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CONFIGURATION MANUAL
VIPIN SHARMA
Student ID: X22207406

1 INTRODUCTION

The steps required to finish the research project, Improving Emotion Detection and Music
Recommendation Through Advanced Facial Recognition and Optimized Hyperparameters
Tuning (1) are provided in this configuration manual along with the system configuration,

software, and hardware requirements information.

The structure of the configuration manual is as: In the section 2 all the information regarding
the software and hardware are mentioned which is used for this research. The library which is
imported, basic data visualization, and train-test splitting of the data are covered in the
section 3. Section 4 shows the image pre-processing steps of the data for the different
architectures and advanced pre-trained models. In section 5 shows the CNN architecture,
ResNet50, and Xception model architectures with hyper-parameter tuning. The predictions of
the images are shown by using the different models in section 6. In section 7, the Music
Player UDF, basic visualization, and basic pre-processing of song data are covered. In the last
section, 8 Finally, recommendations of songs on the new images have been shown. In the last

Referencing are mentioned.
2 SYSTEM CONFIGURATION

The specifications for the hardware and software required for this project are given in the

section below.

2.1 Hardware Requirements

System Name Asus VivoBook 15

Operating System Windows 11

RAM 8.00 GB

Hard Disc Space 477GB

CPU 64-bit, 15-1235U CPU @1300Mhz

Table 1: Hardware Requirements




2.2 Software Requirements

Programming Language Tools Visual Studio Code
Web Browser Google Chrome
Other Software’s Overleaf, Microsoft Word

Table 2: Software Requirements

3 PROJECT DEVELOPMENT

In this section Python library that is used for this project, basic data visualization, and train-

test splitting of the data are covered.

3.1 Python Library

port numpy as np

rocessing i
import tr
ics import confusion matri
nsorflow.keras.models import load model

s.preprocessing.image import ImageDataGenerator
ras.layers import Conv2D, MaxPooling2D, Flatten, Dense, Dropout, BatchNormalization

s.callbacks import Earlystopping, ModelcCheckpoint, ReducelROnPlateau
s.utils i

s import

ras.models import Sequential, Mode
s import *
s.applications import VGG16, Resl




Figure 1: Python Library

3.2 Train-Test Splitting

train_data
test_data =

unt (path, name):
_Dict = {}

~ Class in os.listdir(path):
Full path = os.path.join(path, Class)
if os.path.isdir(Full_pPath):
Classes_Dict[class] = len(os.listdir(Full_Path))

df = pd.DataFrame.from dict(Classes Dict, orient="ir ', columns=[name])

Train Count = Classes Count(train data, "Train").sort values(by='Train', ascending=
Test Count = Classes Count(test data, ").sort values(by="Test', ascending= )

pd.concat([Train_Count, Test_Count], axis=1)
v 00s

Train

happy 7215

neutral 4965

sad 4830

fear 4097

angry 3995
surprise

disgust

Figure 2: Train-Test Splitting

3.3 Basic Visualizations

Train_Count.plot(kind="bar" Test Count.plot(kind="bar")
02s

<Axes: >

surprise
surprise




Figure 3: Train-Test Visualization

plt.style.use
plt.figure(fi

image count = 1
BASE_URL = \N

for directory in os.listdir(BASE_URL)
dir_path = os.path.join(BASE_URL, directory)
if os.path.isdir(dir_path):
for i, file in enumerate(os.listdir(dir_path)):

plt.subplot(1, 7, image_count)
image_count += 1
file_path = os.path.join(dir_path, file)
image = cv2.imread(file path)
image = cv2.cvtColor(image, cv2.COLOR_BGR2RGB)
plt.imshow(image)
plt.title(directory, fontsize=26)
plt.axis('off")

plt.show()

Python

neutral surprise

Figure 4: Different Types of Facial Expression

4 IMAGE PROCESSING

The Pre-processing of the data for every architecture CNN with hyper-parameter and two
advanced pre-trained deep learning models with hyper-parameter ResNet50 and Xception are
shown in this section. To learn and understand the pre-trained model better the author read
the ResNet50 article (Ruiz, April 2024)(15) and for the Xception read the (Sarkar, May
2019)(15).



4.1 Pre-processing and augmentation for CNN Model

img shape = (48,48)
batch_size = 64

rescal
rotation_|
ZOOM_rang: »
width shift ran,
height_shift_rang
horizontal flip=True
fill_mode=

)

test_preprocessor = ImageDataGenerator(
rescale=1/255.

)

trained data = train_preprocessor.flow from directory(
train_data,
class mod g 7,
target_size=(img_shape),
color_mod
shuffle
batch

Figure 5: CNN Pre- Processing



4.2  Pre-processing and augmentation for ResNet50 Model

ResNet50 Model

batch

height_shift
horizontal_ flip
fill mode="near«

ImageDataGenerator(

trained data = train preprocessor.flow from directory(
train_data
rical’,
ape, img_shape

)

tested data — test preprocessor.flow from ¢

shuffl
batch, batch

Found 28709 images belonging to 7 classes.
d 7179 images belonging to 7 clas

Figure 5: ResNet50 Pre-Processing

4.3 Pre-processing and augmentation for Xception Model

Xception Model

escale
rotation_r
zoc

width shift

ontal

mode:

ned_data = train_preprocessor.flow

ical",
shape, img_shape),
- _moc
shuffl
batch
subse
>

tested data = test_preprocessor.flow _from directory(
test_data,
class_mod
target_size
color_mod
shuffle=
batch_size=batch size

Found 28709 images belonging to 7 classe
Found 7179 images belonging to 7 classes.

Figure 6: Xception Pre-Processing



MODEL ARCHITECTURES

5.1 CNN Model Architectures

Creating own CNN Model Architecture

def Convoltional Neural _network():

model = Sequential()

model.add(Conv2D(32, kernel size=(3, 3), activation="relu’, input shape=(img shape[@],img shape[1],3)))
model.add(BatchNormalization())

model.add(Conv2D(64, (3,3), activation="relu’, padding="same"'))

model.add(BatchNormalization())

model. add(MaxPooling2D(pool size=(2, 2), padding="same'))

model.add(Dropout(0.25))

model.add(Conv2D(64, kernel size=(3, 3), activation='relu', ))
model.add(BatchNormalization())

model.add(Conv2D(128,(3,3), activation="relu', padding="same'))
model.add(BatchNormalization())
model.add(MaxPooling2D(pool_size=(2, 2), padding="same'))
model.add(Dropout(0.25))

model.add(Conv2D(128, kernel size=(3, 3), activation="relu"))
model.add(BatchNormalization())

model.add(Conv2D(256,(3,3), activation="relu’, padding='same'))
model.add(BatchNormalization())
model.add(MaxPooling2D(pool size=(2, 2),padding="same"))
model.add(Dropout(@.25))

.add(Flatten())

.add(Dense(1024, activation="relu"))
.add(BatchNormalization())
.add(Dropout(8.5))

.add(Dense(512, activation="relu"))
.add(BatchNormalization()
.add(Dropout(0.5))

.add(Dense(256, activation="relu'))
.add(BatchNormalization()
.add(Dropout(8.5))

.add(Dense(128, activation="relu'))
.add(BatchNormalization())
.add(Dropout(0.5))

.add(Dense(64, activation="
.add(BatchNormalization())
.add(Dropout(0.5))

model .add(Dense(32, activation=
model . add(BatchNormalization()
model. add(Dropout (0.5))

model . add(Dense(7,activation="softmax"))

return model




CNN_Model = Convoltional Neural network()

CNN_Model . summary ()

CNN_Model .compile(loss="categorical crossentropy', optimizer='adam', metrics=["accuracy’])
v 16s Pyt

WARNING: tensorflow:From c:\Users\415vi\anaconda3\Lib\site-packages\keras\src\b .p 3: The name tf.get default graph is deprecated. Pleas

WARNING:tensorflow:From c:\Users\415vi\anaconda3\Lib\site-packages\keras\src\layers\normalization\batch_normalization.py:979: The name tf.nn.fu

Model: “sequential”

Layer (type) Output Shape Param #

conv2d (Conv2D) (None, 46, 46, 896

batch_normalization (Batch (None, 46, 46, 128
Normalization)

conv2d_1 (Conv2D) (None,

batch _normalization 1 (Bat (None,
chNormalization)

max_pooling2d (MaxPooling2 (None,
D)

dropout (Dropout) (None, 23,

conv2d_2 (Conv2D) (None, 21,

Non-trainable params: 5376 (21.60 KB)

CNN final Score = CNN Model.evaluate(tested data)

print("Test Loss :{:.57}".format(CNN final Score[@]))
print("Test Accuracy:{:.2f}%".format(CNN final Score[1]*100))

v 1375

WARNING: tensorflow:From c:\Users\415vi\anaconda3\Lib\site-packages\keras\src\utils\tf utils.py:492: The name tf.ragged.RaggedTensorValue is

113/113 [ ] - 14s 113ms/step - loss: @.955@ - accuracy: ©.6497
Test Loss :8.95499
Test Accuracy:64.97%

Figure 7: CNN Model Architecture and Accuracy

5.2 ResNet 50 Model Architectures

def Create resNet5@ model():

model = Sequential([
Reshet5o,
Dropout(.25),
BatchNormalization(),
Flatten(),
Dense(64, activation='relu'),
Batchhormalization(),
Dropout(.5),
Dense(7, activation="softmax’

)

return model




ResNet5e Model= Create_resNet5e_model()
ResNet5@_Model . summary()

ResNet5@_Model.compile{optimizer="adam', loss='categorical crossentropy', metrics=[ 'accuracy'])

v 0Ts

Model: "sequential 1"

Layer (type) Output Shape Param #

resnet50 (Functional) (None, 7, 7, 2048) 23587712
dropout_9 (Dropout) (None, 7, 7, 2048)

batch normalization 12 (Ba (None, 7, 7, 2048)
tchNormalization)

flatten_1 (Flatten) (None, 100352)
dense_7 (Dense) (None, 64) 6422592

batch_normalization_13 (Ba (None, 64) 256
tchNormalization)

dropout_1@ (Dropout) (None, 64)

dense 8 (Dense) (None, 7)

Total params: 30019207 (114.51 MB)
Trainable params: 23377799 (89.18 MB)
Non-trainable params: 6641408 (25.33 MB)

ResNet5@_final Score = ResNet5@ Model.evaluate(tested_data)

print("Test Loss :{:.5f}".format(ResNet50 final Score[@]))
print("Test Accuracy:{:.2f}%".format(ResNet5@ final Score[1]*108))

v 6m223s
113/113 [ ] - 382s 3s/step - loss: 1.2577 - accuracy: 0.5175

Test Loss :1.25774
Test Accuracy:51.75%

Figure 8: ResNet50 Model Architecture and Accuracy

5.3 Xception Model Architectures

def Create_Xception_model():

model = Sequential([
Xception_base,
Dropout(@.25),
BatchNormalization(),
Flatten(),
Dense(64, activation='relu"),
BatchNormalization(),
Dropout(e.5),
Dense(7, activation="softmax’

i)

return model
v’ 00s

Xception Model = Create Xception_model()

Xception Model.summary()

Xception Model.compile({optimizer="adam', loss='"categorical crossentropy', metrics=['accuracy'])
v 0Ts




Model: "sequential 2"

Layer (type) Output Shape Param #

xception (Functional) (None, 7, 7, 2048) 20861480
dropout_11 (Dropout) (None, 7, 7, 2048) 2]

batch_normalization_18 (Ba (MNone, 7, 7, 2048)
tchnormalization)

flatten_ 2 (Flatten) (None, 106352) 2]
dense_9 (Dense) (None, 64) 6422592

batch_normalization_ 19 (Ba (None, 64) 256
tchNormalization)

dropout_12 (Dropout) (None, 64)

dense_10 (Dense) (None, 7)

Total params: 27292975 (1e4.11 MB)
Trainable params: 18595575 (70.94 MB)
Non-trainable params: 86974080 (33.18 MB)

Xception Model = load model({"Xception Model 25.h5")

v 48s
+ Code ~+ Markdown

Xception_Score = Xception Model.evaluate(tested data)

print("Test Loss :{:.5f}".format(Xception_Score[®]))
print(“"Test Accuracy:{:.2f}%".format(Xception_Score[1]*100))
v/ 6m 46.3s
113/113 [ ] - 4865 4s/step - loss: 1.8119 - accuracy: ©.7023

Test Loss :1.01191
Test Accuracy:70.23%

Figure 9: Xception Model Architecture and Accuracy

IMAGE PREDICTION USING MODELS

6.1 CNN Model Prediction

CNN Prediction

Random_batch = np.random.randint(®, len(test generator) - 1)

Random_Img Index = np.random.randint(e, test generator.batch size - 1, 10)
fig, axes = plt.subplots(nrows=2, ncols=5, figsize=(25, 10), subplot kw={"xtick

for i, ax in enumerate(axes.flat):
Random_Img = test_generator[Random batch][@][Random_Img_ Index[i]]
Random_Img_lLabel = np.argmax(test_generator[Random batch][1][Random Img_Index[i]])

resized img — tf.image.resize(Random Img, (48, 48))
Model Prediction = np.argmax(CNN_Model.predict(tf.expand_dims(resized img, axis=0), verbose=0))
ax.imshow(Random_Img)

if Emotion_Classes[Random Img Label] == Emotion_Classes[Model Prediction]:
color = ‘green’

else:
color = ‘red’

ax.set_title(f"True: {Emotion_classes[Random Img_ Label]}\nPredicted: {Emotion_classes[Model_prediction]}", color=color)

plt.tight_layout()
plt.show()




6.2 CNN Model Prediction

Figure 10: Prediction on different Face Expression

6.3 Xception Model Prediction

Xception Model Prediction

from tensorflow.keras.models import load model

Random batch = np.random.randint(e, len(test generator) - 1)

Random Img Index = np.random.randint(@, test generator.batch size - 1, 10)

fig, axes = plt.subplots(nrows=2, ncols=5, figsize=(25, 10), subplot kw={'

for i, ax in enumerate(axes.flat):
Random Img = test generator[Random batch][@][Random Img Index[i]]
Random Img_Label = np.argmax(test_generator[Random batch][1][Random Img Index[i]])
resized_img = tf.image.resize(Random Img, (224, 224))

Model Prediction = np.argmax(Xception Model.predict(tf.expand_dims(resized img, axis=0), verbose=@))

ax.imshow(Random Img)

if Emotion Classes[Random Img Label] == Emotion Classes[Model Prediction]:
color = n'

else:

color = ‘red’
ax.set_title(f" (Emotion_Classes|[Random Img_Label] }\n C {Emotion_Classes[Model Prediction]}", coler=color)

plt.tight layout()
plt.show()

11



Figure 11: Prediction on different Face Expression

7 MUSIC DATASET LOADING, VISUALIZATION AND UDF

7.1  Working With Music Dataset

Music_Player = pd.read csv(r'D:\N

Music Player = Music Player[['name’,'artist’,

Music_Player.head()
/ 01s

name
1999

3

9 Crimes

99 Luftballons

4 ABoy Brushed Red Living In Black And White

Music Player[ ‘mood’].value counts()
v 00s

Sad 197
Calm 195
Energetic 154
Happy 140
Name: mood, dtype: int64

artist  mood popularity

Prince Happy

Blonde Redhead Sad
Damien Rice Sad
Nena  Happy
Underoath  Energetic

12

68
43
60

P
60

Figure 12: Load the Music Data




7.2 Pre-Processing and Understanding

Play = Music Player[Music Player|'mood']=="Caln']
Play = Play.sort values(by= ', ascending=False)
Play = Play[:7].reset_index(drop=
display(Play)
v 00s

name artist mood popularity

Lost Annelie  Calm o4
Curiosity Beau Projet  Calm 60
Escaping Time  Benjamin Martins ~ Calm 60
Just Look &t You 369 Calm 59
Vague  Amaranth Cove  Calm 59
What You Love You Must Love Now  The Six Parts Seven ~ Calm

alpha waves Eucalyptic ~ Calm

Figure 13: Preprocessing and Sorting

7.3 Create User-Define Function (UDF)

def Recommend_Songs(pred_class):
if(pred_class =="Disgust'):

Play = Music_Player[Music_Player "]=="sad"]

Play = Play.sort_values(by="popula ', ascending=False
Play = Play[:5].reset_index(drop=

display(Play)

if (pred class=="Happy' or pred class=='Sad'):

Play = Music_Player[Music_Playe
Play = Play.sort_values(by="p
Play = Play[:5].reset_index(drop
display(Play)

if (pred class=="Fear’ or pred class=—'A

Play = Music_Player[Music_Playe
play = play.sort_values(by="popula
Play = Play[:5].reset_index(dro
display(Play)

if (pred_class=="Surprise' or pred_class=="Neutral'):

Play = Music_Player[Music_Player[’
Play = Play.sort values(by="p
Play = Play[:5].reset index(dro
display(Play)

Figure 14: Creating User Define Function (UDF)
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8 TESTING AND FINAL PREDICTION ON FACIAL IMAGE WITH SONGS

8.1 Prediction by using the Proposed CNN models

Predicting New Images

def load_and_prep image(filename, img shape=48):
img = image.load_img(filename, target size=(img_shape, img_shape))
img = image.img_to_array(img)
img = img / 255.0
return img

ef pred_and_plot(filename, class_names):

img = load_and_prep_image(filename)

pred = CNN_Model.predict(np.expand dims(img, axis=8))

pred_class = class_names[pred.argmax()]

plt.imshow(img)

plt.titl diction: {pred class}")
plt.axis("off")

plt.show()

Recommend_Songs(pred_class)

Emotion Classes = ['An

\N \Ri \F \t \P , Emotion Classes

Figure 15: Prediction New Images Using CNN Model

] - es 3ems/step

Prediction: Sad

name artist mood popularity

Pumped Up Kicks  Foster The People Happy 84
Africa TOTO Happy 84

Take on Me a-ha Happy
Highway to Hell AC/DC  Happy 83
Here Comes The Sun - Remastered 2009 The Beatles Happy 83

Figure 16: Music Recommendation on Predicting Facial Expression
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name artist mood popularity

Pumped Up Kicks Foster The People Happy 84
Africa TOTO  Happy 84

Take on Me a-ha Happy 84
Highway to Hell AC/DC  Happy 83
4 Here Comes The Sun - Remastered 2009 The Beatles Happy 83

Figure 17: Prediction Facial Expression and Give the Music
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