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Abstract—Recognizing facial emotions is
crucial to comprehending human behavior and
enhancing intelligent systems.[12] Previous
studies have shown that facial expression
analysis for emotion recognition tasks can be
accomplished with machine learning techniques
[4]. Inspired by these studies, this work
introduces a Convolutional Neural Network
(CNN)-based facial emotion detection system.
The main goal of the suggested system is to
automatically recognize emotions from facial
images, including happy, sad, angry, fear,
surprise, disgust, and neutral. The model is
trained and assessed using the FER-2013 dataset.
To increase learning efficiency, image
preprocessing methods like grayscale
conversion, resizing, and normalization are used
before classification. To precisely extract the
facial region, a Haar Cascade classifier is
employed for face detection. According to
experimental evaluation, the CNN-based method
outperforms conventional feature-based methods
and achieves dependable accuracy. The outcomes
demonstrate the efficacy of deep learning models
for applications involving facial emotion
recognition.
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I Introduction
Facial expressions are one of the most natural

ways of human communication in terms of
emotions.[2][8] The importance of facial emotion
detection has received considerable attention in
recent years with regard to its application in various
fields, including human-computer interaction,
healthcare monitoring, online learning, and
security surveillance. Traditionally, manual
analysis of facial expressions has been considered
time-consuming and subjective.With the
development of deep learning techniques,
Convolutional Neural Networks (CNNs) have
achieved remarkable results in image classification
tasks. CNNs can obtain relevant facial features like
eyes, mouth, and facial contour without any manual
feature extraction. This paper proposed a CNN-
based facial emotion detection system for
classifying facial expressions onto different
emotions.The model uses the FER-2013 dataset for
training and testing purposes. Image processing
techniques are employed in the model, and image
accuracy is improved by using these techniques.
Also, a Haar Cascade Classifier is used for face
detection in the image. This approach allows for
accurate and efficient recognition of facial
emotions. The goal of the model is to more
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accurately and consistently classify facial
expressions into a variety of emotion categories.

FIG. 1. WORKFLOWOF THE PROPOSED CNN-BASED

II RELATEDWORK
Facial emotion recognition has been researched

with the advancement of deep learning techniques.
to a survey by Li and Deng [5], the deep learning
models, in particular CNN, have improved the
accuracy of facial expression recognition much
better than classical machine learning techniques.
The capability of CNN, apart from classical
machine learning techniques, in learning
discriminant features directly from the facial
images using deep learning models is indicated.

In the study presented in , the different deep
models that are utilized in emotion recognition are
presented, and the need for large datasets such as
FER-2013 is stressed for proper training of the
models. In addition, the authors have stated the
problems that are associated with the existing
methods, and the paper concludes that the models
based on deep learning offer more robust results
when compared to existing systems. This paper
inspires the usage of CNN models for the reliable
detection of facial emotions.

Furthermore, it may be noted that the survey
presented in reference points out how CNN-based
models perform better than shallow learning
architectures by utilizing hierarchical learning of
facial representations.[6] They have stressed the
importance of deeper architectures in recognizing
subtle movements of faces, which cannot be
learned by using handcrafted features. The
importance of preprocessing steps like face
alignment, face normalization, and data
augmentation have also been discussed in detail.

According to , the recent developments in deep
learning methods emphasize the improved
generalization performance by solving problems
like class imbalance and overfitting. Methods like
dropout, batch normalization, and optimization of
the training process have been favored by many
researchers. According to the survey paper, despite
the significant advancements achieved, issues like
real-world variability and poor image quality
remain to be addressed in the development of
CNN-based facial emotion recognition systems.

With the improvements in deep learning, it has
been seen that in facial emotion detection,
Convolutional Neural Networks (CNNs) provide
better results. In these approaches, learning of
important facial features takes place automatically.
Various researchers have been using the FER2013
dataset to improve the performance of CNNmodels
in detecting facial emotions. Better accuracy has
been achieved using techniques such as data
augmentation, dropout, and batch normalization.

Recent research focuses on improving real-time
emotion recognition and increasing robustness
under real-world conditions. However, challenges
such as low-resolution images and subtle facial
expressions still remain.

Furthermore, it may be noted that the survey
presented in reference points out how CNN-based
models perform better than shallow learning
architectures by utilizing hierarchical learning of
facial representations.

III Problem Statement and Objectives

Facial expressions are a vital indicator of
human emotions, and recognizing them has
tremendous applications[3] in human-computer
interaction, healthcare, and behavioral studies.
However, the estimation of facial emotions is a
time-consuming task with subjective annotations,
which can make the results non-reproducible.
Typical emotion recognition systems use
handcrafted features and traditional classifiers that
perform terribly under large differences in lighting
conditions, poses, and intensities of expression.
These shortfalls decrease the accuracy and
reliability of emotion detection systems. Thus, an
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automatic system for facial emotion recognition
that will efficiently learn relevant facial features
and robustly classify emotions using techniques
from deep learning seems important.

Facial emotion recognition is a challenging task
due to variations in facial appearance, lighting
conditions,[4] and expression intensity. Existing
emotion recognition methods often depend on
manually designed features, which limits their
ability to accurately capture complex facial
patterns. As a result, these systems may fail to
provide consistent performance in real-world
scenarios. An efficient and automated approach is
required to accurately recognize facial emotions
from images using deep learning techniques.

The major objective of this work is the creation
of a facial emotion recognition system using deep
learning technology. The system should
incorporate the ability to accurately recognize the
various emotions displayed on the faces, which
correspond to different expressions including
happy, sad, angry, fear, surprise, disgusted, and
neutral emotions. The other objective of the system
includes the creation of a Convolutional Neural
Network (CNN), which is capable of automatically
learning the discriminative features for the faces
without the need for manually mapping features
from images. Additionally, the work aims at
improving the recognition capabilities through
appropriate image preprocessing and the
application of the training mechanism.

The main aim of this project is to design an
efficient facial emotion recognition system using a
Convolutional Neural Network (CNN). The
proposed system will be capable of automatically
identifying and categorizing facial expressions into
various categories of emotions like happy, sad,
angry, fear, surprise, disgust, and neutral. The other
aim of this project is to enhance the accuracy of the
classification process by using appropriate image
processing techniques. This project also aims to
overcome the drawbacks of the conventional
feature-based approach by automatically learning
features using deep learning techniques. The
ultimate aim of this project is to develop a

trustworthy and accurate emotion recognition
model.

Fig. 2. Flowchart of the proposed facial emotion
recognition system.

The goal of the project is to create an effective
facial emotion recognition system using
Convolutional Neural Networks. The facial
emotion recognition system will be able to
recognize facial expressions presented in given
images. In addition, it will be able to classify the
recognized facial expressions into different
categories of emotions. Another goal that the
project tries to achieve is to minimize the restriction
created by existing facial emotion recognition
systems, which cannot be implemented using
features. The project also tries to improve the
precision achieved by the system using appropriate
pre-processing techniques. Finally, the system is
aimed to be effective in reallife applications.

IV. ProposedMethodology

The proposed approach is meant to recognize
human emotions from facial images using deep
learning methodology.[14] A facial emotion dataset
will be prepared at first by collecting and
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organizing the labeled facial images. The
preprocessing of the input images will be done by
converting them into grayscale, then resizing to a
fixed resolution, and normalizing pixel values to
improve learning efficiency.

face detection is applied for obtaining the face
region from each image using the Haar Cascade
classifier. face detection can be made beneficial by
concentrating the model on the face features,
eliminating noise variables or other irrelevant
information found in the background. The
collected facial images are split into training and
testing datasets.
In this step, i.e., during the training phase, a

Convolutional Neural Network (CNN) is applied to
recognize significant facial features automatically.
After this process, the CNN model is applied to the
images during the testing phase to recognize facial
expressions and classify them into different
emotion categories. The predicted emotion is then
displayed as the output of the system. The overall
system process of the proposed methodology is
demonstrated in Fig. 2.

A.CNNAlgorithm/Model Implementation

The Convolutional Neural Network (CNN)
model is used, which is implemented in Python,
along with TensorFlow and Keras libraries. The
network is fed with grayscale facial images of a
specified size. In the CNN network, multiple
convolutional layers are used to extract facial
features from the images, where ReLU activation
function is applied in each layer. Then, maxpooling
is used, followed by the addition of dropout to
prevent overtraining. Dense layers are used for
classification, and the final layer uses the Softmax
activation function to classify the faces into
different emotions.

B.Convolutional Neural Network – CNN

A CNN is a kind of deep learning model used
for image-based tasks such as emotion recognition
from facial expressions. CNNs are designed to
avoid the separate module of feature extraction;
instead, they learn all the important features by
themselves from the images.

The CNN in this project takes face images as
input and tries to find patterns across the different
classes of emotions. The proposed CNN includes
several layers that process low and high-level
features, such as edge, contour, face, eyes, and
mouth shapes. The use of max pool layers reduces
the spatial size of the feature maps to enhance
computational efficiency. On the other hand, the
dropout reduces overtraining. Finally, the fully
connected and Softmax output layers enable
classification of the face expression and emotions.
CNN offers better accuracy and robustness than
traditional machine learning techniques, making it
appropriate for facial emotion detection systems.

C. Training and Validation Strategy

THE CNNmodel is then trained using the FER-
2013 emotion classification dataset related to facial
emotions.[6] Training and validation datasets are
prepared and used to observe the performance of
the learning process. Next, the Adam optimizer and
categorical cross-entropy loss function are chosen
to update the network's weights and define the loss
function, respectively. Training is done for several
epochs and an appropriate batch size.Data
augmentation is applied during the training process
to improve the CNN model's generalization ability
and prevent overfitting.

VI. Performance EvaluationMetrics

In evaluating the performance of the proposed
facial emotion detection system,[2] certain
standardized metrics have been employed. These
metrics help to measure the efficiency of the
proposed system.

A.Accuracy

The accuracy metric measures the overall
accuracy of the model in terms of the number of
correctly classified facial emotion samples. It is
defined as the ratio of the number of correctly
predicted samples to the total number of samples in
the dataset. The accuracy of the emotion
recognition system needs to be evaluated.
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Table I: Emotion-wise Classification Accuracy

Emotion Class Accuracy (%)

Happy 92.1

Sad 85.4

Angry 88.0

Fear 82.3

Surprise 90.2

Disgust 84.6

Neutral 86.8

Table II:Overall Model Performance

Metric Value

Training
Accuracy 89.5%

Validation
Accuracy

87.2%

Testing Accuracy 88.1%

Training Loss 0.34

Validation Loss 0.41

B.Precision
Precision tells how many of the emotion labels

predicted are actually correct. It measures howwell
the model can avoid false positive predictions.
High precision in the context of the model means
few incorrect classifications of emotions.

C. Recall
Recall concerns the ability of the system to

correctly identify all relevant samples of emotions.
It is a representative of how well the model does in
terms of actual emotion class detection without
missing them. A higher recall value indicates better
emotion recognition capability.

D. F1-Score
The F1-score is a performance assessment tool

that can be used to assess the accuracy of a
classification model. It is the harmonic mean of
precision and recall. The F1-score is a balanced
assessment tool, particularly in cases where there is
a class imbalance of emotion classes in the dataset.

E. Loss
Loss in this context refers to the error between

the predicted output versus the actual emotion label
during training. Monitoring training and validation
losses helps in the understanding of how well the
model is learning if overfitting or underfitting is
happening.

VII. Comparison with Existing Methods

To see the efficiency of the proposed CNNbased
system for detecting facial emotions,[7] a
performance comparison is conducted with the
existing methods of emotion recognition.
Traditional machine learning approaches, such as
the Support Vector Machines and k-Nearest
Neighbors, use handcrafted feature extraction
methods such as LBP and HOG. These methods are
manually dependent on feature selection and are
also sensitive to changes in lighting conditions,
poses, and facial expressions.

However, with the proposed CNN model that
employs deep learning technology, it learns
automatically the discriminative facial features
from images, and as a result, the accuracy rate
improves in classification tasks. Results from the
experiments show that CNN has a better accuracy
rate and better generality compared to the
conventional method, especially for large datasets
with thousands of samples as in the case of
FER2013 dataset.

VIII. Conclusion

In this paper, a facial emotion recognition
system using a Convolutional Neural Network
(CNN) has been discussed. The proposed system is
very efficient in recognizing facial expressions and
categorizing them into various types of emotions
like happy, sad, angry, fear, surprise, disgust, and
neutral. Image processing and facial recognition
methods are used to increase the efficiency of the
system. The experimental outcome shows that the
proposed system using CNN is more efficient than
the conventional feature-based approaches. This
paper proves that deep learning methods can be
effectively used for facial emotion recognition.
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