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2. CNN Model by tf.keras :
(1) **colab ¥ » FHL &

[ ] from google.colab import driwve
drive. mount {7 focontent/drive™ )

Mounted at fcontent/drive

[ 1 from zipfile import ZipFile
file name = ' driwve/MyDrive/archiwve.zip’
with ZipFile(file _name, 'r’') a=z =zip:
zip. extractall ()
print " Done’ )

Done

(2) > ¢i* $ehE * Importing Various Modules

[ ] import mumpy as np # linear algebra
import pandas az pd # data processing, CS5V file TI/0 {e.g. pd read csv)
import seaborn as  sns
import matplotlib. pyplot =2z plt
import matplotlib. image az mimg
import aeaborn asz  sns
%matplotlib inline
from sklearn.metrics import confusion matrix

import covl
import os
import glob

from os import listdir, makedirs, getcwd, remove

from os.path import isfile, join, abspath., exists, isdir, expanduser
from PIL import Image

from pathlib import Path

from skimage.io import imread

from skimage.transform import resize

from tensorflow. keraz.preproceszing. image import ImagelataGenerator

from tensorflow. keras.models import Sequential

from tensorflow.keras.layers import ConvzZD, MaxPooling2D, Dense, SeparableConv2D
from tensorflow. keras. layerzs import GlobalMaxPooling2D, Flatten, Dropout

from tensorflow. keraz.layers import BatchMormalization

from tensorflow. keras.optimizers import Adam. EMSprop, SGD

3 ZHEXYFHEE zHPHTETH

© RAINDIR=. . /content
TEST _DIR='.. /conten
VAL_DIR=".. /content -
1t (os. listdir (TRAIN_DIR))
1t (os. listdir (TEST_DIR))
nt (os. listdir (VAL_DIR))

[’ NORMAL', ’PNEUMONIA’]
[’ NORMAL', ' PNEUMONIA ]
[’ NORMAL', ' PNEUMONIA’ ]
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3.

Training Data /&J% :

(1) #-Normal =H@] & FAL# % % Label 0 ~Pneumonia eH@] 7 F A% &

Label 1> mAlis Feiz » o

° # list of all the training images

o

tr,

ain_normal = Path(INPUT_PATH + °/train/NORMAL’).gleob(’*. jpeg’)

train pneumonia = Path(INPUT_PATH + ’/train/PNEUMONIA’).glob(’*. jpeg’)

# [1]
# Train data format in (img_path, label)

# Labels for [ the normal cases = 0 ] & [the pneumonia cases = 1]

b3

normal_data = [(image, 0) for image in train_normall

pneumonia_data = [(image, 1) for image in train_pneumonial

train_data =

normal_data + pneumonia data

# Get a pandas dataframe from the data we have in our list
train_data = pd.DataFrame(train_data, columns=["image’, ’label’])
# Checking the dataframe...
train_data. head()
image label
0 ./content/chest_xray/trainflNORMAL/IM-0517-000... 0
1 ..Icontent/chest_xray/trainfNORMAL/IM-0466-000... 0
2 ../content/chest_xray/train/fNORMAL/IM-0292-000... 0
3 ./content/chest_xray/train/NORMAL/NORMAL2-IM-... 0
4 ..Icontent/chest_xray/train/fNORMAL/IM-0408-000... 0

Pneumonia 2. #&& > & M Bl & &1 2 o

[] # Counts for both classes
count_result =
print (' Total of Train Data : 7,

print (count_result)

train_datal’ label’ ]. value_counts ()
len(train_data),

# Plot the results
plt. figure (figsize=(8, 5))
sns. countplot(x = ’label’, data = train_data)
plt. title (' Number of classes’, fontsize=16)
plt. xlabel (" Class type’, fontsize=14)
plt. ylabel (' Count’, fontsize=14)
plt. xticks (range (len(count_result. index)),
[ Normal 0', ’Pneumonia 11,
fontsize=14)
plt. show()
[» Total of Train Data : 5216 (@ : Mormal; 1 :
1 3875
2} 1341

Name: label, dtype: inté64

Number of classes

(2)

Data * Normal 1< %

(0 : Normal: 1

print (train_data)

image
0 ‘econtent/chest_xray/train/PNEUMONIA/persondl. ..
1 .. /content/chest_xray/train/PNEUMONIA/personll. ..
2 .. /content/chest_xray/train/PNEUMONIA/personld. . .
3 ‘content/chest_xray/train/PNEUMONIA/person6l. . .
4 ‘content/chest_xray/train/PNEUMONIA/personl2. ..
5211 /content/chest_xray/train/PNEUMONIA/personld. ..
5212 /content/chest_xray/train/PNEUMONIA/personlT. ..
5213 /content/chest_xray/train/NORMAL/NORMAL2-IM-. ..
5214 /content/chest_xray/train/NORMAL/IM-0700-000. ..
5215 /content/chest_xray/train/PNEUMONIA/personld. . .

[5216 rows x 2 columns]
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(3) %% load_data &3¢ @ 122 i{ % Train ~ Test ~ Validation
Datasets > 12 Normal=0 ~ Pneumonia=1 2. 353\ % » o

° def load_data(files_dir=" /train'):
# 1list of the paths of all the image files
normal = Path(INPUT_PATH + files dir + '/NORMAL').glob(' #. jpes’)
pneumonia = Path(INPUT PATH + files dir + /PNEIMONIA').glob( #. jpez’)

#

# Datapaths format in (img_path, label)

# labels : for [ Normal cases = 0 1 & [ Prneumonia cases = 1 ]
#

normal_data = [(image, 0) for image in normall

pneumonia_data = [(image, 1) for image in pneumonial

image_data = normal_data + pneumonia_data

# Get a pandas dataframe for the data paths

image_data = pd.DataFrame(image_data, colums=["image', 'lakel’])

# Shuffle the data

imagze_data = image_data.sample(frac=l., random state=100).reset_index (drop=True)
# Importing both image & label datasets...
¥_images, v_labels = ([data_irput{image_data.iloc[il[:]) for i1 in range(len(image_data))],

[image_data.iloc[il[1] for i in ranze(lenl(image_data))])

# Convert the list into numpy arrays

¥_images = np.array(x_images)
v_labels = np.array(y_labels)
print(“Total number of images: ", x_images. shape)
print(“Total number of labels: ", y_labels. shape)

(4) %% data_input 3% @ 3 » 344 2 Bl &9 R bt ] (
224x224 with 3 channels) ® #&& it & -
o

# 1. Resizing all the with 3
# 2 normalize
def data_i t(dataset) :
% print(dataset. shape)
for image file in dataset:
image = cv2.imread(str(image file))
image = cv2.resize(image, (224, 224))

if image. shape[2] = 1:

stack(): Stack

image = np.dstack([image, image, image])

cv2. cvtColor): The function converts an input image

z from one color space to another
x_image = cv2.cvtColor(image, cv2. COLOR_BGRZRGE)
# Normalization

x_image = x_image.astype(np.float32)
return x_image

~



(5) #-+#73 Dataset 2 Bl fr4 %2334 % » » 12 Train Data % & :

[25] # Import train dataset. ..
¥_train, v_train = load data(files dir= /train’)

print(x_train. shape)
print(y_train. shape)

Total mumber of images: (5216, 224, 224 3)
Total mumber of labels: (5218,

(521m, 224, 224, 3)

(52186, )

[26] x_train[0]. shape

(224, 224, 3)

° %_train[0]

array ([[[0. 09019608,
[0. 09019608,
[0. 08018608,

08019608, 0. 09019608],
09019608, 0, 090196087,
. 09018608, 0. 09019608],

=
==

=]

[0. 2EREREAS,
[0. 25882354,

=

26666663, 0. 26666668],
25382354, 0. 268823541,

=

[0. 27450982, 0.27450982, 0. 27450922]],
[[0. 09019608, 0.09019608, 0. 09019608], [[0. 11764706, 0.11764706, 0. 11764708],
[0. 09019608, 0. 09019608, 0.09019608], [0. 10380392, 0.10980392, 0. 10980392],
[0. 09019608, 0. 05019608, 0. 09019608], [0. 11764708, 0.11784706, 0. 117647081,
[0. 28627452, 0. 28627452, 0. 28627452], T0. 16862746, 0. 16852745, 0. 16862746],
[0. 27450982, 0.27450982, 0.27450982], [0. 14117648, 0. 14117648, 0. 14117648],
[0. 2784314 , 0.2784314 , 0.2724314 1], [0. 1882353 , 0. 1882363 , 0.18382353 11,
[[0. 09019608, 0. 09019608, 0. 090196087, [[0. 11764706, 0.11764706, 0. 11764708],
[0. 08627451, 0.08627451, 0.08627451], [0, 11764706, 0. 11764706, 0.11764706],
[0. 08627451, 0. 08627451, 0.08627451], [0. 12841177, 0.12941177, 0. 129411771,
[0. 274E0082, 0. 27450082, 0. 27450832], [0. 19215687, 0.19215687, 0. 19215637,
[0.2501961 , 0.2801961 , 0.2901961 1, [0. 12156863, 0.12156863, 0. 12156863,
[0. 3019608 , 0.3010608 , 0.3019608 1], [0. 19215687, 0. 19215687, 0.19215687]11], dtype=float3Z)
[ 1 v _train
[[0. 09803922, 0.09803922, 0.09203922],
[0. 12941177, 0.12941177, 0.12941177], array([1, 1, 1, ..., 0, 0, 11}

[0. 11372549, 0. 11372549, 0. 11372548],

[0. 12156863, 0. 12156863, 0. 121568631,
[0. 14509505, 14509805, 0. 14508805],
[0. 14509805, 0. 14508205, 0. 14509805]],

=



(6) MARKE e N R IR

[ 1 fig, ax = plt.subplots(3, 4, figsize=(20,15))
for i, axi in enumerate(ax. flat):
image = imread(train_data. image[il)
axi. imshow (image, cmap= bone’)
axi.set_title((’Normal’ if train data.label[i]l == 0 else ’Pneumonia’)
+ 7 [size=" + str(image.shape) +1',

fontsize=14)
axi. set (xticks=[], vticks=[])
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[ ] def data_auzm():
print (' Using real-time data augmentation.’ )
# This will do preprocessing and realtime data augmentation:
datagen = ImageDataGenerator(
# randomly shift images horizontally (fraction of total width)
width_shift_range=0. 05,
# randomly shift images vertically (fraction of total height)
height_shift_range=0. 05,
# rotation range=:20,
horizontal flip=True, # Randomly flip inputs horizontally.
# wvertical flip=True, # FRandomly flip inputs wvertically.
# =zoom_range=[0.95, 1.08] # Range for random =zoom

)

return datagen



FREA CE 2 EARERF A 5 Sequential s E 2w - K S A
filters % 32 Kernal Size 25 X5 %= & ¥4k filters & 48 ~
Kernal Size % 3 X 3 %= K ¥# % filters % 064 Kernal Size % 3
X35 m@p it~ %5 2x2> 2 Dropout B L8 87 gy » 40 S5~ > %
pF A EREEE 0 BTRE L 5):0.25 0 activation ¥ = reluc

[ ] model = Sequential([
Conw2D(32, (E,B), activation= relu, padding= same’,
input_shape=(224, 224 3}, name= Convl 1'),
BatchMormalization(name="bnl 1'),
Conw?2D(32, (5,5), activation= relu, padding= same’, name= Convl 2°),
BatchMormalization(name="bnl_2"J,
Conw2D(32, (5,5), activation= relu , padding=" same’, name= Convl 3'),
BatchMormalization(name="bnl_3"J,
MaxFPooling2D((2, 2), name="NaxPooll'J,
Dropout (0, 257,

Conw2D(48, (3,3), activation= relu , padding=" same', name= Conv2 1'),
BatchMormalization(name=bn2_ 177,

Corw?D(4%, (2, 2), activation=relu', padding="same’, name= Conw? 2"},
BatchNormalization(name="bn2 27,

Corw?2D(48,  (3,3), activation= relu’, padding=" same’, name= Conw? 3 ),
BatchNormalization(name="bn2_37 ),

NaxPooling2D((2, 2), name= NaxPool2' ),

Dropout (0. 257,

Conw?2D(R4, (3,3), activation= relu, padding= same’, name= Conw3 1),
BatchNormalization(name="bn3_1"),

Conw2D(F4, (3,3), activation= relu , padding=" same’, name= Conv3 2'),
BatchNormalization(name="bn3_2°),

Conw2D(A4, (3,3), activation= relu , padding=" same’, name= Conv3_3 ),
BatchNormalization(name=" bn3_37 ),

MaxFooling2D((Z, 2), name="NaxPoold' ),

Dropout (0. 257,



#¥F 1% 1x1 convolution layer & * % = ~7 ~= [# & > 1x1 convolution

(

Filter #hiE™ G 0% iRR » L7 ' MAR » BRNRT » ' 13§

RES L VRS F-R R R

F_k

Flatten 4= % fenfiy » — daiv > § %
=it~ e & 2x20 F Dropout A “ﬁﬁ&%&%ﬁ%/\jd A R LR

# L% 51):0.25 0 activation ¥k & relu-

# Using “1lxl convolution layer” to lower the complexity of computing
# [Ref]l: Prof Andrew Mg, “Inception MNodule”,
# https:/ fwww. youtube, com/watch?v=EfVECThhEQ

Convw?D(64, (1,1), activation='relu , padding= same’, name= Convd 1 1x17),
BatchNormalization(name=" bnd 1_1x1"J,

Conw2D(128, (3,3), activation=relu, padding= same’, name= Convd 2°),
BatchNormalization(name="bnd 2" ),

WaxPooling2D((2, 2), name="MaxPoold’ ),

Dropout (0. 257,

# Usineg “lxl convolution layer”

Conw2D(128, (1,1}, activation= relu’, paddins= same’, name= Conwh 1 1x1"7,
BatchNormalization(name="bn5_1_1x1"J,

Convw?D(256, (3,3), activation=relu , padding= same , name= Conv5 2 ),
BatchNormalization(name=" btn5_2° ),

MaxFPooling?D((2, 2), name= NaxFPoolB' ),

Dropout (0. 257,

# Using “1lxl convolution layer”

Conw2D(256, (1,1), activation= relu’, padding= same’, name= Convh 1x1" ),
BatchNormalization(name=" bnf_1x1"J,

Conw2D(512, (3,3), activation= relu’, name= Convf 277,
BatchNormalization(name="bné_2°),

Dropout (0. 5),

Flatten(),

Dense(fd, activation='relu’, name= fc'),
BatchNormalization(name=" bn_fc ),

Dropout (0. 257,

Densell, activation= sizmoid, name= Output’ )

D



IJ‘ 2 - . 4 ) o3 ,% ~ 2 - o é
@5 e orm 1 gk 0 ONN Model § 2,669,361 % Sdicd & & 735 -
B
[ ] model. summary ()
Model: “sequential”
Layer [type) COutput Shape Param #
Convl_1 (Conv2D) (None, 224, 224, 32) 2432
bnl_1 (BatchNormalization) (None, 224, 224, 32) 128
Conv1_2 (ConviD) (None, 224, 224, 32) 25632
bnl_2 (BatchNormalization) (None, 224, 224, 32) 128
Conv1_3 (Conv2D) (None, 224, 224, 32) 25632
bnl_3 (BatchNormalization) (None, 224, 224, 32) 128
NaxPooll MaxPooling2D) (None, 112, 112, 32) 0
dropout (Dropout) (Mone, 112, 112, 32) 0
ConveZ_1 (Conv2D) (None, 112, 112, 48) 13372
bn2_1 (BatchNormalization) (None, 112, 112, 48) 162
Conv2_2 (ConviD) (None, 112, 112, 48) 20784
bn2_2 (BatchNormalization) (None, 112, 112, 48) 192
ConvZ_3 (Conv2D) (None, 112, 112, 48) 20784
bn2_3 (BatchNormalization) (None, 112, 112, 48) 162
L] Comes_1_1x1 (ConvaD) (Nome, 14, 14, 128) 16512
NaxPool? (MaxPoolingZD) (None, 56, 56, 48) 0
bn5_1_lxl (BatchNormalizatio (None, 14, 14, 128) 512
dropout_1 (Dropout) (None, 56, 56, 48) 0
Conw5_2 (Conv2D) (None, 14, 14, 256) 205163
Conv3_1 (ConvZD) (None, 56, 56, &4) 27712 —
n5 2 (Batchlormalization) (Nome, 14, 14, 25&) 1024
bn3_1 (BatchNormalization) (None, 56, BA, f4) 256 WaxPools (MazPooling2D) (MNome, 7, 7, 258) 0
Conv3_2 (ConvZD) (None, 56, 56, B54) 36028 dropout_4 (Dropout) (Nome, 7, 7, 256) 0
bn3_2 (BatchNormalization) — (None, 56, 56, &4) 256 Conv6_1x1 (ConviD) (None, 7, 7, 256) 6572
Conv3. 3 (Conw?D) None, 56, 56, 64 26008 bnf_1x1 (BatchNormalization) (Nome, 7, 7, 256) 1024
Corwé_2 (Conw2D) (Hone, 5, 5, 512) 1180160
tn3_3 (BatchNormalization) (Hone, 56, 56, 64) 256 i e
bnf_ 2 (Batchllormalization) (None, 5, 5, G512) 2048
NaxPool2 (MaxPoolingZD) (None, 28, 28, &4) 0
dropout_5 (Dropout) (Hone, 5, 5, 512) 1]
dropout_2 (Dropout) (Mone, 28, 28, &4) 0
flatten (Flatten) (Home, 128000 ]
Corwd 1_1x1 (Conv2D) (None, 28, 28, B84) 4160 o (Denme) (Home, 50) 10262
brnd_1 1zl (BatchMormalizatio (None, 28, 28, &4) 256 bn fe (BatchNormalization) (Hone, 64) 956
Conwd 2 (Conw?D) (MNone, 28, 28, 122) 73856 dropout_6 (Dropout) (Hone, &4) o]
bnd_2 (BatchNormalization) — (Wome, 28, 28, 128) 512 Output (Dense) (None, 1) o5
N Total params: 2,673, 041
NaxPoold (MaxPoolingZD) (None, 14, 14, 128) 0 Trainable pavams: 2 b60, 351
Nom-trainable params: 3, 680
dropout_3 (Dropout) (MNone, 14, 14, 198) 0
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3. W EHA SL#co &% eh optimizer  RMSprop: B ¥ F 4 0.005

[143] # EMSprop Optimizer with Learning-rate Decay
lr_with_decay = 0.005
opt = EMSprop(lr=1r_with_decay, decay=lr_with_decay/100.)

model. compile {optimizer=opt,
loss=tf.keras. losses. BinarvCrossentropy ifrom_logits=True),
metrics=[" accuracy 1)

A B S  BUBCHE X Sk R

print {"With data augmentation.’)
° datagen = data_augmi)
epochs = 10

# Compute gquantities required for feature—wisze normalization

# (std, mean, and principal components if ICA whitening is applied).

datagen, fit (x_train(:train data mum])

# Fit the model on the hatches generated by datagen. flowi).

history_data_aug = model.fit_generator(datagen.flow(x_train[:train data num], 7_train[:train_data_rmm],
batch_size=batch_size).
epochas=epochs,
wvalidation data=(x_train(train data num:], ¥ train[train data num:]),
# walidation_data=ix_wval, ¥_wall,
workers=4
,callbacks = [learning_rate_reduction])

With data augmentation.

Uzing real-time data augmentation.

fusr/local/lib/pythond. 6/ dist—packages/tensorflow/python/keras/engine/training. py: 1844 UserWarning: “Model. fit_generator  is deprecated =
warnings. warn| Model,fit_generator iz deprecated and °

Epoch 1710

263263 [ ] - 495 1T6ms/step — loss: 0L06BY - accuracy: 0.9780 — wal loss: 0.3102 - wal_accuracy: 0.8711
Epoch 2/10

2637263 [ 1 - dbs 1TIms/step — loss: 0.0430 - accuracy: 0. 9870 — wal loss: 0.0710 - wal_accuracy: 0.9754
Epoch 3710

2637263 [ 1 - 45z 17im=/step - los=: 0.0451 - accuracy: 0.9816 - wal_loss: 0.0881 - wval_accuracy: 0.3646
Epoch 4,10

2637263 [ 1 - 45z 17im=/step - loz=: 0.0690 - accuracy: 0.8786 - wal_loss: 0.0724 - wal_accuracy: 0.8774
Epoch 5/10

2637263 [ 1 - 4853 17im=/step - loz=: 0.0442 - accuracy: 0. 89860 - wal_loss: 0.0800 - wal_accuracy: 0.8783
Epoch /10

2637263 [ ] - 45z 170m=/step - lozs: 0.0628 - accuracy: 0.89760 - wal_loss: 0.10581 - wal_accuracy: 0. 9646
Epoch 7/10

2637263 [ ] - 45z 170m=/step — lozs: 0.0541 - accuracy: 0.9820 - wal_loss: 0.1376 - wal_accuracy: 0.8537
Epoch 00007: EeducelROnFlateau reducing learning rate to 0.0014909999664723873.

Epoch 8/10

2637263 [ 1 - 458z 170ms/step — loss: 0.0445 — accuracy: 0, 9857 - wal_loss: 0.0694 - wal_accuracy: 0.9803
Epoch 9/10

2637263 [ ] - 4bs 17Ims/step — loss: 0.0439 - accuracy: 0.9845 — wal loss: 0.063% - wal_accuracy: 0.9813
Epoch 10/10

2637263 [ ] - 4bs 17Imz/step - loss: (L0438 - accuracy: 0. 9855 - wal loss: 0.0879 - wal_accuracy: 0.09734

11



2.

BOAROR 2 47 BRI B RS o test accuracy & 83.33% 0 40T B 47T

[100] # Score trained model.

lozs, acc = model.evaluate(x_test, w_test, wverbose=1)

print (" Test lozz:”, loza)
print (" Test accuracy: ., acc)

20/20 [
Test losz: 0.6333600881729126
Test accuracy: 0.8333333134651184

1 - 1= @2ms/step - loss:

0.6334 — accuracy: 0.8333

& %)% % Loss ~ Accuracy ¥ Epochs 2. B 7% B

° ace = history_data aug.history[” accuracy’ ]

wval_acc = history_data aug.history[ wal_accuracy’ ]

losz = history_data aug. hiztory[’ loss"]

wal_lozs = history_data aug.history[ wal_losz’]

epochs_range = range(l, epochs + 1)
import matplotlib.pyplot az plt
plt. figure(figsize=(16, &)

plt. subplot (1, 2, 1)

plt.plot (epochs_range, acc, label="Training Accuracy’ )
plt.plot (epochs_range, wal_ace, label=' Validation Accuracy’ )

plt. legend{loc="lower right’)
plt. ylim(0, 1}
plt. xticks (epochs_range)

plt.title( Training and Validation Accuracy with Data fugmentation’)

plt.subplot (1, 2, 2)

plt.plot{epochs_range, loss, label=" Training Lozsz")
plt.plot{epochs_range, wval_loss, label="Validation Loss’)

plt.legend{loc="upper right’}
plt.ylim{0, 1}
plt.xticks (epochs_range)

plt.title (" Training and Validation Loss with Data Augmentation’)

plt. showi)

Training and validation Accuracy with Data Augmentation

Training and validation Loss with Data Augmentation

P ————

e

—

— Taining Accuracy
Validation Accuracy

— Taining Loss
Validation Loss

1 2 3 2 5 6 7 1] e w

12




1.

AR ETEES

i

(D) FFRlSEFEF 2Lk

° correct = np.nonzero(predictions == y_test)[0]
incorrect = np.nonzero(predictions != y_test)[0]
i =0

for ¢ in correct[2:8]:
plt. subplot(3, 2, i+1)
plt. xticks ([1)
plt. yticks ([1)

plt. imshow(x_test[c], cmap="gray”, interpolation="none )

plt. title(“Predicted Class {},Actual Class {}”.format(predictionslc]l, y_testlcl))

plt.tight_layout()
1o+ 1

Predicted Class 1,Actual Class 1 Predicted Class 1,Actual Class 1

Predicted Class 1,Actual Class 1 Predicted Class 1,Actual Class 1

(2) FERIEFEFT LS IR

for ¢ in incorrect[:6]:
plt. subplot(3, 2, i+1)
plt. xticks([1)
plt. yticks ([1)
plt. imshow (x_test[c], cmap="gray”, interpolation="none )

plt.title(“"Predicted Class {}, Actual Class {}”.format(predictions(c],

plt. tight_layout()
1o+ 1

[ Predicted Class 1,Actual Class 0 Predicted Class 1,Actual Class 0

Predicted Class 1,Actual Class 0 Predicted Class 1,Actual Class 0
744 =

13

y_test[c]))



8. %L Confusion Matrix

° mat =

print (mat)

confusion_matrix (¥_test, v _pred)

plt. figure (figsize=1(3,6))

znz. heatmap (mat, =quare=False, amnot=True, fmt ="d7, char=True, amnot_lkws={"zize":
plt.title ("0 Normal 1 Preumonia’, fomtzize = 20)
plt. xticks (fontzize = 16)
plt.yticks (fontzize = 16)
plt.xlabel {"predicted walue™, fontsize = 20)
plt.vlabel ("true walue’, fontsize = 200
plt. show)
G [[ 98 136]
[ 1 389]]
0 : Normal 1 :Pneumonia
- 350
o 300
) - 250
=
8 - 200
[0}
E - 150
o
— - 100
- 50

0 1
predicted value
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r ~ Fdkiki

B0 MpwS s Al FEAE Activation ~ Filters ~ Learning Rate ~
Optimizer » & %3 * test accuracy &% 2. %¥c °
1. # & Activation %% > ¥ & %|B~{¥ Sigmoid ~ Relu ~ Tanh 2 test

accuracy °

»

B

Y
=

(1) #-Activation % % Sigmoid > I B~¥ Sigmoid 2. test accuracy

62. 5% -

[75] model = Sequential([ ConvlD (G4, (1,1), activation= signoid’, padding= same’, name='Convd 1_1x1"),

§ e s H
ConvID(3%, (5,5), activation='relw, padding=' sans’, BatchWormalization(name="bnd 1 1x1'),

input_shape=(224, 724, 3), name='Convl_1’), ConvdD (128, (3,3), activation= zigmoid', padding="zame’, name="Convd_2'),
Batchlornalization(nane=bnl_1'), Batchlormalization(name="tnd_2°J,
ConvID(32, (5,%), activation'relw, padding= sane’, nane=Comvl_2'), WazPoolingZD((Z,2),  nane=MaiPoold'),
Batchllornalization(name="bnl_2'), Dropout (0. 25),
Conv2D(32, (5,9), activation=relu', padding="same’, name= Convl 3'),
BatchNormalization(name="bnl 3"}, # Using “1xl convolution layer”
MaxPooling2D( (2, 2}, name="MaxPoall’), Conw2D (128, (1,1), activation= zigmoid', padding="zame’, name= Convi_ 1 1x1'),
Dropout (0. 25), BatchNormalization(name="bnfS_1_1x1),

Conw2D (256, (3,3), activation= zigmoid', padding="zame’, name=" Convd 2°),

Conv2D (43, (3,3), activation= sigmoid’, padding= same’, name= Convi_1'], BatchNormalizationiname="bn5_2°J,
Batchllornalization (name="bn2_1"], MaxPoolingZD((2,2), name=NaxPoolf"),
ComvIDU8, (3,3), activation= siemoid, padding= sane’, mane=Comvl2),  Dropowt (0. 23),

Batchllornalization(nane="bnZ_2'),

ConvID (45, (3,8), activation='sizmoid’, padding= same’, name= Convi '), # Using “1xl convolution layse®
Batchllornalization{name=" bn2_3'), ConwaD (256, (1,1,
MazPooling2D((2,2), nane='MaxPool?’),

Dropout (0. 25],

activation=" sizmoid’, padding="same’, name= Convf_1x1'),
Batchlornal ization{nans=brf_1x1’},

Conw2D (612, (3,3), activation="sigmoid', name='Convh '),
Batchlormalization{nane="bnf_2'),

Couv2D (A4, (3,3), activation= sigmeid’, padding= same’, name= Conv3_17),
Dropout (0. 5),

BatchNormalization(name="bn3_1"),
ConvID (G4, (3,3), activation="sigmoid’, padding= same’, name= Conv3_2'),

BatchNornalization(name="bnd_2’), Flatten(),

ConvID B4, (3,3), activation® sigmoid, padding= same’, name= Convd_3), Denss (84, activation= sigmoid’, name="fc’],
Batchlormalization (nane="bnd_3'), Batchlornalization(name="bn_feo'),
MazPaoling2D((2,2), name=MaxPoald’), Dropout (0. 251,

Dropeut (0. 25), Dense(l, activation=" sigmoid’, name= Output’)

° # Score trained meodel.
lozs, acc = model.evaluate(x test, ¥y _test, werboze=1)
print (' Test loszs:’, loss)

pIint(’Test accuracy:’, acc)

C» 20420 [ 1 — 1z 40mz/step — los=: 0.6918 — accuracy: 0.6250
Test lo=zs: 0.691808819770813
Tezt accuracy: 0,625
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[

(2) #Activation %k 3 Relu > # B~i¥ Relu

model = Sequential ([

Conw2D (32,

(5,5), activation= relu’,
input_shape=(224, 224, 3),

Batchormalization(name="bnl 1"},

Conw2D (32,

(5,5), activation= relu’,

BatchNormalization(name="bnl 2" ),

Conw2D (32,

activation= relu,

(5, 5),

Batchlormalization (name="bnl 3" ),

MaxFooling2D((2, 2],

name= NaxFooll' ),

Dropout (0. 25),

Conw2D (42,

activation= relu,

(3, 3),

Batchormalization(name="bn2_1"J,

Conw2D (43,

(3,3), activation="relu’,

Batchlormalization(name="bn2 2°),

Conv2D (48,

(3,3), activation= relu’,

Batchlormalization(name="bn2 3" ),

MaxFooling2D((2, 2],

name=" NaxFool2' ),

Dropout (0. 257,

Conw?2D (84,

Qg eif i
activation= relu’,

(3,3},

Batchlormalization(name="bn3 1" ),

Conw2D (64,

(3,2), activation="relu’,

Batchormalization(name="bni_2"J,

Conw2D (64,

(3,3), activation= relu,

Batchlormalization(name="bn3_3" ),

MaxPanling2D (2, 23,

name=' NaxFPool3’ ),

Dropout (0. 257,

98] model

[100] # Score trained model.
lo=s,
primt (" Test loss:’,

print (" Test  accuracy: .

2020 [

padding=" sams’,
name="Coreel_17 ),

padding=" same’,

padding=" same’,

padding=" same’,
padding=" same’ ,

padding=" same’ ,

padding="same’,
padding=" same’ ,

padding=" same’,

acc = model. evaluate(x_test,
loss)

v

Z_ test accuracy ¥ &

83% o

Conw2D (64, (1,1), activation= relu’, padding= same’, name= Conwd_1_1x1"),
BatchNormalization(name="bnd_1_1x1"),

Conw2D(128, (3,3),

activation= relu’,

Batchlormalization(name="bnd 2]},

name=" Conwl 2’

MaxPooling2D((2, 2],

name="NaxPoold’ ),

Dropout (0. 25),

name=" Corwl_3’

# Using
Conw2D(128, (1, 1],

“1x1  convolution layer”
activation= relu’,

BatchNormalization(name="bn5_1_1x1"},

ConvaD(266, (3,3],
Batchlormalization(name="bn5_ 2"},
MaxPooling2D((2, 2],
Dropout (0. 25,

name=" Corw?_1’
name=" Corw2_2’

name=" Conw?_3’

# Using
Conw2D (256, (1, 1),

activation= relu ,

name="NaxPoolS ),

“1x1  convolution layer”
activation= relu’,

Batchlormalization(name="bnf_lx1"),

Conw2D (512, (3,3),

activation= relu ,

BatchNormalization(name="hné_2'),

name="Conw3_1’
name=" Corw3_2’

name=" Corw3_3

Dropout (0. 5),

Flatten(),
Dense (A4,

Batchlormalization(name="bn_fc’J,

activation="relu', name= f¢'),

Dropout (0. 25,

Densef1,

v_test, wverbose=1)

Test losz: 0.6333600881729126
Test accuracy: 0.8333333134651184

(3) #-Activation #% % Tanh » # B~{¥ Tanh

62. 4% -

= Sequential([

ConviD(32, (5,5), activation= tank’, padding= same’,

input_shape=(224,224,3), name= Convl_1"),

Batchlormalization(name="bnl_1'),

ConviD(32, (5,5), activation= tank’, padding= same’,

Batchlormalization(name="bnl_2'),

ConviD(32, (5,5), activation= tank’, padding= same’,

BatchlNlormalization (name="bnl_3"),
MaxPoolingZD((Z, 2), name=MNaxPooll'],
Dropout (0. 25),

Conv2D (48, (3,3), activation= tank’, padding= zans’,

BatchlNormalization (name="bn2_1'),

ConveD (48, (3,3), activation= tank’, padding= zans’,

Batchlormalization (name="bnd_2'),

ConveD (48, (3,3), activation= tank’, padding= zans’,

BatchlNormalization (name="bnd_3'),
MaxPoolingZD((Z, 2), name="MNaxPoolZ'],
Dropout (0. 25),

Conv2D (A4, (3,3), activation= tanh’, padding= sane’,

BatchlNormalization (name="bn3_1'),

Conv2D (A4, (3,3), activation= tanh’, padding= sane’,

Batchlormalization (name="bn3_2'),

Conv2D (A4, (3,3), activation= tanh’, padding= sane’,

Batchlormalization (name="bn3_3'),
MaxPoolingZD((Z, 2), name="MNaxPoold’],

° # Score trained model.

lozs, acc = model.evaluate(x_test,

print(’ Test loss:’, loss)
print{’ Test accuracy:’, acc)

20020 [

T_test,

Test lozs: 0. 6228642772326606

Test acouracy: (. 8233074060150241

name=" Convl_2"),

name= Convl_3"],

name=" Canv2_1"J,
name=" Canv2_3"J,

name=" Canv2_3"J,

name=" Canv3_1"),
name=" Canv3_2" ),

name=" Canv3_3"),

verbose=1)

16

activation=" sigmoid’, name= Output’)

1 - 1z 62mzfztep — lozz: 0.6334 - accuracy: 0.8333

Z_ test accuracy 4 &

padding=" same’,

padding=" same’,

padding=" same’,

padding=" same’,

name=" Convh_2"),

name=" Conwd_2" ),

name=" Corw5_1_1x1"),

name=" Conwb_2' ),

name=" Convé_1x1"),

Conv2D (84, (1,1), activation= tamnh’, padding="same’, name= Convi_1 1x1"),

BatchNormalization(name= bn4_1 11"},
Conv2D (128, (3,3,
BatchNormalization(name="bnd 2'),
MaxPooling2D((2,2), name="MaxPoold’],
Dropout (0. 25),

# Using “lx1 convolution layer”
Conv2D (128, (1,1},
BatchNormalization(name= bnf_1 11"},
Conw2D (256, (3,3,
BatchNormalization(name="bnf 2'),
MaxPooling2D ({2, 2), name="MaxPoolf’ ),
Dropout (0. 25),

# Using “lx1 convolution layer”
Conv2D (258, (1, 1),
Batchllornalization(nane= bufi_1x1'),
Conv2D (512, (3,3),
BatchNormalization(name="bnfi 2’ ),
Dropout (0. 5],

Flatten(),
Denze (A4,
BatchNormalization(name="bn_fc'),
Dropout (0. 25),

activation=' tanh’, name="fc'),

] — 1z 48me/step — los=: 0.BB9Y — accuracy: 0.6234

activation="tank’, padding="same’, name= Convd 2°),

activation= tanh’, padding="same’, name="Conv5_1 1x1"),

activation= tank', padding=' zame’, name= Convd_2°),

activation= tanh’, padding="same’, name="Convfi_1x1"),

activation= tanh’, name= ConvB_2'),



AEFilters $#c> 1 4~ WB{F 2 Filters 2. test accuracy °

(1) #-Filters% 5 8 ¥ P H test accuracy £ 5 80.4% -

° model = Sequentialil
Conw2D (2, (5,5), actiwation="relu’ ., padding="same’,
input_shape= (224, 224, 3), name=" Conwvl 17},
Batchlormalization(name="tnl_1"],
Conw2D (32, (5,5), activation="relu’ , padding="same’, name=" Conwl 277,
BatchlNormalization (name="bnl_ 27 ),
ConwveD (32, (5,58), activation="relu’ . padding="same’ . name="Conwvl_3"),
BatchWNormalization(name="bnl_ 37,
MaxPooling2D ({2, 2}, name="MaxPooll’},
Dropout (0. 15},

[40] # Score trained model.

loss, acc = model.evaluate(x test, ¥ _test, werbose=1)

print (" Test losz=:", loss)

print (" Test accuracy:’, acc)

20020 [ ] - 1z 8Tnaf=tep — lozs: 0.6985 - accuracy: 0.8045

Tezt lozz: 0.698543548H8395844
Test accuracy: 0.8044871687889099

(2) #-Filters* 5 16> I B~ H test accuracy 4 % 76% °
[216] model = Sequential([

Conv2D (16, (5,5), activation= relu’, padding= zame’,

input_shape=(224, 224, 3), name="Convl_1"],
BatchNormalization(name="bnl_1'],
Conv2D (32, (5,5), activation= relu', padding= same’, name= Conwl 2'),
BatchNormalization(name="bnl_2'],
Conv2D (32, (5,5), activation= relu', padding= same’, name= Conwl 3'),
BatchNormalization(name="bnl_3" ],
MaxPooling2D ((Z,2), name= MaxPooll'),
Dropout (0. 157,

° # Score trained model.

loss, acc = model.evaluate(x_test, v _test, wverbose=1)

print(’Test loss:’, loss)

print(’Test accuracy:’, acc)

20420 [ ] - 1s 6lms/step — loss: 0.8171 — accuracy: 0. 7949

Test loss: 0.B8170822858810425
Test accuracy: 0. 7948718070983887
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(3) #-Filtersik% % 32> ¥ P H test accuracy £ 5 83.3% -

[60] model = Sequential ([
Conv2D (32, (5,5), activation="relu’, padding="=zame’,
input_shape=(224, 224, 3), name="Convl_ 1),
BatchlNormalization(name="bnl_177.
Conv2D (32, (6,5}, actiwvation="relu’ . padding="same’ . name=" Conwl_27),
BatchlNormalization(name="bnl_277,
Corv2D (32, (6,5}, actiwvation="relu’ . padding=" same’ .
BatchlNormalization(name="hbnl 377,
MaxPooling2D ({2, 2), name="MaxPooll™),
Dropout (0. 15),

name=" Conwl_37 ),

[100] # Score trained model.

losz, acc = model.evaluate(x_test., ¥_test., werboze=1)

print (" Test loss:’. lozz)

print (" Test accuracy:’. acc)

2020 [ 1 - 1z 62mzfztep - lozz: 0.6334 - accuracy: 0.8333

Test losgsz: 0.6333600881729126
Test accuracy: 0.8333333134651184

(4)#-Filtersx & 64 > #B2~{F H test accuracy X » T4.8% °
[41] model = Sequential([
Conv2D(64, (5,5), activation="relu’, padding="same’
input_shape=(224, 224, 3), name="Convi_1"),

BatchNormalization(name="bnl_1"),
Conv2D (32, (5,5), activation="relu’, padding="same’,
BatchNormalization(name="bnl_2"),
Conv2D(32, (5,5), activation="relu’, padding="same’,
BatchNormalization(name="bnl_3"),
MaxPooling2D((2, 2), name="MaxPooll’),
Dropout (0. 15),

>

name="Convl_2’),

~r

name="Convl_3"),

[49] # Score trained model.

loss, acc = model.evaluate(z_test, ¥_test, werboze=1)

print (" Test losgs:’, loss)

print(’ Test accuracy:’. acc)

20420 [ 1 - 1= 72msf=step - losa: 1.0287 - accuracy: 0.7484

Test loss: 1.0Z286966562271118
Test accuracy: 0. 7483974009159241

# & Learning Rate %-#ic > 1~ %|P~{¥ % Learning Rate 2. test

accuracy °
(1) #-Learning Rate 3% 5 0.001% > = P~ 2 test accuracy £ = 80% °

[73] # FEMSprop Optimizer with Learning-rate Decay
lr_with_decay = 0.001

opt = EMSprop(le=lr_with_decay. decay=lr_with_decay/100.)
model. compile (optimizer=opt.,

lozs=tf.keras. lozzes. BinarvCrossentropy (from_logits=True),
metrics=[" accuracy’ 1)

18



[T7] # GScore trained model

loss, ace = model.evaluate(z test, ¥ test, werbose=1)

print (" Test loszs:’, loss)

print (" Test accuracy:’, acc)

20720 [ 1 - 1= G3msS=tep — lo=s=: 1.1378 - accuracy: 0.7612

Tezt lozsz: 1.1378488540649414
Test accuracy: 0.TELZ21T79517746B072

(2) #-Learning Rate 3% % 0.003% » ¥ 2~i{8 H test accuracy % » 80% °

[202] # EMSprop Optimizer with Learning—rate Decay
lr_with_decay = 0.003
opt = EMSprop(lr=lr with decay, decay=lr with decay/100.)

model. compile {optimizer=apt,

lozz=tf.keras. losses. Binary(rozzentropy (from_logits=True),
metrics=[" accuracy’ 1)

° # Score trained model.

loss, acc = model.evaluate(x_test, ¥_test, werboze=1)

print{ Test los=z:", loss)

prin‘t(’Test accu:cacy:’, ace)

20020 [ ] — 1z Bdmzfstep — loss: 0. 7970 — accuracy: 0.8013

Test losa: 0. T9E95TER045623TE
Test accuracy: (L B012820452254028

(3) #-Learning Rate 3k % 0.005% > ¥ P H test accuracy £ 5 83.3% -

[143] # EMSprop Optimizer with Learning-rate Decay
lr_with_decay = 0.005
opt = EMSprop{lr=1r_with_decay, decay=lr_with_decay/100.)

model. compile (optimizer=opt,

lozs=tf. keras. losses. BinarvCroszentropy (from_logits=True),
metrice=[" accuracy’ ]}

[100] # Score trained model.

loss, acc = model.evaluate(x_test, v_test, werboze=1)

print (" Test loz=:", lao=zz)

print (" Test accuracy:’. acc)

2020 [ 1 - 1z f2mzS=tep - lozz: 0.A334 - accuracy: 0.8333

Tezt los=: 0.6333690881729124
Tezt accuracy: 0.8333333134651184
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(4) #-Learning Rate 3% % 0.008% » ¥ B~i8 H test accuracy % » Tb% °

[185] # EMSprop Optimizer with Learning—rate
lr_with_decay = 0,008

opt = EMSprop(lr=lr_with_ decay,

model. compile (optimizer=opt,

Decay

decay=lr_with_decay/100.)

lozs=tf. keras. losses. BinarvCrossentropy (from_logitz=True),

metrics=[" acouracy’ 1)

o # Score trained model.
loss, acc = model.evaluate(x_test,
print (" Test loss:", loss)
print (" Test acocuracy:’, acc)

[» 20720 [ ]

Test loz=: 1.T476751804351807
Test accuracy: 0. TOGTI0OTI2080H687T3

v test, werboze=1)

- lz 63maf=tep - lo=a:

1.7477 - accuracy: 0. 7067

4. A% Optimizer $-#c > I 4 W[ B-{F & Optimizer 2 test accuracy °

(1) #-Optimizer % = Adam °

[54] # Adam Optimizer with Learning-rate

1r_with_decay = 0,008
opt = Adam(lr=1r_with_decay.

model. compile (optimizer=opt,

Decay

decay=1r_with_decay/100.)

T B~ H test accuracy & » T73.5%

lozs=tf.keras. losses. BinaryCrossentropy (from_logits=True),

metrics=[" accuracy’ ]}

[58] # Score trained model.

losgs, acc =
primt (" Test loss:”, loss)
primt (" Test accuracy:’, acc)

zoszo [

model. evaluate (x_test,

v_test, werboze=1)

Test lozs: 1.0539230108261108

] - 1z Gdmz/atep - loza:

Test accuracy: 0. T3H0TAY2TE518958

(2)

[143] # EMSprop Optimizer
0. 005
EMSprop (1r=1r_with_decay,

lr_with decay =
opt =

model. compile (optimizer=opt,

with Learning-rate

Decay

decay=1r_with_decay/100.)

1.0839 - accuracy: 0. 7306

#-Optimizer % % RMSprop > ¥ 2~ H test accuracy % = 83. 3%

loss=tf.keras. losses. BinaryCrossentropy (from_logits=True),

metrica=[" accuracy’ 1)

[100] # Score
loss,
print (" Test loss:’.

trained model.
acc = model. evaluate (x_test,
loss)

acc)

print(’ Test accuracy: .

20/20 [

v_test, werboze=1)

Test logsz: 0.6333690881729126
Test accuracy: 0.8333333134651184

1 - 1z B2mafztep — loza: 0L6334 - accuracy: 0.8333
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(3) #-Optimizer & 5 SGD » ¥ 2~ H test accuracy % = 75. 6%

[62] # 3GD Optimizer with Learning-rate Decay
lr_with_decay = 0.0058
opt = SGD{lr=1r_with_decay. decay=lr_with decay/100.)

model. compile (optimizer=opt,

loss=tf.keras. los=es. BinaryCrozsentropy (from_logits=True),
metrics=[" accuracy’ 1)

° # Score trained model.

loss, acc = model.ewvaluate(x_test, ¥ _test, werhose=1}

print (" Test loss:", losz=)

print (" Test accuracy:’, acc)

20420 [ 1 - 1z éBmsSstep — loszs: 0.9550 - accuracy: 0. 7564

Test loss: 0. 9549T7H00839645386
Teat accuracy: 0.7THA4102411270142

AeBt FEAKREL T4 o d T ELF &0 Activation EH * Relu 2
test accuracy #& % ° Filters 4 * 32 # test accuracy #& % ° Learning

Rate =+ * 0.005 H test accuracy # & ; Optimizer &+ * RMSprop #

test accuracy #% ° FlP A = #-E* 12 b test accuracy #& % 2. S8 o

Activation Filters Learning Rate Optimizer

Test Test Test Test

£ S P S ik P S

accuracy accuracy accuracy accuracy
Sigmoid 62. 5% 8 80. 4% 0.001 64% Adam 73. 5%
Relu 83. 3% 16 6% 0.003 80% RMSprop 83. 3%
Tanh 62. 4% 32 83. 3% 0.005 83. 3% SGD 75. 6%
64 74. 8% 0.008 5%
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(1) H+ WP Egp s X £ Pl R A MBS I R EVH
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https://docs.scipy.org/doc/numpy/reference/generated/numpy.dstack.html

https://docs. opencv. org/2. 4/modules/1mgproc/doc/miscel laneous transfo

rmations. html

https://www. kaggle. com/calexhu/data—preprocessing-for-pneumonia-

detection
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https://docs.scipy.org/doc/numpy/reference/generated/numpy.dstack.html
https://docs.opencv.org/2.4/modules/imgproc/doc/miscellaneous_transformations.html
https://docs.opencv.org/2.4/modules/imgproc/doc/miscellaneous_transformations.html
https://www.kaggle.com/calexhu/data-preprocessing-for-pneumonia-detection
https://www.kaggle.com/calexhu/data-preprocessing-for-pneumonia-detection

https://www. kaggle. con/madz2000/pneumonia-detection-using-cnn-92-6-

accuracy
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https://www.kaggle.com/madz2000/pneumonia-detection-using-cnn-92-6-accuracy
https://www.kaggle.com/madz2000/pneumonia-detection-using-cnn-92-6-accuracy

