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infected path = base path +'Parasitized/’
for file in listdir(infected_path):
if a<=total a:
if file.endswith( .png'):

file path = infected path + file
image = imageio.imread(file_path)
image = cv2.resize(image, (IMG_SHAPE,IMG_SHAPE)).astype( float32')/255.0
infected_cells.append(image)
cell images.append(image)
cell labels.append(1)
a+=1

uninfected_path = base_path +'Uninfected/’
for file in listdir(uninfected_path):
if b«=total b:
if file.endswith( .png'):

file path = uninfected path + file
image = imageio.imread(file_path)
image = cv2.resize(image, (IMG_SHAPE,IMG_SHAPE)).astype( float32')/255.8
uninfected_cells.append(image)
cell images.append(image)
cell labels.append(@)
b+=1
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def reorder(old list,order):
new_list = []
for 1 in order:
new list.append(old list[i])
return new_list

np.random.seed(seed=42)

indices = np.arange(len(cell labels))
np.random.shuffle(indices)

indices = indices.tolist()

cell labels = reorder{cell labels,indices)
cell images = reorder{cell images,indices)

image array = np.array(cell images)
label_array = np.array(cell labels)
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¥ _train, X _test, y_train, y_test = train_test_split{image_array, label array, train_size=8.98, random_state=180)

X _train, X wval, y_train, y val = train_test_split(X train, y train, test_size=len(y test), random_state=10@)

size of training data set 4588
size of wvalidating data set @@
size of testing data set G@@

Step2 : 2= = CNN 4] -
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model = Sequential([

Conv2D(32, (3,3), activation="relu’, input_ shape=(58,58, 3),padding="same"’),
MaxPooling2D(2, 2),

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

MaxPooling2D(2,2),

Conv2D(128, (3,3), activation='relu’,padding="same’),

MaxPooling2D(2,2),

Flatten(),
Dropout(@.50),
Dense(128, activation="relu')},

Dense(l, activation='sigmoid")

D



model.compile(optimizer="adam",
loss="binary crossentropy’,
metrics=[tf.keras.metrics.binary_accuracy])
model. summary ()

epochs = 28

batch_size = 388

history = model.fit(X train,y train,
steps_per_epoch=int(np.ceil(len(y_train)/ float(batch_size))),
epochs=epochs,
validation data=(X_val,y val),
validation steps=int(np.ceil(len(y wal) / float(batch_size)))

4. Graph
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def GetFalseTruePositiveRate(y true,y prob,threshold):
y_predict = np.fromiter([1 if x > threshold else 8 for x in y_prob ],int)
n_positives = y true.sum()
n_negatives = y_true.shape[B] - n_positives
n_true_pos = @

n_false pos = @
for pred value,true value in zip(y_predict,y true):

if true value == 1 and pred wvalue ==
n_true _pos += 1

elif true wvalue == @ and pred value == 1:
n_false pos += 1

true_pos_rate = n_true_pos/n_positives

false_pos_rate = n_false_pos/n_negatives
return false_pos_rate,true_pos_rate

Step?2 : % ROC & 47 #A4lE 2 iR 5 48 » 7 L {5 Feharig CNN #0%
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def MakeConfusionMatrix(y true,y prob,threshold):
confusion_matrix = np.array([[@8,8],[0,8]])
for pred value,true value in zip{(y_prob,y true):
if true_walue ==

if pred value » threshold:
confusion_matrix[0,8] += 1

else:
confusion_matrix[1,8] += 1
else:

if pred_value » threshold:
confusion matrix[6,1] += 1

else:
confusion _matrix[1,1] += 1

fig = plt.figure(figsize=(5,5))
ax = fig.gca()
sns.heatmap(confusion_matrix,ax=ax,cmap="Blues’ ,annot=True,fmt="g",

xticklabels = ["Infected’, Uninfected'],

yticklabels=["Infected’, "Uninfected’])
ax.set_ylabel( Actual’,fontsize=28)
ax.set_xlabel( 'Predicted’,fontsize=28)
plt.title( 'Confusion Matrix®,fontsize=24)
plt.show()
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