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LAMPIRAN

from google.colab import drive
drive.mount('/content/drive")

import numpy as np

import pandas as pd

import os

import seaborn as sns

import matplotlib.pyplot as plt

import matplotlib.image as mpimg

from sklearn.metrics import ConfusionMatrixDisplay, confusion_matrix
import tensorflow as tf

from PIL import Image

from numpy import asarray

from keras import applications

from tensorflow.keras import layers

from tensorflow.keras import Model

from scipy import interp

from itertools import cycle

from tensorflow.keras.applications import NASNetLarge

from tensorflow.keras.utils import to_categorical

from tensorflow.keras.preprocessing.image import load img, img_to array
from tensorflow.keras.preprocessing.image import ImageDataGenerator
from sklearn.metrics import classification_report, log_loss, accuracy score
from sklearn.metrics import roc_curve, auc, roc_auc_score

from sklearn.model selection import train_test_split

directory = '/content/drive/MyDrive/BrainTumor3'

File=[]

for file in os.listdir(directory):
File+=[file]

print(File)

directoryShow = "/content/drive/MyDrive/BrainTumor3/pituitary tumor/p

(133).jpg"

img = mpimg.imread(directoryShow)
imgplot = plt.imshow(img)
plt.show()
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img resize = load img(directoryShow, grayscale=False, color mode="rgb’,
target size=(224,224))

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

imgplot = plt.imshow(img_resize)

imagel = img_to array(img_resize)
imagel

img norm = image1/255.0

img norm

dataset=[]

mapping={no_tumor":0, 'pituitary tumor':1, 'meningioma_tumor":2,
'glioma tumor":3}

count=0

for file in os.listdir(directory):
path=os.path.join(directory,file)
for im in os.listdir(path):
image=load_img(os.path.join(path,im), grayscale=False, color mode='"rgb',
target size=(224,224))
image=img_to array(image)
image=image/255.0
dataset.append([image,count])
count=count+1

len(dataset)

data,labelsO=zip(*dataset)

labels1=to_categorical(labels0)

data=np.array(data)

labels=np.array(labels1)

print(data.shape)

print(labels.shape)

data.shape
trainx,testx,trainy,testy=train_test split(data,labels,test size=0.2,random_state=44)

len(trainx), len(testx)

print(trainx.shape)
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print(testx.shape)
print(trainy.shape)
print(testy.shape)

MobileNet

datagen =
ImageDataGenerator(horizontal flip=True,vertical flip=True,rotation range=20,z
oom_range=0.2,

width_shift range=0.2,height shift range=0.2,shear range=0.1,fill mode="neare
St' ' )

pretrained_model3 =
tf.keras.applications.MobileNet(input shape=(224,224,3),include_top=False,weig
hts='imagenet")

pretrained_model3.trainable = False

inputs3 = pretrained model3.input

x3 = tf.keras.layers.GlobalAveragePooling2D()(pretrained _model3.output)

x3 = tf.keras.layers.Dense(512, activation="relu')(x3)

x3 = tf.keras.layers.Dense(1024, activation="relu")(x3)

x3 = tf.keras.layers.Dropout(0.8)(x3)

outputs3 = tf.keras.layers.Dense(4, activation='softmax"')(x3)

model = tf.keras.Model(inputs=inputs3, outputs=outputs3)

model.compile(loss = 'categorical crossentropy’, optimizer="adam’,
metrics=['accuracy'])

model.summary()

tf.keras.utils.plot_model(model, show_shapes=True)

his=model.fit(datagen.flow(trainx,trainy,batch_size=32),validation_data=(testx,tes
ty),epochs=30)

model.evaluate(testx,testy)
model.save('/content/drive/MyDrive/modelmobilenet.h5")

model = tf.keras.models.load model('/content/drive/MyDrive/modelmobilenet.h5")
y_pred=model.predict(testx)

pred=np.argmax(y_pred,axis=1)

ground = np.argmax(testy,axis=1)

print(classification_report(ground,pred))

get_acc = his.history['accuracy']

49



value acc = his.history['val accuracy']
get_loss = his.history['loss']
validation loss = his.history['val loss']

epochs = range(len(get_acc))

plt.plot(epochs, get acc, 't', label="Accuracy of Training data')
plt.plot(epochs, value acc, 'b', label='Accuracy of Validation data')
plt.title('Training vs validation accuracy")

plt.legend(loc=0)

plt.figure()

plt.show()

epochs = range(len(get loss))

plt.plot(epochs, get loss, 't', label='Loss of Training data")
plt.plot(epochs, validation_loss, 'b', label="Loss of Validation data')
plt.title('Training vs validation loss')

plt.legend(loc=0)

plt.figure()

plt.show()

y_true = np.argmax(testy, axis=1)
y_true

conf brain tumor = confusion matrix(y_true=y true, y pred=y pred)
Y pred = model.predict(testx)

n_classes =4

lw=2

Y val = testy

fpr = dict()

tpr = dict()

roc_auc = dict()

for iin range(n_classes):
fpr[i], tpr[i], =roc _curve(Y val[: 1], Y _pred[:, i])
roc_auc[i] = auc(fpr[i], tpr[i])

# Compute micro-average ROC curve and ROC area
fpr["micro"], tpr["micro"], =roc_curve(Y val.ravel(), Y pred.ravel())

roc_auc["micro"] = auc(fpr["micro"], tpr["micro"])

# Pertama-tama, gabungkan semua False Positive Rates
all_fpr = np.unique(np.concatenate([ fpr[i] for i in range(n_classes)]))

# Kemudian interpolasi semua kurva ROC pada titik ini
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mean_tpr = np.zeros_like(all fpr)
for iin range(n_classes):
mean_tpr += interp(all_fpr, fpr[i], tpr[i])

# Terakhir, rata-rata dan hitung AUC
mean_tpr /=n_classes

fpr["macro"] = all_fpr
tpr["macro"] = mean_tpr
roc_auc["macro"] = auc(fpr["macro"], tpr["macro"])

# Plot semua kurva ROC
plt.figure(figsize=(8, 8))
plt.plot(fpr["micro"], tpr["micro"],
label="micro-average ROC curve (area = {0:0.2f})'
".format(roc_auc["micro"]),
color="deeppink’, linestyle=":', linewidth=4)

plt.plot(fpr["macro"], tpr["macro"],
label="macro-average ROC curve (area = {0:0.2f})'
".format(roc_auc["macro"]),
color="navy', linestyle=":", linewidth=4)

colors = cycle(['orange', 'green’, 'blue'])
for 1, color in zip(range(n_classes), colors):
plt.plot(fpr([i], tpr[i], color=color, lw=lw,
label="ROC curve of class {0} (area = {1:0.2f})'
".format(i, roc_auc[i]))

plt.plot([0, 1], [0, 1], 'k--', Iw=Iw)

plt.xlim([0.0, 1.0])

plt.ylim([0.0, 1.057)

plt.xlabel('False Positive Rate")

plt.ylabel('True Positive Rate")

plt.title('Some extension of Receiver operating characteristic to multi-class')
plt.legend(loc="lower right")

plt.show()

load_img("/content/drive/MyDrive/BrainTumor3/meningioma_tumor/m
(137).jpg" target_size=(224,224))

image=load_img("/content/drive/MyDrive/BrainTumor3/meningioma_tumor/m
(137).jpg" target _size=(224,224))

image=img_to_ array(image)



image=image/255.0
prediction_image=np.array(image)
prediction_image= np.expand dims(image, axis=0)

reverse_mapping=1{0:'glioma_tumor’, l:'meningioma tumor',  2:'no_tumor’,
3:'pituitary tumor'}

def mapper(value):
return reverse_mapping[value]

prediction=model.predict(prediction_image)
value=np.argmax(prediction)

move name=mapper(value)

print("Prediction is {}.".format(move name))

DENSENET201

pretrained_model3 =
tf.keras.applications.DenseNet201(input_shape=(224,224,3),include top—False w
eights='imagenet')

pretrained_model3.trainable = False

inputs3 = pretrained model3.input

x3 = tf.keras.layers.GlobalAveragePooling2D()(pretrained _model3.output)

x3 = tf.keras.layers.Dense(512, activation="relu')(x3)

x3 = tf.keras.layers.Dense(1024, activation="relu")(x3)

x3 = tf.keras.layers.Dropout(0.8)(x3)

outputs3 = tf.keras.layers.Dense(4, activation='softmax"')(x3)

model = tf.keras.Model(inputs=inputs3, outputs=outputs3)

model.compile(loss = 'categorical crossentropy’, optimizer="adam’,
metrics=['accuracy'])

model.summary()

his=model.fit(datagen.flow(trainx,trainy,batch size=32),validation_data=(testx,tes
ty),epochs=30)

model.evaluate(testx,testy)
model.save('/content/drive/MyDrive/modeldensenet201.h5")

model densenet201 =
tf.keras.models.load model('/content/drive/MyDrive/modeldensenet201.h5")

y_pred=model.predict(testx)
pred=np.argmax(y_pred,axis=1)
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ground = np.argmax(testy,axis=1)
print(classification_report(ground,pred))

get _acc = his.history['accuracy']

value acc = his.history['val accuracy']
get_loss = his.history['loss']

validation loss = his.history['val loss']

epochs = range(len(get_acc))

plt.plot(epochs, get acc, 't', label="Accuracy of Training data')
plt.plot(epochs, value acc, 'b', label='Accuracy of Validation data')
plt.title('Training vs validation accuracy")

plt.legend(loc=0)

plt.figure()

plt.show()

epochs = range(len(get loss))

plt.plot(epochs, get loss, 't', label='Loss of Training data")
plt.plot(epochs, validation_loss, 'b', label="Loss of Validation data')
plt.title('Training vs validation loss")

plt.legend(loc=0)

plt.figure()

plt.show()

y_pred = model.predict(np.expand dims(testx,-1))
y_pred = np.argmax(y_pred, axis=1)

#y test=np.expand dims(y_test,-1)

y_true = np.argmax(testy, axis=1)

y_true

conf brain_tumor = confusion matrix(y_true=y true, y pred=y pred)

fig, ax = plt.subplots(figsize=(7,7))
sns.heatmap(conf brain_tumor, annot= True, ax = ax)

ax.set_xlabel('Predict labels")

ax.set_title('Confusion Matrix')

ax.xaxis.set_ticklabels(['glioma tumor','meningioma tumor’,
'pituitary tumor'])

ax.yaxis.set_ticklabels(['glioma tumor','meningioma tumor’,
'pituitary tumor'])

Y pred = model densenet201.predict(testx)

n_classes =4

mo_tumor’,

mo_tumor’,
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lw=2

Y val = testy
fpr = dict()
tpr = dict()

roc_auc = dict()

for iin range(n_classes):
fpr[i], tpr[i], =roc _curve(Y val[:, 1], Y _pred[:, i])
roc_auc[i] = auc(fpr[i], tpr[i])

# Compute micro-average ROC curve and ROC area
fpr["micro"], tpr["micro"], =roc_curve(Y val.ravel(), Y pred.ravel())
roc_auc["micro"] = auc(fpr["micro"], tpr["micro"])

# Pertama-tama, gabungkan semua False Positive Rates
all_fpr = np.unique(np.concatenate([ fpr[i] for i in range(n_classes)]))

# Kemudian interpolasi semua kurva ROC pada titik ini
mean_tpr = np.zeros_like(all fpr)
for iin range(n_classes):

mean_tpr += interp(all_fpr, fpr[i], tpr[i])

# Terakhir, rata-rata dan hitung AUC
mean_tpr /=n_classes

fpr["macro"] = all_fpr
tpr["macro"] = mean_tpr
roc_auc["macro"] = auc(fpr["macro"], tpr["macro"])

# Plot semua kurva ROC
plt.figure(figsize=(8, 8))
plt.plot(fpr["micro"], tpr["micro"],
label="micro-average ROC curve (area = {0:0.2f})'
".format(roc_auc["micro"]),
color="deeppink’, linestyle=":', linewidth=4)

plt.plot(fpr["macro"], tpr["macro"],
label="macro-average ROC curve (area = {0:0.2f})'
".format(roc_auc["macro"]),
color="navy', linestyle=":", linewidth=4)

colors = cycle(['orange', 'green’, 'blue'])
for 1, color in zip(range(n_classes), colors):
plt.plot(fpr([i], tpr[i], color=color, lw=lw,
label="ROC curve of class {0} (area = {1:0.2f})'
".format(i, roc_auc[i]))

54



plt.plot([0, 1], [0, 1], 'k--', Iw=Iw)

plt.xlim([0.0, 1.0])

plt.ylim([0.0, 1.057)

plt.xlabel('False Positive Rate")

plt.ylabel('True Positive Rate")

plt.title('Some extension of Receiver operating characteristic to multi-class')
plt.legend(loc="lower right")

plt.show()

NASNETLARGE

dataset=[]

mapping={no_tumor":0, 'pituitary tumor':1, 'meningioma_tumor":2,
'glioma tumor":3}

count=0

for file in os.listdir(directory):
path=os.path.join(directory,file)
for im in os.listdir(path):
image=load img(os.path.join(path,im), grayscale=False, color mode='rgb',
target size=(331,331))
image=img_to array(image)
image=image/255.0
dataset.append([image,count])
count=count+1

len(dataset)
data,labelsO=zip(*dataset)

labels1=to_categorical(labels0)
data=np.array(data)
labels=np.array(labels1)
print(data.shape)
print(labels.shape)

trainx,testx,trainy,testy=train_test split(data,labels,test size=0.2,random_state=44)
print(trainx.shape)
print(testx.shape)

print(trainy.shape)
print(testy.shape)
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datagen =
ImageDataGenerator(horizontal flip=True,vertical flip=True,rotation range=20,z
oom_range=0.2,

width_shift range=0.2,height shift range=0.2,shear range=0.1,fill mode="neare
St' ' )

pretrained_model3 =
tf.keras.applications. NASNetLarge(input_shape=(331,331,3),include top=False,
weights='"imagenet')

pretrained_model3.trainable = False

inputs3 = pretrained model3.input

x3 = tf.keras.layers.GlobalAveragePooling2D()(pretrained model3.output)

x3 = tf.keras.layers.Dense(512, activation="relu')(x3)

x3 = tf.keras.layers.Dense(1024, activation="relu")(x3)

x3 = tf.keras.layers.Dropout(0.8)(x3)

outputs3 = tf.keras.layers.Dense(4, activation='softmax"')(x3)

model = tf.keras.Model(inputs=inputs3, outputs=outputs3)

model.compile(loss = 'categorical crossentropy’, optimizer="adam’,
metrics=['accuracy'])

model.summary()

his=model.fit(datagen.flow(trainx,trainy,batch_size=32),validation_data=(testx,tes
ty),epochs=30)

model.evaluate(testx,testy)
model.save('/content/drive/MyDrive/modeINASNetLarge.h5")

model NASNetLarge =
tf.keras.models.load model('/content/drive/MyDrive/modeINASNetLarge.h5")

tf.keras.utils.plot model(model inceptionresnetv2, show_shapes=True)

y_pred=model.predict(testx)
pred=np.argmax(y_pred,axis=1)

ground = np.argmax(testy,axis=1)
print(classification_report(ground,pred))

get_acc = his.history['accuracy']

value acc = his.history['val accuracy']
get_loss = his.history['loss']

validation loss = his.history['val loss']
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epochs = range(len(get_acc))

plt.plot(epochs, get _acc, 't', label="Accuracy of Training data')
plt.plot(epochs, value acc, 'b', label='Accuracy of Validation data')
plt.title('Training vs validation accuracy')

plt.legend(loc=0)

plt.figure()

plt.show()

epochs = range(len(get loss))

plt.plot(epochs, get loss, 't', label='Loss of Training data")
plt.plot(epochs, validation_loss, 'b', label="Loss of Validation data')
plt.title('Training vs validation loss')

plt.legend(loc=0)

plt.figure()

plt.show()

y_pred = model.predict(np.expand dims(testx,-1))
y_pred = np.argmax(y_pred, axis=1)

#y test=np.expand dims(y_test,-1)

y_true = np.argmax(testy, axis=1)

y_true

conf brain_tumor = confusion matrix(y_true=y true, y pred=y pred)

fig, ax = plt.subplots(figsize=(7,7))
sns.heatmap(conf brain_tumor, annot= True, ax = ax)

ax.set_xlabel('Predict labels")

ax.set_title('Confusion Matrix')

ax.xaxis.set_ticklabels(['glioma tumor','meningioma_tumor’,
'pituitary tumor'])

ax.yaxis.set_ticklabels(['glioma tumor','meningioma tumor’,
'pituitary tumor'])

y_pred = model NASNetLarge.predict(testx)

n_classes =4

lw=2

Y val = testy

fpr = dict()

tpr = dict()

roc_auc = dict()

for iin range(n_classes):
fpr[i], tpr[i], =roc _curve(Y val[:, i], y pred[:, i])
roc_auc[i] = auc(fpr[i], tpr[i])

mo_tumor’,

mo_tumor’,
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# Compute micro-average ROC curve and ROC area
fpr["micro"], tpr["micro"], =roc_curve(Y val.ravel(), y pred.ravel())
roc_auc["micro"] = auc(fpr["micro"], tpr["micro"])

# Pertama-tama, gabungkan semua False Positive Rates
all_fpr = np.unique(np.concatenate([ fpr[i] for i in range(n_classes)]))

# Kemudian interpolasi semua kurva ROC pada titik ini
mean_tpr = np.zeros_like(all fpr)
for iin range(n_classes):

mean_tpr += interp(all_fpr, fpr[i], tpr[i])

# Terakhir, rata-rata dan hitung AUC
mean_tpr /=n_classes

fpr["macro"] = all_fpr
tpr["macro"] = mean_tpr
roc_auc["macro"] = auc(fpr["macro"], tpr["macro"])

# Plot semua kurva ROC
plt.figure(figsize=(8, 8))
plt.plot(fpr["micro"], tpr["micro"],
label="micro-average ROC curve (area = {0:0.2f})'
".format(roc_auc["micro"]),
color="deeppink’, linestyle=":', linewidth=4)

plt.plot(fpr["macro"], tpr["macro"],
label="macro-average ROC curve (area = {0:0.2f})'
".format(roc_auc["macro"]),
color="navy', linestyle=":", linewidth=4)

colors = cycle(['orange', 'green’, 'blue'])
for 1, color in zip(range(n_classes), colors):
plt.plot(fpr([i], tpr[i], color=color, lw=lw,
label="ROC curve of class {0} (area = {1:0.2f})'
".format(i, roc_auc[i]))

plt.plot([0, 1], [0, 1], 'k--', Iw=Iw)

plt.xlim([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel('False Positive Rate")

plt.ylabel('True Positive Rate")

plt.title('Some extension of Receiver operating characteristic to multi-class')



plt.legend(loc="lower right")
plt.show()
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