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Abstract— Displaying the detected emotion in real-time or
through using Python and OpenCV, a powerful computer
vision library. Emotion Detection Recognition (EDR) is an
innovative approach that leverages various technological
capabilities, including facial recognition, speech and voice
recognition, bio sensing, machine learning, and pattern
recognition, to detect and recognize human emotions. This
abstract provides an overview of an Emotion Detection
Python project utilizing the Open CV library. It explores
potential future directions, such as multimodal emotion
detection incorporating speech and voice analysis, and the
Rigorous evaluation utilizing performance metrics, including
accuracy,sensitivity,and specificity,underscores the
commendable efficacy of the proposed model.

Keywords— Convolutional Neural Networks (CNNs) or
Support Vector Machines (SVMs), Python.

1. INTRODUCTION

In an increasingly digital and interconnected world,
the ability to recognize and understand human emotions
has emerged as a critical aspect of technology
development.Emotion  Detection Recognition (EDR)
represents a transformative approach that combines
various technological capabilities to detect and
recognize human emotions. This introduction sets the
stage for a detailed exploration of an Emotion Detection
Python project using the Open CV library, shedding
light on its significance and potential applications.The
recognition of human emotions holds immense
relevance across a spectrum of domains, ranging from
human-computer minter action to mental health
massessment and market research. Imagine a world
where machines and devices cannot only understand our
commands but also perceive and respond to our
emotions,creating more personalized and empathetic
interactions. This is precisely what EDR aims to achieve.

At the core of EDR is the ability to analyze and interpret
human expressions,primarily through facial cues. Facial
expressions are an intricate canvas that portrays a myriad of
emotions — happiness, sadness, anger, surprise, and
many more.While humans have an innate capability to
discern these emotions in others, teaching machines to
do the same is a complex and evolving endeavor.

The Emotion Detection Python project we delve into
harnesses the power of OpenCV, a versatile and widely-
used computer vision library. OpenCV provides an array
of tools and techniques that enable us to detect faces
within images or video streams, a crucial first step in
identifying and understanding emotions. However, the
journey doesn't end there; we employ machine learning
algorithms,such as Convolutional = Neural = Networks
(CNNs) or Support Vector Machines (SVMs), to
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classify these detected facial expressions into specific
emotional categories

II. RELATED WORK
1. Facial Emotion Recognition with CNNs:

Convolutional Neural Networks (CNNs) have been widely
employed for facial emotion recognition due to their ability to
automatically learn relevant features from facial images.
Researchers have developed CNN architectures specifically
tailored to this task. For instance, the "EmoNet" CNN model
introduced by Mollahosseini et al. in their 2017 paper [1]
achieved impressive accuracy in recognizing facial expressions.
This work demonstrated the efficacy of deep learning
techniques in extracting discriminative features for emotion
recognition.

2. Haar Cascade for Face Detection:

The Haar Cascade method, introduced by Viola and
Jones in 2001 [2], has been a foundational technique for real-
time face detection. Its cascading classifiers approach has
been widely adopted in applications ranging from computer
vision to robotics. Researchers have continued to refine and
optimize Haar Cascade classifiers, making them suitable for
various real-world scenarios.

3. Real-Time Emotion Recognition:

Real-time emotion recognition from video streams has
gained prominence, driven by applications in human-
computer interaction and sentiment analysis. Research by
Valstar et al. in 2012 [3] explored real-time emotion
recognition in videos, emphasizing the importance of
temporal information and continuous tracking of emotional
states over time.

4. Emotion
Interaction:

Recognition in  Human-Computer

Emotion recognition systems are increasingly being
integrated into humancomputer interaction interfaces.
Picard's work on "Affective Computing" [4] laid the
foundation for integrating emotional understanding into

technology, paving the way for emotionally responsive
systems in virtual environments and healthcare applications
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III. PROPOSEDWORK
1.Data Collection and Preprocessing:

Collect a dataset of facial images labeled with different
emotions (e.g., happiness, sadness, anger, surprise). Preprocess
the images to a consistent size, convert them to grayscale, and
normalize pixel values.

2. Model Selection and Training:

Choose a pre-trained CNN model as the base (e.g., VGG16). ¢
Remove the top layers of the pre-trained model and add new
layers for emotion classification Freeze the pre-trained layers
and train the new layers using the preprocessed dataset.

3. Real-Time Emotion Detection System:

Use Open CV to capture frames from the web cam.Preprocess
the frames (e.g., resize, convert to grayscale).Feed the
preprocessed frames to the trained model for emotion
prediction.Overlay the predicted emotion on the webcam feed
in real-time.

Flow Chart:

Face Detection
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4. User Interface Development:

Develop a user interface that displays the webcam feed with
realtime emotion detection overlays.Include features such as
start/stop buttons, emotion labels, and a display of the detected
emotion.

IV.CONVOLUTIONAL NEURAL NETWORKS

The fundamental building block of a NN is a neuron. Figure 5.1
shows the structure of a neuron. Forward propagation of
information through a neuron happens wheninputs toare
multipliedbytheircorrespondingweights andthen added together.
This result is passed through a nonlinear activation function

along with a bias term whichshifts the
output.ThebiasisshownasinFigure3.1.Foraninputvector= , ...,
and weight vector =, ,..., , the neuron output is"= )" . The output

is between 0 and 1 which makes it suitable for problems with
probabilities. The purpose of the activation function is to
introduce nonlinearities in the network since most real world
data is nonlinear. The use of a nonlinear function also allows
NN to approximate complex functions.
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Fig.1.The structure of a neuron

Neurons can be combined to create a multi output NN.If every
input h as a connection to every neuron it is called dense or fully
connected. Figure 5.2 shows a dense multi output NN with two
neurons. A deep NN has multiple hidden layers stacked on top of
each other and every neuron in each hidden layer is connected to a
neuron in the previous layer. Figure 1 shows a fully connected
NN with 5 layers.

1. Fully connected layer:

Neurons in a fully connected layer have connections to all
neurons in the previous layer. This layer is found towards the
end of a CNN. In this layer, the input from the previous layer is
flattened into a one-dimensional vector and an activation
function is applied to obtain the output.

2. Dropout

Dropout is used to avoid over fitting. Over fitting in an ML
model happens when the training accuracy is much greater than
the testing accuracy. Dropout refersto ignoring neurons during
training so they are not considered during a particular forward
or backward pass leaving a reduced network. These neurons are
chosen randomly and an example is shown in Figure 5.7. The
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layer, where 1.0 means no dropout and 0.0 means all outputs
from the layer are ignored.

NN without dropout

NN with dropout

Fig.2. Dropoutina NN

3.Batch normalization:

Training a network is more efficient when the distributions of
the layer inputs are the same. Variations in these distributions
can make a model biased. Batch normalization is used to
normalize the inputs to the layers.

4.CNNarchitecture:

ML models can be built and trained easily using a high level
Application Programming Interface (API) like Keras. In this
report, a sequential CNN model is developed using Tensorflow
with the Keras API since it allows a model to be built layer by
layer. Tensorflow is an end to end open source platform for
ML.It has a flexible collection of tools, libraries and
community resources to build and deploy ML applications.
Figure 3.shows the structure of a CNN where conv. denotes
convolution.
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Fig.3:Structure ofa CNN

CNN Model 1 has four phases. At the end of each phase, the
size of the input image is reduced. The first three phases have
the same layers where each starts with a convolution and ends
withdropout. The first phase of the model has an input layer for
an image of size 48 x 48 (height and widthin pixels) and
convolution is performed on this input. Table 5.1 shows the
convolution parameters which are the same for all convolution
layers in the network except the number of kernels. An He-
normal initializer is wused which randomly generates
appropriate values for the kernel. The number of kernels is 64
in the first phase. Then, batch normalization is performed to
obtain the inputs to the next layer. Convolution and batch
normalization are repeated in the following layers. In the next
layer, max pooling is performed with pool size 2 x 2, so the
output size is 24 x 24. Dropout is performed next at a rate of
0.35. The second phase has 128 kernels and 0.4 dropout rate.
Max pooling in the second phase gives an output of size 12 x
12.The third phase has 256kernels with 0.5 dropout rate. Max
pooling in the third phase reduces the size of the output to 6 x
6. The final phase starts with a flatten layer followed by dense
and output layers.
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The FER 2013 dataset is well known and was used in the
Kaggle competition. The data must be prepared for input to the
CNN because there are some issues with this data set as
discussed below. The input to the model should be an array of
numbers, so images must be converted into arrays. Some dataset
challenges are given below.

i)Imbalance: Imbalance is when one class has many more
images than another class. This results in the model being
biased towards one class. For example, if there are 2000 images
for the happy expression and 500 images for the fear expression,
then the model will be biased towards the happy expression.
Data augmentation is done to avoid this problem. Data
augmentation increases the amount of data using techniques like
cropping, padding, and horizontal flipping.

ii)Contrast variation: Some images in the dataset can be too
dark and some can be too light. Since images contain visual
information, higher contrast images have more information than
lower contrast images. A CNN takes images as input,
automatically learns image features and classifies the images
into output classes. Thus, variations in image contrast affect
CNN performance. This problem can be solved by changing the
images to focus on the faces.

iii)Intra-class variation: Some images in the dataset are not
human faces as there are drawings and animated faces. The
features in real and animated faces differ and this creates
confusion when the model is extracting landmark features.
Model performance will be better if all images in the dataset are
human faces so other images should be removed.

iv)Occlusion: Occlusion is when part of the image is covered.
This can occur whena hand covers a part of the face such as the
right eye or nose. A person wearing sunglasses or a mask also
creates occlusion. Table 6.1 indicates that eyes and noses have
primary features which are important to extract and recognize
emotions. Thus, occluded images should be removed from the
dataset as the model cannot recognize emotions from these
images.

VI. PYTHON LIBRARIES USED:

Num Py: Numerical Python (NumPy) is an open source Python
library used for working with array sand matrices. An array
object in Num Py is called nd.array.CNN inputs are arrays of
numbers and Num Py can be used to convert images in to Num
Py arrays to easily perform matrix multiplications and other
CNN operations.

OpenCV: Open CV is an open source library for CV, ML and
image processing. Images and videos can be processed by
OpenCV to identify objects, faces and handwriting. When it is
integrated with a library such as Num py, Open CV canprocess
array structures for analysis. Mathematical operations are
performed on these array structures for pattern recognition.

Keras: Keras is an open-source high-level Neural Network
library, which is written in Python is capable enough to run on
Theano, Tensor Flow, or CNTK. It was developed by one of the
Google engineers, Francois Chollet. It is made user-friendly,
extensible, and modular for facilitating faster experimentation
with deep neural networks. It not only supports Convolutional
Networks and Recurrent Networks individually but also their
combination.

OS: Keras is an open-source high-level Neural Network library,
which is written in Python is capable enough to run on Theano,
Tensor Flow, or CNTK. It was developed byone of the Google
engineers, Francois Chollet. It is made user-friendly, extensible,
and modular for facilitating faster experimentation with deep
neural networks. It not only supports Convolutional Networks
and Recurrent Networks individually but also their combination.
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The proposed model will successfully developed a
real-time emotion detection system using a webcam and
Convolutional Neural Networks (CNNs). The system is
able to detect and classify emotions such as happiness,
sadness, anger, and surprise in real-time, providing a
valuable tool for various applications.

Through the process of collecting and preprocessing a
dataset, selecting and training a CNN model, and
developing a user-friendly interface, the project has
demonstrated the feasibility and effectiveness of using
CNNs for real-time emotion detection. The system's
performance has been evaluated in terms of accuracy,
speed, and robustness, showing promising results in
different lighting conditions and with various facial
expressions.
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