width of an image, depth of an image, and
resolution of an image in a balanced way. EfficientNet
models have been pre-trained on a large-scale image
classification dataset called ImageNet, which contains over
14 million images of 1000 classes.

In our proposed system, we use one of the
EfficientNet variants, namely EfficientNet-BO, as our base
model and fine-tune it on our facial emotion detection dataset.
Our dataset consists of 48x48 pixels gray-scale images of
faces with seven emotions: disgust, happy, sad, angry, neutral
and surprise. We use the MobileNet algorithm to preprocess
the images and extract the face regions. We then feed the face
images to the EfficientNet-BO model and add a fully
connected layer at the end to output the emotion predictions.

EfficientNet BO

-
Sequential CNN CONV2ZD
Relu

GlobalAveragePooling2D
Dropout Relu

DENSE Relu

DEMSE Softmax

L -

Fig. 3: Architecture of the Model

The EfficientNet model has become increasingly
popular in computer vision tasks, including facial emotion
detection, due to its superior performance and efficiency. It is
a scalable CNN architecture that achieves best results on
various many datasets while being computationally efficient.
For instance, the EfficientNet-B7 model achieves an accuracy
of 85.17% on the ImageNet classification task, while having
only 66 million parameters and 37 billion FLOPs (floating-
point operations).

EfficientNet(x)=Head (Backbone(x))
X: - input image,
Backbone: -pre-trained Efficient Net model that extracts
features from the input image,
Head: - custom head layer can be added on top of the pre-
trained model in order to perform the final classification task.

EfficientNet models have several advantages over
other CNN models. First, they use a novel compound scaling
method in which dimensions of a network are uniformly
scaled.In a principled way, avoiding arbitrary or suboptimal
scaling choices. Second, they achieve good accuracy on
ImageNet with much lower parameters and FLOPS (floating
point operations per second) than existing or previous
models.

These models are designed to be efficient and better
performance on image classification tasks. One key feature of
EfficientNet models is scaling up the model size is done by
compound scaling technique improves performance. This
method scales up the model in a balanced way, increasing the
resolution and width of the model while also increasing the
depth.

VI. IMPORTANCE OF THE PROPOSED APPROACH

We have used transfer learning methodology in combination
with EfficientNet-BO model to formulate better results.

The importance of transfer learning methodology in
facial emotion detection lies in its ability to reduce the need
for a larger samples of labeled data, usually it is very
challenging to obtain.

In addition, the transfer learning approach using the
EfficientNet model allows us to leverage the large amount of
pre-trained data available in ImageNet and other datasets,
reducing the need for a larger samples of labeled data. This is
especially useful in situations where labeled data is scarce or
very costly to obtain.
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The importance of the EfficientNet model in facial
emotion detection lies in its ability to extract meaningful
features from facial images while being computationally
efficient. This is crucial in real-world scenarios, where the
processing speed and memory usage are critical factors. For
instance, in human-robot interaction, a fast and accurate
facial emotion detection system can enhance the robot's
ability to communicate with humans and respond
appropriately to their emotions.

We evaluate our proposed system on a test set of
facial emotion images and compare it with other CNN models
trained from scratch or using transfer learning. We show that
our system achieves high accuracy and efficiency in facial
emotion detection using transfer learning methodology with
Efficient Net model.

A. Building a Model:

Numerous analysis works are conducted for automatic
detection and recognition of facial emotions to help the
motive force. The study helps in knowing that any system
mainly involves the below two steps:

—  Detection of Faces in the Image.

— Recognition of Emotion.

Unlike most of the works discussed, the proposed
system doesn’t make use of all the existing deep learning
Models
1) 'Face Detection in the frame
The use of OpenCV helps us to capture the Image from the
user. We use harcascade Algorithm which divides the image
to the smaller parts and different combinations of features
from image are extracted i.e., line, edge etc., and a confidence
value is assigned to it. Based on the confidence Value the
faces are detected

Fig. 5: Detection of Multiple Faces in the frame

The following steps can be used to describe the
algorithm of the proposed system in-depth for more through
comprehension.

2) Recognition of Emotion

To recognition the emotion of a face, we need to provide the
faces generated by the Har cascade algorithm to our Model.
Usually, a frame may consist of multiple Faces. Every face
undergoes a following process to generate the outstate steps
involved in training the model are as follows:

Data Preprocessing: In, this model we are taking the
fer2013 dataset from Kaggle which contains more than
40,000 images classified into 7 different classes. The dataset
was produced by Google and Kaggle. The RGB image is
converted to grey Scale in order to visualize the image easier
and also reduce code complexity. Normalization is a
technique which helps in changing the range of pixel intensity
values. Usually, the intensity ranges from 0 to 255.After
normalization, the range of pixel intensity lies between 0 and
1. Therefore the input taken from the user as input is
converted to gray scale image and a frame of 48X48 is taken
and normalization process happens, then the input metrics is
fed to the model. The model classifies the emotion of the
input Image.

Data Augmentation: It improves the performance of
the model by further forming new and different examples of
the training dataset. It generates new data points. It helps to
produce better and efficient model. Data Augmentation helps
in adding more training images to the model. It prevents the
data scarcity in case the training dataset is consists of fewer
images. It also helps in resolving class imbalance problems
during the data classification. Therefore, overall data
augmentation helps in increasing the generalization ability of
the model. The new images are formed by cropping, blurring,
zooming, rotating, blurring etc. Basically, for building any
Machine Learning model, collecting the data and adjusting it
according to the labels is an exhausting process. It is also a
costly process. Therefore, transforming the dataset by using
the data augmentation techniques allow the organization to
reduce their efforts and also operational costs. We use
TensorFlow Sequential technique for Data Augmentation
Process

Autotuning: Auto-tuning is a method for improving
and speeding up processes by automatically changing their
settings. It is comparable to having a smart personal assistant
who can automatically improve a system's or application's
performance. Databases, machine learning, and computer
networks are just a few of the software programs that uses
auto-tuning to increase their effectiveness as well as their
effectiveness. The procedure entails evaluating the system's
performance, finding potential improvement areas, and
automatically modifying the system's settings to attain
optimum performance. In general, auto-tuning is a beneficial
method for enhancing computer systems' performance,
making them quicker and more effective without requiring
human participation.
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Fig. 6: Work Flow of the proposed System

VIl. RESULTS

As discussed in the above steps, every face is classified into
7 different Classes. The below images show the Epoch vs
accuracy and Epoch vs loss curves of the model. A web-based
application is implemented which predicts for both images
and also Videos. It produced a good accuracy of 85.17%
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Fig. 8: Epoch vs Accuracy curve
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. Fig. 11: FER prediction for Multiple faces
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Fig. 12: Angry Prediction for single face

VIIl. CONCLUSION AND FUTURE SCOPE

Therefore, the system successfully implemented a model to
detect Face in the frame and classify the emotion of all faces
captured in the frame. Further a web application is created
which detects for both image and a Video. It is an added
feature of the system that can be applied to most of the real-
time monitoring systems present today. There is a lot of scope
for adding other features to the system like adding more
images to the dataset, reducing the computational time. High
Quality Cameras can be used in order get the accurate results.
The application can be future combined with other
applications like “Mood based Music Recommendation”,
Feedback Systems etc.
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