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Diagnosis of Covid-19 Pneumonia using Deep
Learning and Transfer learning Techniques

Paritosh Diwakar Mohite
x19199554

1 Software and Hardware Requirement

HP 250 G7 Notebook PC

Device name myownlaptop
Paritosh
Processor Intel(R) Core(TM) i5-8265U CPU @ 1.60GHz 1.80 GHz
Installed RAM 8.00 GB (7.89 GB usahle)
Device 1D 1MA482D-81B5-4116-AT67-3A5F497227C0
Product ID 00230-51951-96681-AAQEM
System type bd-bit operating system, x&4-based processar

Pen and touch  Touch support with 2 touch points

Copy

Figure 1: Hardware Requirement
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€O What is Colaboratory?

Golaboratory,

"Golab" for short, allows you to write and execute Python in your browser, with
+ Zero configuration required

* Free access to GPUs

« Easy sharing

Whether you're a student, a data scientist or an Al researcher, Colab can make your work easier. Watch Introduction to Colab to learn more, or
just get started below!

+ Getting started

The document you are reading is not a static web page, but an interactive called a Colab notebook that lets you write and
code.

For example, hereis a code cell with a short Python script that computes  value, stores it in a variable, and prints the result

scaz0
To execute the code in the above cell, select it with a click and then either press the play button to the left of the code, or use the keyboard
shorteut "Command/Ctrk+Enter”. To edit the code, just click the cell and start editing.

= Varizbles that you define in one cell can later be used in other cells:

Figure 2: Software Requirement



The hardware configuration used in this research is shown in figure [1) The Software
used in this research is google colab in which all the model are implemented and evaluate.
It has its own many library so there is no need to install anaconda navigator is shown in

figure

2 Google Colab Environment setup

e For setting up an environment in google coloab we need first create an account in
colab

e Once the account is created we will be on the home page as shown in figure

e A new notebook needs to be created to start the code. for that we need to go in
file and then select new notebook as shown in figure

' Welcome To Colaboratory

File Edit View Insert Runtime Tools Help

| _ gy MNewnotsbook Zode
i Open noteback crrl+o
0 © Uploadnotsback
i CC
<>
! ‘olab
o " Savezcopyin Drive .
' Save s copyas 2 GitHub Gist .
§  SsveacopyinGitHub -
Save cules Vhett
stg

Download

Print Ctri+pP

Figure 3: Notebook

e In order to run the code faster without any lagging the google colob ah an option
to switch the runtime from local machine to GPU which is shown in figure

y & Untitled0.ipynb
File Edit View Insert Runtime Tools Help #
_  +Code + Text Run all
Run befere

Notebook settings

£ (] Run the focused cel

e Run selection Stri#Shift4Ente
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None ¥ @

None
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TPU

tput when saving this notebook
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CANGEL SAVE
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Manage sessions

Figure 5: GPU allocation
Figure 4: change run time



3 Data Preparation

Certain libraries are required before starting the data preparation

import os

import zipfile

import datetime

from cellectiens import Counter

import sklearn

import numpy as np

import pandas as pd

from sklearn.model_selection impert Stratifiedshufflesplit

import tensorflow as tf

from tensorflow.keras.preprocessing.image impert ImageDatacenerator
from tensorflow import keras

from tensorflew.keras import medels,layers

from tensorflew.keras.utils impert plot_model

import matplotlib.pyplot as plt
import PIL.Image

from IPython.display impcrt Image
import matplotlib.pyplot as plt

Figure 6: Libraries before data preparation

e creating a image directory for each cases.

img_path = "/content/drive/My Drive/covid 13 dataset/'
covid_imgs = os.listdir{img_path+'/COVID')

normal_imgs = os.listdir{img_path+'/Mormal')
pneumonia_imgs = os.listdir(img_path + '/viral Pneumonia®)

Figure 7: creating a image directory

e Image has been plot to check whether correct image directory is created for each
cases.

import PIL.Image
fron IPython.display import Image
import matplotlib.pyplot as plt

print{"normal chest x-ray")

im = PIL.Image.open(os.path.join(img_path, ‘Normal’,normal_imgs[81))
plt.imshow(im, cmap="gray")

plt.show()

print{“Covid chest x-ray")

im = PIL.Image.open(os.path.join(img_path, 'COVID',covid_imgs[e]})
plt.imshow(im, cmap="gray")

plt.show()

print("viral Pneumonia chest x-ray")

im = PIL.Image.open(os.path.join(img_path, 'viral Pneumonia’,pneumonia_imgs[e]))
plt.imshow(im, cmap="gray")

plt.show()

Figure 8: Plot Image

e After correct image directory is created now next step is to append all the images
into a data frame. for that bellow figure show the steps



import pandas as pd
import numpy as np

1list_files = []
for dir in os.listdir(img_path):
aux_dir = os.path.join(img_path,dir)

if os.path.isdir{auw_dir):
For img in os.listdir(aux_dir):
1list_files.append{[cs.path.join{dir,img),dir]}
df = pd.DataFrame{list_files, columns=['id",'label']}
print(df)
df.describe()

from cellections import Counter
def frequency_plot{df):
freq_abs = Counter(df.label);
freq_a = pd.DataFrame.frem_dict(freq_abs, orient='index').reset_index(}
en(df.index)
freq_r = freg_a[e]/total
freq_a[1] = freq_r
freq_a.columns = ['Label’,'No of images', 'Percentage’]
return freg_a
frequency_plot (df)

Label wNo of images Percentage

o COvID 3686 0.239709
1 Normal 10346 0.672823
2 Viral Pneumonia 1345 0087468

Figure 9: Data frame creation

3.1 Data Pre-processing

In this secyion steps involved in pre-procesing data are shown,

e As that data set is imbalanced the first step is to balance the data. Imbalanced
data is shown in figure [9]

e once the data is balanced next step is to append those balanced image to the
previous data frame.

def balance_dataset(focus_class, df):
classes = df.label.unique()
classes_df_list = []
focus_class_df = df[df.label == focus_class]
classes_df_list.append{focus_class_df)
count_focus_class = len(focus_class_df)
ivide by class
for classe in classes:
class_df = df[df.label == classe]
count_class = len{class_df)
if classe == focus_class:
continue
if count_class > count_focus_class+le@e:
class_df = class_df.sample(count_focus_class+1888)
classes_df_list.append(class_df)
df_under = pd.concat{classes_df list, axis=8)
return df_under

#5]

df = balance_dataset('coviD',df)

frequency_plot(df)

Label Mo of images Percentage

0 COvID 3686 0.379335
1 Normal 4686 0452248
2 Viral Pneumonia 1345 0.138417

Figure 10: Data Balance



e after creating new data frame with balanced next step is to split the data into train,
validation and test.

def split_dataset(df,test size,random_state = 1@1):
sss = Stratifiedshufflesplit(n_splits=1, test_size=test_size, random state=random_state)
df = df.reset_index()
for train_index, test_index in sss.split{df['id'], df['label’]):
X_train, X_test = df["id'][train_index], df['id’'][test_index]
y_train, y_test = df['label’][train_index], df['label’][test_index]
traindf = pd.concat([X_train, y_train], axis=1)
testdf = pd.concat([X_test, y test], axis=1)
return traindf,testdf

#divide train/valstest in ge/1e/1e
traindf,testdf = split_dataset(df,test_size =
valdf,testdf= split_dataset(testdf,test_size =
# traindf = balance_dataset('coviD',df)

.25)
8.58)

traindf.id = img_path + traindf.id
valdf.id = img_path + valdf.id
testdf.id = img_path + testef.id

Figure 11: Data set Splitting into train, validation and testing

e Now the image augmentation and Normalization steps are performed shown in
bellow figure

LAl KT LA AT Lt SEe )

o
test_generator = test_datagen.flow_from_dataframe(
dataframe=testdf,
BATCH_STZE=32 directory="00VID-19_ Radicgraphy Dataset™,
train_datagen = ImageDataGenerator(rescale=1./255) x_col="id",
test_datagen = ImageDataGenerator(rescale=1.7255) y_col="label",
val_datagen = ImageDataGenerator(rescale=1./7255 color_node="rgh”
in_datagen = ImageDataGenerator| }“_,_:
rotation_range = 48, shuffle False
width_shift_range = 8.2, & Sy il
o i s batch_size=BATCH_SIZE,
height_shift_range=8.3, o : T
S class mode="categorical®,
shear_range = 8.2, e
cgat si 224 22
zoom_range = @.1, target_size={224,224)
Fill_mode = ° 1
P t{"Creatin =
train_generator latagen. flow_fron_datatrane( print( Creating val generator...”)
dataframe=tra val penerator = wval_datagen.flow_from_dataframe)
director OWID-19_Radicgraphy_Dataset™, dateframe=valdf,
®_col="1d", directory="00VID-19_ Radiography Dataset™,
¥_col="label", ar
bdil.l:_sl:e-ﬁ»ﬂ.TEl-l_SIZE i y_tol="label",
color_node="rgh~, i
= = bateh_size=BATCH_SIZE,
seed=5, % 2
ShusEF1e-True, color_mode="rgh”,
e seed=5,
class_mode="catego .
target_size=(224,224) shuffle=True,
class mode="categorical®,
target_size={224,324)
)

Figure 12: Data Augmentation and Normalization



4 Model Implementation

In this section steps involved in implementing a model are addressed. Before starting the
model building there are some libraries that needs to be installed. Those libraries are
shown in figure

import keras,os

from keras.models import Sequential

from keras.layers import Dense, Conv2D, MaxPool2D , Flatten

from keras.preprocessing.image import ImageDataGenerator

import numpy as np

from tensorflow.keras.layers import Input, Lambda, Dense, Flatten, AveragePocling2D, Dropout
from tensorflow.keras.models import Model, load model

from tensorflow.keras.applications import Xception

from tensorflow.keras.applications.inception_v2 impcort Inceptionva

from tensorflow.keras.applications.vggls import VGﬁlq

Figure 13: Libraries for model implementation

4.1 CNN model Implementation

model = Sequential()
#model.add(base_convnet)
model.add(Conv2D(input_shape=(224,224,3),filters=64,kernel_size=(3,3),paddi
model.add(Conv2D(filters=54,kernel_ =(3,3),padding="same", activation="r
model.add (MaxPool2D(pool_size=(2,2),strides=(2,2)))
model.add(Conv2D(filters i 3,3), padding:
model.add(Conv2D(filters= i
model. add (MaxPool2D(pool_:
model.add(Conv2D(filters=
model.add(Conv2D(filters=
model.add(Conv2D(filters=25¢5,
model.add(MaxPool2D({pool_size=(2,2),stride
model.add(ConvaD(filters=512, kernel_si
model.add(Conv2D(filters=512, kernel_:
model.add(Conv2D(filters=512, kernesl_:
model.add (MaxPool2D(pool_size=(2,2),stride
model.add(Conv2D(filters=512, kernel_siz
model.add(Conv2D(filters=512, kernel_:
model. add (Conv2D(filters=512, kernel_:
model.add (MaxPool2D(pool_size=(2,2),strides=(2,2)))
model.add(Flatten())
model. add(Dense(units=4
model.add(Dense(units

", activation="relu"))

", activation="relu"})
", activation="relu"})

activation="relu"})
activation="relu")
", activation="relu"})

activation="relu"})
activation="relu"})
, activation="relu"})

activation="relu"}})
activation="relu"})
activation="relu"}}

6,activation="relu"))
&,activation="relu"})

model.add(Dense(units=3, activation: Ftmax™}))
#compiling
model.compile(loss = 'cat ical_crossentropy',

optimizi eras.optimizers.adam(e.gee1),
metrics = ['acc'])
model. summary ()

from keras.callbacks import ReducelROnPlateau

from keras.callbacks import EarlyStopping

#Model Parameters

epochs = 28

BATCH_SIZE=22

#callbacks

from keras.callbacks import ReducelLROnPlateau

learning_rate_reduction - ReduceLROnPlateau{monitor='val loss', patience=12, verbese=1, factor=2.5, min lr-2.ceaal)
early_stopping_monitor = Earlystepping(patience=18e,monitor='val_loss', mode = 'min’,verbose=1)

callbacks_list = [learning_rate_reducticn,early_stopping_monitor]

#Verbose set to @ to avoid Notebook visual pollution

cnn_history = model.fit(train_generater, steps_per_epoch=1len(train_generater) // BATCH_SIZE,
validation_steps=len(test_generator) // BATCH_SIZE,
validation_data=val_generator, epochs=epochs,callbacks=[callbacks_list],
verbose=1)

Figure 14: Implementation of CNN model

In this section implemention steps for CNN model are shown. In figure shown bellow
first all the steps involved to create the CNN model are initialized and then the steps
required to compile the model added. after creating model next step shown is to initialze
the early stopping rate and learning reduction rate. Then the model.fit() function used
to start the model initialization with the following paramters. At last the optimizer are
initialized to train the model.



4.2 VGG-16 model Implementation
Similar steps of CNN model are performed for VGG-16 as well.

base_model = VGGLS(input_shape = (224, 224, 3), ¥ Shape of cur inages

inelide_top = False, I Leave sut the last fully comnected layer

welghts = ‘Inagenet’)

- layer in base_model.layers:

layer.trainable = False

W Flatten the cutput layer to 1 dimension
% = layers.Flatten()(base_nodel.output)

I Add a fully connected layer with 512 hidden units and ReLU activation
% = layers.Dense(512, activation="relu')(x)

W Add a dropout rate of 8.5

x = layers.Dropout(8.5)(x)

W Add @ final sigmoid layer for classification
% = layers.Dense(3, activation='signoid')(x)

vggnodel = tf.keras.nodels. Model(base model_input,

le: crossentrogy’ metrics = [“ac

s
t

vggnodel. conpile(optimizer = tf.keras.optinizers.RMSprop(lr

vggnodel. sunmary( )

bose=1, factor=8.5, min_Lr

learning_rate_reduction = ReducelROnPlatesu(monitor='val_loss', patience=18, v

early_stopping monitor = EarlyStopping(patience=188,monitor='val_loss', mode = ‘min’,verboses=1)

or]

callbacks_list = [learning rate reduction,early_stopping_monit

len(train_generator) ¢/ BATCH_SIZE,

vgghist = vggmodel. fit(train_generater, steps_per_epoch
validation_steps=len(test_generator) // BATCH_SIZE,
validation_data-val _generater, epochs=epochs,callbacks=[callbacks 1ist],

verboses1)

Figure 15: Implementation of CNN model

4.3 InceptionV3 model Implementation

Similar steps of CNN model are performed for InceptionV3 as well.

inception w3 fmport Inceptisnvd
4, 124, 1), include_top = False, weights = 'imagenst')

from tensorflow.keras. spplication:

base_incpaodel = IncepticnV3(input_shape = (

for layer In base e1.1ay

layer.trainab

fron tensorflow.keras.optinizers Lnport RMSprop

x = layers Flatten{)(base_incpmodel.output)
X = layers Dense(1822, activations'relu’)(x)
% = layers.Drepout(8.2)(x)

X = layers.Dense(3, actlvation

neld")(x)

15 Model (base_incpnodel . input, x)

incprodel = Lf.kera

incprodel .conpile(optinizer = RMSprop(lr=-8.8621), loss = ‘categorical crossentropy’, metrics = [“ace'])
incprodel sunmary ()

iModel Parameters
epochs = 28
BATCH_STZE=32

Acalls

» patlence=13, verbuse=1, factor=e.5, min_
, mode = ‘min’,verboses1)

_rate_reduction = ReducelROnPlateau(ms

, patience=13, verboses1, factor=s.S, min_lrs 88881}
pping_menitor = EarlyStopping(patie E

, mode = ‘min’,verbose-1)

acks,

t = [earning_rate_reductic
rator) // BATCH_SIZE,
est_generator) // BATCH_SIZE,

rater, epochs=28,callbackss|callback

incphist = Incpmodel.

Figure 16: Implementation of InceptionV3 model



4.4 Xception model Implementation
Similar steps of CNN model are performed for Xception as well.

“t ReducelROAPLateau
-t EarlyStopping

from keras.callbacks

from keras.callbacks i
WModel Parameters
epochs = 28
BATCH_SIZE=32

ACallbacks

from keras.callbacks i "L ReducelROnPlateau

', patience=18, verbose=1, facter=8.5, min_lr=8.80881)

learning_rate_reduction = ReducelROnPlateau(monitors="

sarly_stepping_menitor = EarlyStopping(patience=188,monitors s', mode = ‘min',verboses1)

callbacks_list = [learning_rate_reduction,early_stopping_menitor)

from tensorflow.keras ort Tnput, Lambda, Dense, Flatten, AveragePooling2D, Dropout

1 tensorflow. ker

imagenet”, include top=False,
. 224, 3)3l

xception = Neeption{Meigh

i1

t_tenser=Input (shape={

sutputs = weeptisn.out
eutputs = Flatten{nane: atten" ) {outputs)
outputs = Dropeut(B.5)(outputs)

sutputs = Dense{3, activation="softnax"){outputs)

xweep_model = Mod inputs=xception.input, oulputs=outputs)

for layer in xception.layers:

layer.trainable = False

_summary( )

set to @ to

id Notebook wisual pellution
fit{train_generator, step

xcep_history = xcep_ne -_epech=len(train_generator) // BATCH_SIZE,

validation_steps=len(test_generator) f/ BATCH_SIZE,
acks=[ecallbacks_list],

validation_data=val_generater, epochs=epochs,ca
verboses1)

Figure 17: Implementation of Xception model

5 Evaluation of Implemented models

In this section, evaluation steps that are required are addressed.

5.1 Evaluation of CNN model

fig , ax = plt.subplots(1,2)

fig.set_size_inches(2e, 8)

con_train_ace = cnn_history_history['acc']

1 aee = cnn_| _histery|*val_ace’]
al_loss = con_history.history['val 1

epochs = range(l, len(can_train_acc) + 1)
ax[8].plot{epochs , can_t 1 = 'Training Accuracy’)
ax[8].plot(epochs , can_v validation Accuracy’)

ax[8] .set_title('CNN Me
ax[8]. legend(}
ax[8].set_xlabel({"Epochs”)
ax[8].set_ylabel(“Accuracy” )

datien Accuracy®)

ax[1].
ax[1].

lot(epochs , can
lot(epochs , con_val_loss ,

ain_loss , 'go-' , label = 'Training Lo

b Lo

ax[1] .set_title('CNN Me aining &
ax[1].legend(}
ax[1].set_xlabel{"Epochs”)
ax[1].set_ylabel{"L

plt.show()

Figure 18: Steps for accuracy and loss graph



ldefining target for testing

¥_test = tesit generator.classes
prediction Making

¥_pred = model.predictitest _generator)
y_pred = npp.argmax(y_pred,axis=1)

Figure 19: making predictions

Figure 20: Steps for Confusion matrix and Classification report

Firstly, accuracy and loss plot is taken into consideration as performance metric. The
figure shows the steps involved Second steps to create y prediction i.e to predict the
predicted value with actual value Third step is to plot confusion matrix and classification
report.

5.2 Evaluation of VGG-16 model

Firstly, accuracy and loss plot is taken into consideration as performance metric. The
bellow figure shows the steps involved Second steps to create y prediction i.e to predict the
predicted value with actual value. Third step is to plot confusion matrix and classification
report.



flg , ax = plt.subplots(l,2)
fig.set_size inches(28, §)

vgg_train_ace = wgghist.history[ acc']

vEg train_loss = wgghist.histery[ loss']
vgg wal_ace = vgghist.history['wal_acc']
vgg wal_loss = vgghist.history['val_loss']

epochs = range(l, len(vgg train_asce) + 1)

ax[@].plot{epochs , wgg traln_ace , °go-" , label = 'Training Accuracy')
ax[8].plot(epachs , vgg val_acc , "yo-' , label = "Validation Accuracy')
ax[8].set_title( 'WGG16 Model Training & Valldation Accuracy’)
ax[8].legend( )

ax[A].set_xlabel("Epochs”)

ax[8].set_ylabel("Accuracy™)

ax[1].plot{epochs , vgg_train_loss ., "go-' , label = 'Tralning Loss')
ax[1].plot(epochs , wgg val loss , "yo-' , label = ‘Walidation Loss')
ax[1].set_title{'WGG16 Model Training & Validation Less')
ax[1].legend(}

ax[1].set_xlabel{"Epochs")

ax[1].set_ylabel{"Loss")

plt.show()

Figure 21: Steps for accuracy and loss graph

Idefining target for testing
¥ _test = test generator.classes

lprediction Hakimg
¥_pred vEgnaodel . predict(test generator)

¥_pred = np-argmaxﬁy_pred.a:is=1ﬁ

Figure 22: making prediction

Helassification report of the model
fron sklearn.wetrics lnpert classification_report
print('Model: VGG16', 'in", classification_report(y_test, y_pred, target_names = ['COVID', "Mormal', 'Viral Pneunonia’]})

Model: VGG16

precision  recall fl-score  support

covID .87 8.93 2.50 461

Normal 8.93 8.%2 2.81 5EG

Viral Preuncnia .97 0.89 2.53 168
accuracy 2.51 1215

macro avg .92 8.91 8.51 1215
weighted avg 8.91 8.91 2.81 1215

classes=["COVID", “Normal®, “Viral Preumonia®]
from sklearn.metrics import confusion_matrix
impurt seaborn as sns

HBuild Confusion Matrix

CMatrix = pd.DataFrame{confusion_matrix(y_true, y_pred), columnssclasses, index =classes)
plt.Figure(figsize=(12, €))
ax = sns.heatmap(CMatrix, annot = True, fat = ,vmin = @, vmax = 258,cnap = ‘Blues')
ax.set_xlabel( Predicted’ ,fontsize = 14,weight = "bold')
ax.set_sticklabels{ax.get_xticklabels(),rotation =8);

e

x.set_ylabel( 'Actual’,fontsize = 1a,weight = 'bold'}
ax.set_yticklabels(ax.get_yticklabels(},rotation =3);

ax.set_title( Cenfusion Matrix - Test Sel’,fontsize = 16,weight = "bold’,pad=28);

Figure 23: Steps for Confusion matrix and Classification report

10



5.3 Evaluation of InceptionV3 model

Firstly, accuracy and loss plot is taken into consideration as performance metric. The
bellow figure shows the steps involved

fig , ax = plt.subplots(1,2)
fig.set_size_inches(2@, E)

inep_traln_acc = Lnephist.histery[ ace'])
inep_train_loss = Incphist.histery[ less')

inep_val_ace = inephist.history['val_ace’]

incp_val_loss = Lncphist. history[ val_loss®]
epochs = range(l, len(incp_train_acc) + 1)

ax[8].plet(epechs , incp *, label = ‘Training

, label = 'Validatien Accuracy’)

ax[8].plet{epochs , in

ax[8].set_title( Incepticn
ax[8].legend(}
ax[8].set_xlabel("Epochs”)

Model Training & Walidation Accuracy”)

ax[8)].set_ylabel({ Accuracy” )

ax[1].plet{epochs , incp_train_loss , , label = 'Training Loss')

557 )

ax[1].plot{epochs , incp_val loss

ax[1].set_title( Incepticn Model Training & Validatien Loss')
ax[1].legend( )

» label = ‘Va

ax[1].set_xlabel("Epochs”)
ax[1].set_ylabel{"Loss")

Figure 24: Steps for accuracy and loss graph

Second steps to create y prediction i.e to predict the predicted value with actual value
Third step is to plot confusion matrix and classification report.

Fication_report{y_test_incp, y_pred_incp, target names = ['COVID', 'Normal®, 'Wiral Paeunonia']))

grecision  recall fl-score  support
covID 8.9 8.6 461

Normal 8.7 0.9 586

viral # ia B8.97 8.8 168
accuracy 1215

macro avg 83 1215
welghted avg .83 115

y_true_incp=test_generator.classes

ax.set_ylabel("Actual’,fontsize = 14,uelght = "bold")
ax.set_yticklabels(ax.get_yticklabels(),rotation =6);
ax.set_title('Confusion Malrix - Test Set’ fontsize = 16,welght = ‘bold",pad=28);

Figure 25: Steps for Confusion matrix and Classification report
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Hdefining targetl for testing

¥ _test_incp = test pgenerator.classes

lprediction Haking
¥_pred_incp = incphodel . predict{test generator)
y_pred_incp = np.argnax(y_pred_incp,axis=1)

Figure 26: making predictions

5.4 Evaluation of Xception model

Firstly, accuracy and loss plot is taken into consideration as performance metric. The
bellow figure shows the steps involved Second steps to create y prediction i.e to predict the

fig . ax = plt.subplots(i.2)

Fig.set_size inches(28, )

xcep_train_acc = xcep history.history['accuracy’]
axcep_traln_loss = xcep_history.history['loss' |

xcep_val_ace = xcep_histery.history['val acecuracy’]
xcep_val_loss = xeep_history.history['val_loss']

epochs = range(l, len{xcep_train_acc) + 1)

ax[@].plot(epochs , xcep train ace , "go-" , label = 'Training Accuracy’)
ax[@].plot(epochs , xcep_wal_ace , ‘ye-' , label = ‘Validation Accuracy')
ax[@].set_title( '¥ception Model Training & Validation Accuracy')
ex[@].legend()

ax[a].set_xlabel{~Epochs”])

ax[8].set_ylabel( Accuracy”}

ax[1].plot{epochs , xcep train loss , "go-" , label = 'Training Loss')
ax[1].plot(epochs , xcep wal loss , 'yo-' idation Loss')
ax[1].set_title( Xception Model Training & Validation Loss®)
ax[1].legend()

ax[1].set_xlabel("Epochs” )

ax[1].set_ylabel{"Loss")

» label = "Wal

plt.show()

Figure 27: Steps for accuracy and loss graph

predicted value with actual value Third step is to plot confusion matrix and classification
report.
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Hdefining target for testing
¥_test_xc = test penerator.classes

Hprediction Haking
y_pred_xc = Efep nodel.predictitest generator)
fng.argnax(y_pred xc; axis=1)

¥_pred_xc

Figure 28: making predictions

Nelassification report of the model

fron sklearn.metrics Inporl classificatlon report
print(‘Medel: Xception', "\n', classification_report(y_test_xc, y_pred_xc, target_names = ['COVID, ‘Normal®, "Viral Preumenia®]))
Model: Xception
precision  recall fl-score  support
covID 8.87 .89 .88 461
Normal 8.98 .33 .85 586
Viral Eneuncnia B.9a 854 8.92 168
accuracy .82 1115
macro avg 8.98 8.51 e.38 1115
8.98 R .89 115

welghted avg

lormal”, "Viral Pneumonia”]

¢lasses=[ "COVID", "
fron sklearn.wetrics lnport confusion matrix
import seaborn as sns

UBuild Confusion Mateix

CMatrix = pd.DataFrame(confusion matrix(y_test _xc, y_pred xc), colums=classes, index =classes)

plt. Figure(figsize=(12, &))
ax = sns.heatmap(CMalrix, annct = True, fat vmln = @, wmax = 258,cmap = "Blues')

ax.set_xlabel('Predicted’,fomtsize = 13,weight = ‘bold’)
ax.set_xticklabels(ax.get sticklabels(),rotation =8);

ax.set_ylabel( Actual®,fontsize = 14,welght = "bold')
ax.set_yticklabels(ax.get yticklabels(),rotation =8);
ax.set_title( Confusion Matrix - Test Set’,fontsize = 16,weight = "bold’,pad=28);

Figure 29: Steps for Confusion matrix and Classification report
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