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Abstract—Non-verbal specialized strategies, e.g. look, eye
development, and motions are utilized in numerous uses of
human-PC connection, among them facial feeling is generally
utilized as it conveys the enthusiastic states and sensations of
people. In the machine learning calculation, a few significant
separated highlights are utilized for displaying the face. As a
result, it won't get a high accuracy rate for acknowledging that
the highlights rely on prior knowledge. Convolutional Neural
Network (CNN) has created this work for acknowledgment of
facial feeling appearance. Looks assume an essential part in
nonverbal correspondence which shows up because of the inner
sensations of an individual that thinks about the countenances.
This paper has utilized the calculation to distinguish features of a
face such as eyes, nose, etc. This paper identified feelings from
the mouth, and eyes. This paper will be proposed as a viable
method for distinguishing outrage, hatred, disdain, dread, bliss,
misery, and shock. These are the seven feelings from the front-
facing facial picture of people. The final result gives us an
accuracy of 63% on the CNN model and 85% on the ResNet
Model.

Keywords—Feature extraction; convolutional neural network;
resnet; emotion recognition; emotion detection; facial recognition

I.  INTRODUCTION

For ideal human-PC interfaces (HCI) would likely want
that equipment to produce usable and safe systems [1]. This
examination is definitely about how precisely PCs could
distinguish feelings correctly from the distinct sensors. This
try-out has been applied as a cosmetic picture as a new
medium to follow human inclination [2]. Seven important
feelings are most inclusive to men and women. Specifically,
unbiased, mad, disdain, dread, happy, miserable, and impact
and these vital feelings can always be perceived from a new
human's look. This specific examination proposes a new
compelling way for figuring out unbiased, cheerful, gloomy,
and shocking these kinds of four feelings by front-facing
cosmetic inclination. During many previous years, different
techniques have been proposed for feeling acknowledgment.
Numerous calculations were recommended to foster
framework applications that can identify feelings well indeed
[3]. PC applications could better convey by changing reactions
as per the enthusiastic condition of human clients in different
connections. The feeling of an individual is not set in stone by
discourse or his face or even one's signal [4]. The work
introduced in this paper investigates the acknowledgment of
looks from the face. Concerning feeling suggestion, the
customary procedures ordinarily consider another face picture
that is perceived coming from your information picture, and
facial broken expressions or accomplishments as a rule are

seen from the specific face regions. Just after that novel space
and normal qualities are disengaged out of their facial
helpings. At last dependent on the secluded attributes a
classifier, with respect to example, the Keras index, sporadic
forest, is typically ready to supply affirmations results.

Each of our facial thoughts is expressed through account
activation of specific systems of facial muscles. These are
sporadic, subtly complex alarms in an expression that
frequently contains a wealth of data [5]. Through facial
sentiment recognition, we are able to assess the effects that
content and services have on the audience/users. We used a
machine learning model like CNN to achieve these aims [6].

The essential motive of this research is to discover facial
feelings. Emotion recognition will be a significant step in
identifying many thoughts on the face. Through face emotion
recognition, all of us can gauge the effects content materials
and services bestow on users. The opportunity that devices can
interpret human beings’ emotions is exactly what motivated us
to generate this particular research.

Convolutional Neural Network is one type of Deep
Learning algorithm which is used for working with images
and videos. Images are used as inputs, and the system collects
their features before categorizing those using previously
learned features. The various filters available in the model
help extract features at each layer such as edges, and shapes
(vertical, horizontal, round), and combine them all to be used
as identification for the image.

The CNN model works in mostly two stages:

Feature Extraction — The phase where filters and layers
work for extracting information from the images to be passed
on to the next layer for classification.

Classification — Classifying the images based on the target
variable is carried out.

In Section 11, we describe the literature review followed by
the methodology and model specifications in Section 111 that
have been implemented in this paper. Moving forward we
have discussed the outcome of our model in Section IV and
have concluded that in Section V.

Il.  LITERATURE REVIEW

1) Bartlett et al. carried out the initial work that outlines a
method to complete the task [7]. The goal of the article was to
develop a system that could automatically identify frontal
faces in video streams and categorize the emotions those faces
were expressing based on their facial expressions [8]. The
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article defined facial expressions as expressing happiness,
sorrow, surprise, contempt, fear, rage, or neutral emotions.

2) With the help of the Radial Basis Function network
(RBFN) for classification and Fisher's Linear Discriminant
(FLD), Singular Value Decomposition (SVD), for feature
selection, an algorithm for identifying a person's emotional
state through facial expressions like anger, disgust, and
happiness is demonstrated. It attempts to represent the face
analytically in order for the feature vector can be input into a
classifier. The system's overall success mostly hinges on the
accurate recognition of the face or specific facial features like
the eyes, brows, and lips [9].

3) Authors proposed to use of a revolutionary EEG-based
emotion recognition method. This method uses multi-channel
EEG data to examine the usage of three-Dimensional
Convolutional Neural Networks (3D-CNN) for emotion
identification. The proposed 3D-CNN approach's performance
is improved by the data augmentation step. And using the
multi-channel EEG signals as the data input for the proposed
3D-CNN model, a 3D data representation is created [10].

4) The VGG Net architecture was adopted by Yousif
Khaireddin and Zhuofa Chen, who tuned its hyperparameters
and experimented with other optimization techniques. To their
experience, the model does not require additional training data
to attain state-of-the-art single-network accuracy of 73.28% on
FER2013 [11].

5) The initial step of visual processing, the encoding of
facial features, and the decoding of facial expression
connotation can all be considered as stages in the process of
facial emotion identification, which was seen in schizophrenia
patients [12].

6) In their study, M. Kalpana Chowdary, D. Jude
Hemanth, and Tu N. Nguyen discuss the use of transfer
learning techniques to recognise emotions. Pre-trained
Resnet50, vggl9, Inception V3, and Mobile Net networks
were employed in this study. After removing the completely
connected layers from the pre-trained ConvNets, their own
fully connected layers that are appropriate for the number of
instructions in our task were added. The CK + database was
used to conduct the experiment [13].

7) The technology of convolutional neural network model
is used in an effective deep learning technique for face
emotion detection to classify emotions from facial
photographs and accurately identify age and gender from
facial expressions [14].

8) A pre-trained DCNN model is adopted by replacing its
dense higher layer(s) compatible with FER in one study's
proposal for very Deep Convolution Neural Network (DCNN)
modelling through Transfer Learning (TL) technique. The
model is then tweaked using facial emotion data. A new
approach is shown, which leads to a progressive increase in
the model's accuracy by first tweaking each of the pre-trained
DCNN blocks individually, after training the dense layer(s).
Eight alternative pre-trained DCNN models (VGG-16, VGG-
19, ResNet-18, ResNet-34, ResNet-50, ResNet-152,
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Inception-v3, and DenseNet-161) as well as the well-known
KDEF and JAFFE facial image datasets are used to verify the
proposed FER system [15].

9) A pre-trained DCNN model is adopted by replacing its
dense higher layer(s) compatible with FER in one study's
proposal for very Deep Convolution Neural Network (DCNN)
modelling through Transfer Learning (TL) technique. The
model is then tweaked using facial emotion data. A new
approach is shown, which leads to a progressive increase in
the model's accuracy by first tweaking each of the pre-trained
DCNN blocks individually, after training the dense layer(s).
Eight alternative pre-trained DCNN models (VGG-16, VGG-
19, ResNet-18, ResNet-34, ResNet-50, ResNet-152,
Inception-v3, and DenseNet-161) as well as the well-known
KDEF and JAFFE facial image datasets are used to verify the
proposed FER system [16].

10)The authors of the cited paper have suggested a two-
tower CNN architecture to categorize images into seven
fundamental types of emotion in light of the significance of
edges in an image. In addition to the other tower, the planned
CNN contains a tower called the edge-tower, which has a
more straightforward architectural design and employs edge
pictures as inputs [17].

I1l. METHODOLOGY AND MODEL SPECIFICATIONS

This activity looks at the ongoing challenge facing
machine learning and the whole program is part of the
training. The location where the system should educate using
real-time individual face replies to data. For example, if the
system has to discover a furious face the very first system
must learn about an angry face and if the program should see a
happy face, then the first program should get acquainted with
a happy face. To precede a program with these types of
emotions, a retraining method was used. Retraining data is
then collected from surveys and people. The most difficult
part of the program was the iterating component out of various
other components of the system. Machine learning works as
an advanced tool to analyze data from a wide range of
expertise and slow motion [18]. This gives you the ability to
get more accurate emotions [19] and provides real-time
feedback. The machine did not hold out for a future result, not
to be preserved. With the help of modern personal computers,
neoteric data exploration techniques can examine thousands of
data quickly and save several hours [20].

Other than that, using and installing such programs is very
costly. Properly covered, it will withstand a high deal of
adverse situations. This work offended the common and
possible framework of emotional data mining to verify
emotional patterns with the use of machine learning. This kind
of paper proposes software based on typically the in-depth
reading style and emotional conception of computer eyesight.
This proposed approach uses the CNN algorithm in this
document. This has triggered a much even more advanced
approach as compared to the one which observed only seven
feelings about CNN [21].

CNN Implementation: Convolutional Neural Network is
one type of Deep Learning algorithm which is used for
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working with images and videos. Images are used as inputs,
and the system collects their features before categorizing those
using previously learned features [22]. The various filters
available in the model help extract features at each layer such
as edges, and shapes (vertical, horizontal, round), and combine
them all to be used as identification for the image [23].

The CNN model works in mostly two stages as seen in
Fig. 1:

Feature Extraction — The phase where filters and layers
work for extracting information from the images to be passed
on to the next layer for classification [24].

Classification — Classifying the images based on the target
variable is carried out.

LOAD DATA

AFPPLY FILTER AND
REMCVE NOISE

TRAIN WITH
NEURAL NETWCRK

SIMULATE
NETWORK

END

EMOTION FCUND

END

Fig. 1. Flowchart.

Vol. 13, No. 11, 2022

CNN Algorithm: The convolution neural network works
by taking input images and assigning them weights and biases
according to the importance of the objects identified. Here, we
take the Facial Emotion Recognition 2013 dataset available
publicly as our input data. Various pre-processing of input
data is carried out as converting the images to grayscale,
resizing them, reshaping the data, etc. The data is then divided
into training and testing sets for model implementation.
Various accuracy parameters are then taken into consideration
for checking model performance and prediction.

The architecture of the CNN Model Fig. 2:

input: | [(None, 48, 48, 1)]
output: | [(None, 48, 48, 1)]

l

input: | (None, 48, 48, 1)
output: | (None, 48, 48, 64)

l

input: | (None, 48, 48, 64)
output: | (None, 48, 48, 64)

l

max_pooling2d: MaxPooling2D

l

input: | (None, 24, 24, 64)
output: | (None, 24, 24, 64)

l

batch_normalization: BatchNormalization

conv2d input: InputLayer

conv2d: Conv2D

conv2d_1: Cenv2D

input: | (None, 48, 48, 64)
output: | (None, 24, 24, 64)

dropout: Dropout

input: | (None, 24, 24, 64)
output: | (None, 24, 24, 64)

@)
input: | (None, 24, 24, 64)
output: | (None, 24, 24, 128)

conv2d 2: Conv2D

input: | (None, 24, 24, 128)
(None, 24, 24, 128)

conv2d _3: Conv2D

=

output:

input: | (None, 24, 24, 128)
output: | (None, 12, 12, 128)

max_pooling2d_1: MaxPooling2D

input: | (None, 12, 12, 128)
output: | (Nene, 12, 12, 128)

dropout_l: Dropout

input: | (None, 12, 12, 128)
output: | (None, 12, 12, 128)

batch normalization 1: BatchNormalization

input: | (None, 12, 12, 128)

conv2d_4: ConvZD
b output: | (None, 12, 12, 64)

(b)
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input: | (None, 12, 12, 64)
output: | (None, 12, 12, 64)

l

max_pooling2d_2: MaxPooling2D

|

input: | (None, 6, 6, 64)
output: | (None, 6, 6, 64)

l

batch_normalization_2: BatchNormalization

l

input: | (None, 6, 6, 64)
output (None, 2304)

l

input: | (None, 2304)
output: | (None, 128)

|

©

conv2d_5: Conv2D

input: | (None, 12, 12, 64)
output: [ (None, 6, 6, 64)

dropout_2: Dropout

input: | (None, 6, 6, 64)
output: | (None, 6, 6, 64)

flatten: Flatten

dense: Dense

input (None, 128)
output: | (None, 128)

I

input: | (None, 128)
output: | (None, 64)

dropout_3; Dropout

dense_1: Dense

input: | (None, 64)

dropout_4: Dropout
output: | (None, 64)

input: | (None, 64)
output: | (None, 64)

batch_normalization_3: BatchNormalization

!

input: | (None, 64)
output: | (None, 7)

(d)
Fig. 2. Model Architecture (a) - (d).

dense_2: Dense

1) ResNet implementation: Residual Networks, or ResNet,
learn residual functions with reference to the layer inputs,
instead of learning unreferenced functions. The residual is the
amount or number by which you have to change your
prediction to meet the actual value. Rather than skipping every
few stacked layers directly, to fit a desired underlying
mapping, residual nets let these layers fit a residual mapping.
Residual blocks are stacked on top of each other to form a
network. The model ResNet-50 has fifty layers using these
blocks.

To produce classification results, ResNet-50 first performs
a convolution operation on the input, then it applies residual
blocks, and finally, it applies a full connection operation.
CNNs typically end with fully connected (FC) layers that
summarize the characteristics of the preceding connected
layers [25]. The Fully Connected layer can be viewed as
feature weighting and uses earlier convolution and pooling as
feature engineering, local amplification, and local feature
extraction.

The structure of the Fully Connected layer is a way to
quickly learn the non-linear combinations of advanced

Vol. 13, No. 11, 2022

attributes generated by the convolutional layer. The layer
learns a possible non-linear function. First, the image, which
has been converted into a suitable format, is flattened into
column vectors and fed back to the feed-forward neural
network. Every training iteration uses flattened data. In this
approach, the model is able to discriminate between some
low-level aspects in the image and the image's main features,
classifying those using methods like SoftMax [26]. The
categorization outcomes for the seven expressions are output
here.

2) ResNet Algorithm: The ResNets work on the principle
of building deeper networks compared to other existing
network architectures and simultaneously finding an
optimized number of layers to negate the vanishing gradient
problem. Here, we take the Facial Emotion Recognition 2013
dataset available publicly as our input data. Various pre-
processing of input data is carried out as converting the
images to grayscale, resizing them, reshaping the data, etc.
The data is then divided into training and testing sets for
model implementation. The model works on a 50-layer deep
residual neural network that stacks residual blocks on top of
each other. Various accuracy parameters are then taken into
consideration for checking model performance and prediction
performance.

IV. RESULTS

The very first challenge that we faced here was the smaller
number of images in the dataset for emotions like disgust and
fear. As a result of this, the model would be biased towards
the emotions that have a larger number of images while
training. Machine learning algorithms work well with datasets
having a large number of segments and information. Image
data generator helps deal with this by creating augmented
images by making some modifications to the images in the
form of flipping or rotating at various angles.

A. CNN Result

The model used by us here uses a convolution neural
network (CNN) where we work by classifying images
according to the emotion that it represents [27]. This is done
with the help of feature extraction and various layers of the
model such as max pool and dense [28]. The dropout layers
help decrease the complexity of the models. This model is
helpful in classifying the images with an accuracy level of
approximately 62%. This however is not useful and very
accurate so we try handling this problem with the help of
transfer learning [29]. We can see the prediction outcome in
Fig. 3.

In Fig. 4, we see how accurately our model performs by
plotting the loss and accuracy metrics for the training and
validation datasets. The loss that occurs, can be seen as
decreasing as we increase the number of epochs the model
iterates over. The accuracy for the model can be seen
increasing as the model learns and the validation data
accuracy can be seen as that of training i.e., 62%.
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Fig. 4. Loss and Accuracy.

B. ResNet Result

Transfer learning involves the use of pre-trained models or
information that is already stored and with the help of it we
train new models. It helps in the reduction of time complexity
as well as space complexity. We have chosen Resnet50 as the
transfer learning model to solve our problem. Resnet50 makes
use of its pre-existing information for feature extraction in
determining emotions [30]. The model is then fine-tuned on
different parameters and is able to reach an accuracy of 85%
for both training and validation data. With an AUC score of
approximately 70%, the model using Resnet50 seems to be
more promising as compared to CNN. We can see the
prediction outcome in Fig. 5.

In Fig. 6, we see how accurately our ResNet model
performs by plotting the loss and accuracy metrics for the
training and validation datasets. The loss that occurs, can be
seen as decreasing as we increase the number of epochs the
model iterates over. The losses for validation data can also be
seen as decreasing. The accuracy for the model can be seen
increasing as the model learns and the validation data
accuracy can be seen as that to training after finetuning as well
to reach around 85%.

emotion

ction: neutral

Expression Predi

Fig. 5. Expression Predicted: Neutral.

08550 A
1800 N
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validation |17S0
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Epochs Epochs

Fig. 6. History of Accuracy and History of Loss.

V. CONCLUSION

A seasoned human can often identify another human’s
thoughts by inspecting and searching his/her face. Yet,
machines are becoming more intelligent day by day as we are
moving towards more advancements. Machines with
capacities for acting similar to humans are introduced.
Machines are being trained to behave on behalf of human
opinion. Alternatively, if machines can identify the sentiment,
it can prevent lots of incidents too. Data exploration can
facilitate appropriate expression patterns by allowing
machines to find an action more like humans with additional
proficiency and error-free computation sentiment.

We have discussed a method for expression recognition in
static pictures in this paper. In order to develop this emotion
analysis system, CNN and Haarcascade were used for feature
selection, and CNN and ResNet models for classification. This
study uses average values generated from training samples to
identify emotional expressions on human faces. We tested the
system's ability to recognize the photographs and correctly
interpret the expressions from the images.
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