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1 Introduction

1.1 Overview

In the advanced technological world, there are almost real-time problems that are trying to
sort out using advanced and modern tools, and different researchers got succeeded also [1].
Normally a human can say by seeing a person that the person is happy or sad etc. which means
the emotion behind the facial expression. But if a machine can do the same thing in a very
accurate way, then it is amazing because without human attachment and humans may did
mistake to identify emotions but machines cannot. Here the author tries to create a model which
has the ability to find the different emotions behind the facial expression of humans. To execute
this, aim the author takes the help of different Deep Learning (DL) tools such as Deep Neural
Networks (DNN), Convolution Neural Networks (CNN), etc. Here the author tries to create the
best suitable model with different activation functions, dense layers, and many more so that the
author gets obtained an accurate result through the model performance [2]. As it tries to classify
certain emotions of humans so that it comes under the classification problem of DL and here

the author has to create a classification model.

1.2 Dataset Examination or Description

Here the author used different images of emotions of human expression because a human
has only certain different emotions only such as anger, disgust, fear, happiness, neutral, sad,
and surprise. Here 3995 angry images, 436 disgusting images, 4097 fear images, 7215 happy
images, 4965 neutral images, 4830 sad images, and 3171 images of surprise images are
available in the training dataset. All the images are stored in a list format with their expressed
emotions to be passed in the CNN model to train the model so that model can learn all the

hidden patterns to understand the emotions behind the expression.

1.3 Deep Neural Networks (DNN)

DNN is a combination of ANN with multiple hidden layers and these layers are situated
between the input and output layers [3]. The main objective of this kind of neural network is
to get complex data as input and perform complex calculations in a higher accurate way to
solve any real-time problem statement. This technique is mostly used in any supervised
learning techniques as well as reinforcement learning techniques also because it has the
capability to deal with any large amount of data with higher dimensions, even if it is considered
that this network works better only when the data is available in a bulk amount. It is also

considered that if the data pattern is complex then a higher number of hidden layers gives the
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higher or greater or best optimal output [4]. Inside the layer there are multiple mathematical
calculations are going on because of the data weightage. In every layer, the data point gets
some amount of weightage and it is dependent on different probabilistic calculations. Inside
the network, it looks like a black hole because the user doesn’t know what weightage values
are assigned to which data means the machine decided himself based on some probability
values [5]. So, there is nothing in the user’s hand, the user just passes input data to the model
and the model himself do the remaining prediction work and weightage distribution. Without
human intervention, deep learning uses feature transformation and pattern recognition to
classify images into appropriate categories. Depending on the type, DNN comes in a variety of
data. DNNs include a variety of techniques or types. such as convolutional neural networks
(CNN), recurrent neural networks (RNN), and long short-term memory (LSTM). Although
there are different techniques available in DNN the author implemented only CNN for this

proposed work-study [6].

1.4 Convolutional Neural Networks (CNN)

Using one of the well-known artificial neural networks, CNN, picture recognition, and
image processing are developed for pixel data processing in this method. This style of image
analysis is the most common. Since its inception, CNN designs have advanced quickly, and
most recently they have led to successes that were once believed to require human execution
or involvement. Depending on the work at hand and the accompanying constraints, a variety
of architectures are currently available. In the 1980s, Yann LeCun, a postdoctoral researcher in
computer science, developed the first convolution neural network [7]. LeNet, which was a
prototype of ConvNets and was called after LeCun, was able to read handwritten digits. This
type of neural network requires substantially less pre-processing as compared to other
classification techniques. ConvNets enable learning of certain characteristics/filters, which are
hand-engineered in simple methods with sufficient training. The descriptive and generating
task for using deep learning techniques where machine vision is used to including video and

image recognition, natural language processing, and recommender systems.

1.4.1 Key points of CNN
It is a class of DL techniques that have taken control of the numerous CV tasks and is luring

users from a variety of fields, especially radiology.




e Through the use of a backpropagation algorithm, it consists of multiple building blocks,
including convolution layers, pooling layers and fully connected layers, and is intended
rapidly and adaptively learn a spatial hierarchy of information.

¢ It has the potential to enhance rasts’ efficiency and, ultimately, the treatment of

patients.

1.4.2 Advantages of CNN

Image processing: CNN can entail using a selection of filters to extract characteristics of a
picture that are pertinent to the task at hand. CNNs are quicker and more effective than other
types of algorithms because they may reduce the amount of information that needs to be

analyzed.

High accuracy: By examining enormous databases of photos, it can train itself to recognize

intricate patterns.

Transfer learning: Additionally, because CNNs support transfer learning, they can be taught

to execute one task and then applied to another one with little to no extra instruction.

Automated feature extraction: Last but not least, since CNNs automate the process of
extracting features, they may learn to detect patterns in images without the need for manual

feature engineering [8].

1.4.3 Disadvantages of CNN
Computational requirements: Most CNNs include a lot of layers and parameters, thus

training and using them takes a lot of computing power and memory.

Difficulty with small datasets: The CNN might overfit, or become overly specialized to the

training dataset and perform badly on fresh data if the dataset is too small.

Limited ability to generalize: At last, CNNs can only a limited extent generalize to novel
circumstances [9]. This implies that they can struggle to do well on pictures that are very

dissimilar from the training sample.

1.5 CNN model architecture
Dataset: Here in this proposed project is face emotion detection data. Here are 7 types of

classes. such as anger, disgust, fear, happy, neutral, sadness and surprise all in image format.




Layers: There are four layers of neurons in this structure. The author in this case employed
two convolution networks with kernel sizes of 3. It indicates that the output for the following

layer will be determined using the image matrix and a 3x3 filter.

Number of Neurons: The first layer has 64 nodes or neurons, the second layer has half as
many, and the third layer has four nodes or neurons because there are four classes altogether.
This hyperparameter has been set differently in each layer. The likelihood of each of the four

classes in the output should be used to determine which class should be the projected output.

Activation function: A rectified linear unit activation function fixes the issue of vanishing
gradients and gives a deep-learning model of the non-linearity property. 0.0 is returned in place

of the positive value when the value is less than (negative values) or equal to zero.

Optimizers: It is used to cut loss down to the bare minimum. It alters the learning rate and
weights to obtain the least amount of loss. To determine the emotion, the Adam (Adaptive

moment estimate) optimizer was used.

Learning rate: It is an hyperparameter with a default value of 0.001 for Adam optimizers. Let
the learning rate determine the step size and to obtain the least loss. But here the author uses

the learning rate as 0.0005.

Epochs: The frequency at which a collection of datasets is delivered throughout the entire

network is controlled by a hyperparameter. The epoch has been set to 15 for this CNN.

Dropere the author uses dropout because it helps to reduce the chances of overfitting of
4

the modet.

Batch Normalization: the purpose of using this technique is to give the freedom to learn all

the patterns independently and more accurately.

Maxpool2D: This technique helps a lot to train the model when dealing with image data
because training with the help of this techniques model reduces the dimensionality of the

model.




model .summary() & showing the suswary of the designed model

Model: "sequential”™

Layer (type) Output Shape Param &
“convaa (Com2D)  (Nome, 48, 48, 32) e
conv2d_1 (Conv2D) (None, 4B, 4B, 64) 18456
batch_normalization (BatchN (Nome, 4B, 4B, 64) 256
ormalization)

-;nax_pcmlingzd (MaxPooling2D (None, 24, 24, 64) @
dropout (Dropout) (None, 24, 24, 64) =]
conv2d_2 (Conv2D) (None, 24, 24, 128) 73856
conv2d_3 (Conv2D) (None, 24, 24, 256) 295168
batch_normalization_1 (Batc (Nome, 24, 24, 256) 1824
hNormalization)

max_pooling2d 1 (MaxPeoling (None, 12, 12, 256) e

D)

dropout_1 (Dropoul) (None, 12, 12, 256) e
conv2d_4 (Conv2D) (None, 12, 12, 256) 500280
batch_normalization_2 (Batc (Nome, 12, 12, 256) 1824
hNormalization)

g);_p(mliﬂgld_z (MaxPooling (Nome, 6, 6, 256) e
dropout_2 (Dropoutl) (None, 6, 6, 256) e
flatten (Flatten) (None, 9216) @
dense (Dense) (None, 188) g92178a
dense_1 (Dense) (None, Sa) 5858
dense_2 (Dense) (None, 225) 11475
batch_normalization_3 (Batc (None, 225) 366
hMormalization)

dropout_3 (Dropout) (None, 225) e
dense_3 (Dense) (None, 7) 1582

Total params: 1,92€,931
Trainable params: 1,919,329
Non-trainable params: 1,682

Figure 1.1 Summary of the model architecture




2 Project implementation with Result and Analysis
In this section, the author discusses all the steps which are used in this project to execute
the project according to the proposed project the author uses CNN techniques to predict the
model and also the author processes the image data with the help of DL techniques. Because it

is image-based data so before building the model it must be important to process all the images

and convert them into matrix format.
Now the author describes all the steps one by one below:

Everyone knows that the packages and libraries help to execute the project most easily. because
inside the libraries so many functions are executed at a time. The author displays all the libraries

in Listing 2.1 and based on the Listing the author used Pandas to load the data.

import pandas as pd
import numpy as np #
import matplotlib.pyplot as plt
import plotly.express as px #
import seaborn as sns
import cv2 as cv

import tensorflow as tf #

import keras #
from keras.preprocessing import imag
from keras.models import Sequential wt seq
from keras.layers import ComvaD, MaxPoollD, Flatten,Dense,Drop
from tensorflow.keras.preprocessing.image import ImageDataGen:
import o5 # change the and deol ting
import warnings # fo s to $y i
warnings . Filterwarnings( i

tial way it is wsed
tchMormalization  # importing different feotures to deal wit

Listing 2.1 Load all the important Libraries to execute the program.

Similarly, the author also uses NumPy for handling all mathematical problems. For
visualization purposes, the author used Matplotlib, Plotly, and Seaborn. For dealing with all the
image data the author used a CV. With the help of Keras and TensorFlow, the author builds the

model, all the libraries already mentioned in this Listing.

With the help of OS, the author loads different types of the class of image data. During the
loading, the author used listdir from OS.

expression_class_name=o0s.listdir(r"C:\Users\manag\Downloads\dataset (1)\dataset\train") # Loading the classname of different i
expression_class_name

["angry', 'disgust’, 'fear', "happy', 'neutral’, 'sad', 'surprise’]

Figure 2.1 Different types of expression name

This dataset contains seven different classes according to Figure 2.1 and all the classes are

angry, sad, happy, neutral, surprised, fearful, and disgusted.




expression_class name[@]

‘angry’

Figure 2.2 shows the expression of class 0.
Now the author loading all seven classes one by one in this project. Also, the author shows the
image based on content. In this case, the author gives the path of the dataset and with the help
of a CV library, the author read the image data using the Imread function. After that, the author

also shows all the images based on the classes

train/ {expression_class_name[8])" #
sssssesrs (oypression_class_name[o]}e "

‘s np.random, chaice(sorted(os. listdir{path}) )}

plt.yticks([])

Figure 2.3 shows all the angry image which is present in the dataset.

# some of the imoges of disgust class
plt.figure(figsize=(15,11))
path = f"C:/Users/manag/Downloads/dataset (1)/dataset/train/{expression class name[1]}" # datset path of disgust class
print(f"  sxs= sazsrEEss D 22822 {aypression_class name[1]}22r*azsazsasxzs sxzxssssam)
for i in range(1,7):

plt.subplot(3,3,i)

plt.tight_layout()

rand_img = cv.imread(path +'/'+ np.random.choice(sorted(os.listdir(path))))

plt. imshow(rand_img)

plt.xticks([])

plt.yticks([])

Listing 2.3 Load disgusting dataset
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Figure 2.4 show the image data of disgusting which is available in the
dataset

# Showing some images of fear class
plt.figure(figsize=(15,11))
path = f"C:/Users/manag/Downloads/dataset (1)/dataset/train/{expression_class_name[2]}" # doto path of fear class
print(f" SRR AR R AR Rk { g prgssion_class_name[ 2]} Hrs ERERERRRERRE SRASREES )
for i in range(1,7):

plt.subplot(3,3,i)

plt.tight_layout()

rand_img = cv.imread(path +'/"+ np.random.choice(sorted(os.listdir(path))))

plt.imshow(rand_img)

plt.xticks{[])

plt.yticks{[1)

Listing 2.4 Load fear image

Figure 2.5 display the entire fear image which is present in this data.
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bre-Aerers([])

brexgraka([])

B¢ quapan{Loug Tuk)

vaug quE = cayELesq(bagp +,\,+ ubsLeugos-cpoTCE( oL req (03 TT2EqTL(bREP) ) )

bTi ¢ 18Rps pehons( )

bT¢"anpbToR(3"3°T)
sou T Tu LauBs(ra):
buaug(y, ax {mdbszzyou cyazz e [3] Linnrnrnranansnnnnanannanan)
bugp = 4,00 \NEsLe\ususBlporuToIqegaFIzes (T)\qaFeees fuaTu) {sxbuszaTou caze usms([3]}, % 9oFo bopp o} pobbh crozz
bTf" 478 (4782736 (127 1T) )
w 2pomud 2ous quoes o), pobbh croze

Listing 2.5 loads the happy image

Figure 2.6 shows all the happy images

bre-hprexa([1)
brp-spzerz{[1}
BTf - Tuzpan|Laug Tul)
waug el = oAt TeLesg(BeRE ¢, )+ ubCLeugoe cpoT s RonLisq (0F TTREqTL(bRER) ) ))
bE ¢ 18pE TaRONE()
byg-anpbTes(3' 31}
o0 T T LeuBE(T L)z
buyuede, .
bagp = 4,cr\neenswounBponuTorqegasazes {1)qass
bre-pBnus (478 38a (12 11))
% Puomrud zoms jwodsz ol wenpuap croEE

BN (e ST T e Vot | S,
\{exbuozerouTcree uswe[¢]}. % wasn bogy ol wenguap

..... }

cpaze

Listing 2.6 load neutral images

neutral

Figure 2.7 demonstrates all the neutral images
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# Showing some images of sad class
plt.figure(figsize=(15,11))
path = f"C:/Users/manag/Downloads/dataset (1)/dataset/train/{expression_class_name[5]1}" # data path of sod class
print(f" serxssasEtsRsseRseR e nsens o0 aupression_class_name[5]}rreeer - R — )
for i in range(1,7):

plt.subplot(3,3,i)

plt.tight_layout()

rand_img = cv.imread(path +'/"+ np.random.choice(sorted(os.listdir(path))))

plt.imshow(rand_img)

plt.xticks([])}

plt.yticks([])

Listing 2.7 loads sad images

ERE SRR R MR R R R

Figure 2.8 display all the sad image which is present in this dataset.

# Showing some images of surprise class
plt.figure(figsize=(15,11))
path = f"C:/Users/manag/Downloads/dataset (1)/dataset/train/{expression_class_name[6]}" # data path of surprise class

print(f" SRAREARE AR RKRERRE AR RERR IR L eypression_class_name[6] }HRRERRKERKRIXRERRKRRKRAREN)
for i in range(1,7):
plt.subplet(3,3,i)

plt.tight_layout()

rand_img = cv.imread(path +'/'+ np.random.choice(sorted(os.listdir(path))))
plt.imshow(rand_img)

plt.xticks([])

plt.yticks([])

Listing 2.8 surprise image loading with the help of cv
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R e R R

Figure 2.9 shows all the surprise pictures

After that, the author creates a plot for getting more information about the dataset. Because
data visualization helps extract many hidden information which helps for increasing the

accuracy as well as properly create the model.

colors = ['#1b9e77', '#a8fS71', '#fdaads’,'#6890FO’, '$ASSBFO', 'red’, yellow']
count_of _different_class=[]
for i in Class_name:
count_of_different_class. appand(len(os. 1istdin("C: /Users/menag/Downloads/dataset (1)/dataset/train/ +i+"/")))
plt.bar(Class_name, count_of_different_class,colorscolors)
plt.xticks(rotation=ds);

7000

6000

5000

4000 1

2000

1000

,;ﬂﬂ &&5% ,@é ‘ﬁ;\ ﬁé & (;f’

o

Figure 2.10 display all the class for comparing one class to another class.

With the help of Matplotlib, the author creates a one-bar plot that helps for comparing one
class to another class. According to Figure 2.10, the author found that the class “happy” has

more data and the class “disgust” has less amount of data. Also, the author found that class
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“angry” and class “fear” has an equal amount of data. It means a greater number of people are

happy based on the dataset.

After that, the author divides the whole data into training data and testing data because, in every
data science project, it must be important the train model properly. If the model was properly

trained it easily gives more predictive outcomes.

Through Imagedata Generator generating more data

train_datagen = InageDataGenerator|
width_shift range = 6.1,
height_shift_range = 6.1,
horizontal flip = True,

255,
z00m_range = 8.2,
validation_split = 8.1

3

test_datagen = ImageDataGenerator(rescale = 1./155,
)
train_generator = train_datagen. flow_from_directory(directory = "(:/
target siz
batch_size = 32,
color_mode = “grayscale”,
class_mode = "categorical”

< /manag/Downloads/dataset (1)/dataset/train/"

]

test_generator = test_datagen.flow_from_directory( directory = “C:/User: (Downloads/dataset (1)/dataset/test”,
target_size =
batch_size = 32,
color_node = "g
class_node =
3

Found 28789 images belonging to 7 classes.
Found 7178 images belonging to 7 classes.

Figure 2.11 divide all the dataset into training data and testing data.
Here the author divid ntire data into 80 % and 20%. And 20% of the data will store to
test the model and themng data may used to train the model. The author found that 28709
data are stored for training purposes and the remaining 7178 data will save for testing purposes

but in both cases, the class will be equal.

Then the author designs one model architecture to execute the program. During this time the
author used CNN techniques from DL. Because it is a popular technique and is capable to

handle all the image data.
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Designing the model architecture of the proposed work

model= Sequential() # loading the sequential process of model
model.add(Conv2D(32,(3,3),padding="same',activation="relu',input_shape=(48,48,1))) # Adding activation function and input shape
model. add(Conv2D(64,(3,3),padding="same',activation="relu’)) # Adding different hidden Layer

model.add (BatchNormalization()) # Te Learn the pattern more independently

nodel. add(MaxPoo12D(pool_size=(2, 2))) # To reduce the dimentionality of images

nodel . add(Dropout(8.25))  # Apply dropout to avoid overfitting

model. add(Conv2D(128, (3,3),padding="same' ,activation="relu')) # Adding more hidden Layer
model.add(Conv2D(256,(3,3),padding="same' ,activation="relu'))

model . add (Bat chlormalization()) # To learn the pattern more independently
model. add (MaxPool2D(pool_size=(2, 2))) # To reduce the dimentionality of images
model . add (Dropout(9.25)) # Apply dropout to avoid overfitting

model . add(Conv2D(256, (3,3), padding="same' , activation="relu'))

model . add (Bat chlormalization())

model . add (MaxPool2D(pool_size=(2, 2)})

model. add (Dropout(9.25))

model. add(Flatten())
model.add(Dense(10@,activation = 'relu')) # Adding relu because it is robust to the vanishing gradient problem
model.add (Dense (58, activation = 'relu'))
model . add(Dense(225,activation = 'relu'))
(
(
(

m

model. add (BatchNormalization())
model . add (Dropout(9.25))
model.add(Dense(7, activation='softmax')) # Adding softmax in output Layer because probability distribution of classes

Listing 2.9 Creating the model using CNN

Before creating the model, the author called the Sequential function, and based on this
function the author used “relu™ as an activation function in the input layer and for the output

layer the author used “softmax”.

Then the author also shows the summary of the creating model. Here shows the name of the

Layers, the shape of the output, and the total number of Param.
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Figure 2.12 shows the summary of the model.

The total number of Params are 1920931 and based on the total params, the total trainable

params are 1919329 and the non-trainable params are 1602 according to Figure 2.12.

After that, the author compiles the entire model using categorical cross entropy and the

techniques shown in Listing 2.10.

model . compile(
optimizer = tf.keras.optimizers.Adam(lr=8.88@5),
loss='categorical_crossentropy’,
metrics=["accuracy ]

)

WARNING:absl:"lr” is deprecated in Keras optimizer, please use ~learning_rate’ or use the legacy optimizer, e.g.,tf.keras.optim
izers.legacy.adam.

Listing 2.10 compile the model with the help of Adam optimizers

Here the author fits the model with train data for teaching the model and during this process,

the author used 55 epochs and the batch size is 32.
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history = model.fit(
train_generator ,
epochs=55,
batch_size=32)

Epoch 1/55
8OB/RO8 [==sssscsssssssscs =]
Epoch 2/55
803/808 [===== ===]
Epoch 3/55
808/808 [ 1
Epoch 4/55
802/898 [===== ===]
Epoch 5/55
898/B98 [=====================m========
Epoch 6/55
898/898 [==========s==s===s==s=s=========|
Epoch 7/55
898/898 [==msssssssssssssssssssssssm==x]
Epoch 8/55
898/898 [l!!l!lll!l!ll!!!!!l-.:ll..-l--]
Epoch 9/55
898/898 [
Epoch 18/55
808/898 [===== ===]
Epoch 11/5%
208/802 [ ese]
Epoch 12/55
808/898 [ -—-]
Epoch 13/55
898/898 [================= ===]
Epoch 14/55
898/898 [================s==s===========]
Epoch 15/55
898/898 [===sssssssssssssssssssssss====]
Epoch 16/55
C1=0: 411 R R —— |
Epoch 17/55
BOB/B98 [=s=m=szssmszssszzzssssssssszax]
Epoch 18/55%

575s

586s

552s

541s

486s

535s

55@s

498s

4855

476s

se8s

56@s

556s

722s

774s

7758

69@s

637ms/step
653ms/step
615ms/step
682ms/step
542ms/step
596ms/step
613ms/step
555ms/step
541ms/step
538ms/step
ce6ms/step
624ms/step
619ms/step
8e4ms/step
862ms/step
B863ms/step

769ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

1.9228

1.6547

1.4614

1.3412

1.2848

1.2358

1.1985

1.1778

1.1584

1.1324

1.1154

1.6895

1.8709

1.0648

1.08445

1.8312

1.8222

Figure 2.13 shows the first epochs

accuracy: 8.2344
accuracy: ©8.3458
accuracy: 0.4325
accuracy: @.4879
accuracy: 0.5133
accuracy: ©0.5340
accuracy: ©0.5484
accuracy: ©.5566
accuracy: 8.5673
accuracy: 8.5742
accuracy: @.5817
accuracy: 0.5927
accuracy: 0.601e
accuracy: 0.6031
accuracy: ©0.6086
accuracy: 8.6163

accuracy: 0.6187

According to this Figure 2.13, the author got 61.97 accuracies in this stage and the epoch

number is 18. But if anyone observed this figure the first epochs give very less accuracy 23.44

% and after 18 epochs it will increase and goes to 61.97. it means that this model learns

something new in every epoch.
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Epoch 34/55
898/B98 [====mssssssssssssssssssssssses ] - 5165 574ms/step - loss: ©.88e3
Epoch 35/55
808/898 [======s=zsaz=szszz=z==========] - 5165 575ms/step - loss: ©.8781
Epoch 36/55

accuracy: 0.6746

accuracy: 0.6737

8098/898 [ === ====] - 5715 &3éms/step - loss: ©.8729 - accuracy: @.6759
Epoch 37/55
898/898 [ — ====] - 5935 66@ms/step - loss: ©.857@ - accuracy: 8.6821
Epoch 38/55
808/898 [ ] - 528s 583ms/step - loss: ©.8571 - accuracy: ©.6837
Epoch 39/55
898/898 [ ] - 5765 641ms/step - loss: @.8515 - accuracy: ©.6862
Epoch 48/55
§98/B98 [====messsssssssssssssssssssses ] - 561s 625ms/step - loss: B.8469 - accuracy: @.6855

Epoch 41/55
808/808 [======sm=s====sssss===========] - 5605 623ms/step - loss: ©.8366
Epoch 42/55
808/898 [==============================] - 5565 619ms/step - loss: ©.8460
Epoch 43/55

accuracy: 0.693@

accuracy: ©.6868

898/898 [ e ====] - 5435 6@5ms/step - loss: ©.8268 - accuracy: ©.6943
Epoch 44/55
808/898 [ ] - 5675 631ms/step - loss: B8.8285 - accuracy: ©.697@
Epoch 45/55
208/898 [ ] - 568c 632ms/step - loss: 8.8219 - accuracy: 0.6976
Epoch 46/55
898/B98 [=====ssssssssssssssssssssssaes ] - 5555 619ms/step - loss: ©.8128 - accuracy: ©.6993

Epoch 47/55
898/898 [=======s==sz=sszzzssss=s===e===] - 5195 578ms/step - loss: ©.8887
Epoch 48/55
B898/898 [======s=s=ss=ss=s==s===========] - 4855 54@ms/step - loss: ©.8827
Epoch 49/55

accuracy: 0.7015

accuracy: ©.7e58

808/898 [ e ====] - 5215 58@ms/step - loss: ©.8811 - accuracy: 8.7856
Epoch 58/55
808/898 [ ] - 6335 705ms/step - loss: ©.7855 - accuracy: 9.7182
Epoch 51/55
808/898 [ ] - 7755 863ms/step - loss: @.7968 - accuracy: 0.7068
Epoch 52/55
898/898 [=====sz=zszzzssssszsssszssscses ] - 77@s 857ms/step - loss: ©.7882 - accuracy: @.7154

Epoch 53/55
898/898 [======s=zzazmszszz=z==========] - 6735 749ms/step - loss: ©.7778
Epoch 54/55
898/B98 [===========s=====s==============] - 5075 564ms/step - loss: ©.7717
Epoch 55/55
808/898 [ === ====] - 5@3s 56@ms/step - loss: 8.7692

accuracy: 9.7146

accuracy: 0.716@

accuracy: 0.7165

Figure 2.14 shows the last epochs.

The author got 71.65 accuracy when the epoch number is 55. It means that if the number of

epochs is increased then automatically the accuracy also increases.

model,evaluate(test_generator) # Finally check the model performance through accuracy evalution matrix

225/225 [ === ] - 38s 151ms/step - loss: ©.9496 - accuracy: @.6673

[©.9406182333868848, 8.6673167943054468]

Figure 2.15 evaluate the model

Here evaluates the model with the help of a test generator and it gives 66.73% accuracy.
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Accuracy and Loss values VS Number of Epochs in the model

train_acc = history.history['accuracy']
train_loss = history.history['loss’]

plt.xked()
plt.style.use('seaborn-deep')

plt.rcParams["figure.figsize™] = (208, 10)

plt.plot(history.history[ accuracy’],marker="*",label="Acc Value™)
plt.plot(history.history['loss'],marker="*",1label="1oss Value™)
plt.grid(True)

plt.title("ACCURACY PLOT")
plt.xlabel("Epoch Number")
plt.ylabel("")

Listing 2.11 create the plot for showing the train accuracy and test
accuracy.

ACCURACY PLOT
2.00

——

e e e e e
e g A g R —

o 10 20 30 a0 50

Epoch Numas

Here the author shows the accuracy plot of this model, basically, here the author tries to

compare the test accuracy and train accuracy based on epoch number
Figure 2.16 display the training and testing accuracy graphically.

]: model.save("My_model.h5")

model.save_weights("Model weights.h5") # sabving the model weights

Listing 2.12 save the model.
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After completing all the steps, the author finally saves this model because, in the DL model, it
takes so much time when the execute the model. To avoid this problem, the author saves this

model as well as saves the weight of the model in a better way.
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3 Conclusion, Recommendation, and Future Scope

3.1 Conclusion

Here, after implementing the CNN model architecture the author applies model evaluation
techniques to find the model performance, and for that the author used Accuracy evaluation
techniques as it is a classification problem. The author got approx. 66.73 percent of accuracy
with this model and 0.94 as loss value. Here the author creates only one model because
computing the model takes a huge amount of time as it processes the data and then learns the
pattern and then gives the output as accuracy. Because the time consumption is more that’s
why only one model was created but this model the author cannot consider this the best model
because the accuracy is only 66.73 but it is not as much worst performance also. Here the author
used only 55 epochs but generally, it is considered 100 epochs to be the best to train the model
by using 55 epochs also the author faced a lot of time taken issues. that’s why the author

finalizes this model as the best suitable model for this problem statement for this work-study.

3.2 Recommendation

As already mentioned in the conclusion in section 3.1 that it takes more time to compute or
learn all the patterns, so it is recommended to use a server to run the program instead of using
Jupyter and colab notebook. Apart from that as the accuracy is low due to fewer epochs so it

is suggested to use at least 100 epochs to get a more accurate result.

3.3 Future Scope

As the model is capable to predict human emotions from facial expressions so there is a
huge chance in the upcoming future. It can be useful in an online class for the students because
while the teacher taking classes some people are interested and some are not so, in that case by
catching the emotions if a person is not interested or busy with other things gives the alert to
both students and teachers so that teachers can pay more attention for those students. This is
one application or scope for that work study. Apart from that the same thing can be applied in

a business meeting etc to get the emotions behind the person’s behaviors.
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S Appendices

### Importing Libraries

import pandas as pd # To deals with visualization and data loading
import numpy as np # Handle numerical calculation and array values
import matplotlib.pyplot as plt # Deals with visualization

import plotly.express as px  # deal with advance interactive visualizations

import seaborn as sns

import cv2 as cv # deals with image related data
import tensorflow as tf # deals with train and train or model building in DL
import keras # deal with models

from keras.preprocessing import image # to deals with image
from keras.models import Sequential # t run the model in a sequential way it is used

from keras.layers import Conv2D, MaxPool2D, Flatten, Dense,Dropout,BatchNormalization #

importing different features to deal with model buildiung

from tensorflow.keras.preprocessing.image import ImageDataGenerator
import os  # change the directory and deal with operating systems
import warnings # to avoid warning due to systems version issues
warnings. filterwarnings('ignore')

Ipip install opencv-python

### Explore data

expression_class_name=os.listdir(r"C:\Users\manag\Downloads'\dataset (1)\dataset\train") #

Loading the classname of different image class
expression_class name
expression_class name[0]

#### Observation:
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- It can be seen that there are ttal number of seven expression class available.
# Showing different image class of various facial Expression

# Showing some of the images of angry class

plt.figure(figsize=(15,11))

path = f'C:/Users/manag/Downloads/dataset (1)/dataset/train/ {expression_class name[0]}" #

Giving the datset path of angry class

print(f"
********************************{expression class name[ (] } %% sk ik sk sk

A )
for i in range(1,7):
plt.subplot(3,3,1)
plttight layout()
rand_img = cv.imread(path +'/+ np.random.choice(sorted(os.listdir(path))))
pltimshow(rand_img)
plt.xticks([])

plt.yticks([])

# some of the images of disgust class
plt.figure(figsize=(15,11))

path = f"C:/Users/manag/Downloads/dataset (1)/dataset/train/ {expression_class_name[1]}" #

datset path of disgust class

print(f"
********************************{expression ClaSS I'lﬂme[l]}********************

HAAEE )
for i in range(1,7):

plt.subplot(3,3,i)
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plt.tight layout()
rand_img = cv.imread(path +'/+ np.random.choice(sorted(os.listdir(path))))
plt.imshow(rand_img)
plt.xticks([])
plt.yticks([])
# Showing some images of fear class
plt.figure(figsize=(15,11))

path = f"C:/Users/manag/Downloads/dataset (1)/dataset/train/ {expression_class_name[2]}" #

data path of fear class

print(f"
********************************{expression ClaSS name[z]}********************

HAAEE )
for i in range(1,7):
plt.subplot(3,3,1)
plt.tight layout()
rand_img = cv.imread(path +'/+ np.random.choice(sorted(os.listdir(path))))
plt.imshow(rand img)
plt.xticks([])
plt.yticks([])
# Showing some images of happy class
plt.figure(figsize=(15,11))

path = f"C:/Users/manag/Downloads/dataset (1)/dataset/train/ {expression_class_name[3]}" #

data path of happy class

print(f"
********************************{expression class name[}]}********************

AR
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for i in range(1,7):
plt.subplot(3,3,1)
plt.tight layout()
rand_img = cv.imread(path +'/+ np.random.choice(sorted(os.listdir(path))))
plt.imshow(rand img)
plt.xticks([])
plt.yticks([])
# Showing some images of neutral class
plt.figure(figsize=(15,11))

path = f"C:/Users/manag/Downloads/dataset (1)/dataset/train/ {expression_class_name[4]}" #

data path of neutral class

print(f"
********************************{expression class name[4] } skt o f ok f

*****“)
for i in range(1,7):
plt.subplot(3,3,1)
plt.tight layout()
rand_img = cv.imread(path +'/+ np.random.choice(sorted(os.listdir(path))))
plt.imshow(rand_img)
plt.xticks([])
plt.yticks([])
# Showing some images of sad class
plt.figure(figsize=(15,11))

path = f'C:/Users/manag/Downloads/dataset (1)/dataset/train/ {expression_class_name[5]}" #

data path of sad class
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print(f"
********************************{expression class name[ 5] }# stk kbl okttt ook

HRAEEN)
for i in range(1,7):
plt.subplot(3,3,i)
plttight layout()
rand_img = cv.imread(path +'/+ np.random.choice(sorted(os.listdir(path))))
plt.imshow(rand_img)
plt.xticks([])

plt.yticks([])

# Showing some images of surprise class
plt.figure(figsize=(15,11))

path = £'C:/Users/manag/Downloads/dataset (1)/dataset/train/{expression_class name[6]}" #

data path of surprise class

print(f"
********************************{expression class name[ (] } %% %k ki sk ek

AR )
for i in range(1,7):
plt.subplot(3,3,1)
plt.tight layout()
rand_img = cv.imread(path +'/+ np.random.choice(sorted(os.listdir(path))))
pltimshow(rand_img)
plt.xticks([])
plt.yticks([])

# Showing the distribution of training data
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colors = ['#1b9e77', '#a91971", ‘#fdaad8" '#6890F 0", '#A8S0F (', red', yellow']
count_of different_class=[]
for i in Class_name:

count_of different class.append(len(os.listdir("C:/Users/manag/Downloads/dataset

(1)/dataset/train/"-+i+"/")))
plt.bar(Class_name,count_of different_class,color=colors)
plt.xticks(rotation=45);
count_of different class
#H# Observation:
- It is observed thata there are happy classes are more in number.
- After that nutral and sad and disgust are very less compare to other emotions expression.
# Through Imagedata Generator generating more data
train_datagen = ImageDataGenerator(
width_shift range =0.1,
height_shift range = 0.1,
horizontal _flip = True,
rescale = 1./255,
zoom_range = 0.2,
validation_split=10.2)
test_datagen = ImageDataGenerator(rescale = 1./255,

)

train_generator = train_datagen.flow from_directory(directory =

"C:/Users/manag/Downloads/dataset (1)/dataset/train/",
target size = (48.,48),

batch_size =32,
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color_mode = "grayscale",
class_mode = "categorical"

)

test_generator = test_datagen.flow_from_directory( directory =

"C:/Users/manag/Downloads/dataset (1)/dataset/test",
target size = (48,48),
batch_size =32,
color mode = "grayscale",
class _mode = "categorical",
)

# Designing the model architecture of the proposed work

model= Sequential() # loading the sequential process of model

model.add(Conv2D(32,(3,3),padding='same' activation="relu’,input_shape=(48.48.1))) #

Adding activation function and input shape

model.add(Conv2D(64,(3,3),padding="same’,activation="relu’)) # Adding different hidden

layer

model.add(BatchNormalization()) # To learn the pattern more independently
model.add(MaxPool2D(pool_size=(2, 2))) # To reduce the dimentionality of images
model.add(Dropout(0.25)) # Apply dropout to avoid overfitting
model.add(Conv2D(128,(3,3),padding="same’,activation="relu’)) # Adding more hidden layer
model.add(Conv2D(256,(3,3),padding="same’,activation="relu’))
model.add(BatchNormalization()) # To learn the pattern more independently
model.add(MaxPool2D(pool size=(2, 2))) # To reduce the dimentionality of images
model.add(Dropout(0.25)) # Apply dropout to avoid overfitting

model.add(Conv2D(256,(3,3),padding="same’,activation="relu'"))
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model.add(BatchNormalization())
model.add(MaxPool2D(pool_size=(2, 2)))
model.add(Dropout(0.25))
model.add(Flatten())

model.add(Dense(100,activation = 'relu')) # Adding relu because it is robust to the vanishing

gradient problem
model.add(Dense(50,activation = 'relu'))
model.add(Dense(225,activation = 'relu'))
model.add(BatchNormalization())
model.add(Dropout(0.25))

model.add(Dense(7, activation='softmax')) # Adding softmax in output layer because

probability distribution of classes
model.summary() # showing the summary of the designed model
## Model Compilation with adom, loss function and acuracy evalution matrix
model.compile(

optimizer = tfkeras.optimizers. Adam(Ir=0.0005),

loss='categorical_crossentropy’,

metrics=["accuracy']

)

## Model fitting or training with train data
history = model. fit(

train_generator ,

epochs=55,

batch_size=32)
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model.evaluate(test_generator) # Finally check the model performance through accuracy

evalution matrix

# Accuracy and Loss values VS Number of Epochs in the model
train_acc = history.history['accuracy']

train_loss = history.history['loss']

plt.xked()

plt.style.use('seaborn-deep')

plt.rcParams["figure.figsize"] = (20, 10)
plt.plot(history.history['accuracy'],marker="*"label="Acc Value")
plt.plot(history.history['loss'],marker="*" label="loss Value")
plt.grid(True)

plt.title("ACCURACY PLOT")

plt.xlabel("Epoch Number")

plt.ylabel("")

plt.show()

## saving the trained model

model.save("My_model.h5") # Saving the models

model.save_weights("Model weights.h5") # sabving the model weights
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6 Video link

https://voutu.be/VUSWprd2PTO
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