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import os, shutil

#H# =208 O0I2E
from google.colab import drive
drive.mount('/content/drive')

Mounted at /content/drive
#lcp —r '/content/drive/My Drive/dataset/cats_dogs' '/content/'
#!ls -Is '/content/cats_dogs'
# d=E|
#!rm —-rf '/content/datasets/'

#lunzip '/content/cats_dogs/test1.zip' —-d '/content/datasets/'
#lunzip '/content/cats_dogs/train.zip' —-d '/content/datasets/'

Ils —al '/content/datasets/train' | head -5

lls =1 '/content/datasets/train' | grep ~~ | wc —I
lls —al '/content/datasets/test1' | head -5
lls =1 '/content/datasets/test1' | grep ~~ | wc -I

total 609256

drwxr-xr—x 2 root root 765952 Sep 20 2
drwxr=xr—=x 4 root root 4096 Nov 10 16
—rw-r——r—— 1 root root 12414 Sep 20 2
—rw-r——r—— 1 root root 21944 Sep 20 2
25000

total 304280

13

19 ..

13 cat.0.jpg

13 cat.10000. jpg

drwxr-xr—x 2 root root 290816 Sep 20 2013
drwxr-xr—x 4 root root 4096 Nov 10 16:19 ..
-rw-r—r—— 1 root root 54902 Sep 20 2013 10000. jpg
-rw-r——r—— 1 root root 21671 Sep 20 2013 10001.jpg
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# 22 HOIEAS &= oilHs ClEge &2
ori_dataset_dir = './datasets/train'



# A2 OOoIHAES HEE ClEEce
base_dir = './datasets/cats_and_dogs_smal |’

# Et=AME o Cl2gel AA
if os.path.exists(base_dir):

shutil.rmtree(base_dir)
os.mkdir (base_dir)

# 2, A=, HAE 228 s ClaHel
train_dir = os.path.join(base_dir, 'train')
os.mkdir (train_dir)

val_dir = os.path.join(base_dir, 'validation')
os.mkdir (val_dir)

test_dir = os.path.join(base_dir, 'test')
os.mkdir (test_dir)

# E2EAHE D20 AR ClEE 2|
train_cats_dir = os.path.join(train_dir, 'cats')
os.mkdir(train_cats_dir)

# 22 Z0HA AR Clag el
train_dogs_dir = os.path.join(train_dir, 'dogs')
os.mkdir(train_dogs_dir)

HASE D20 AR CIEE-e2
val_cats_dir = os.path.join(val_dir, 'cats')
os.mkdir (val_cats_dir)

# 252 20X AFE ClEE el
val_dogs_dir = os.path.join(val_dir, 'dogs')
os.mkdir (val_dogs_dir)

# HAEEZ D20 AR ClEgHel
test_cats_dir = os.path.join(test_dir, 'cats')
os.mkdir (test_cats_dir)

# HAES 20K AFY ClEE el
test_dogs_dir = os.path.join(test_dir, 'dogs')
os.mkdir (test_dogs_dir)

# H8 1,0000H2] 020| OIDIKIE train_cats_dir0l S AH&LIC
fnames = ['cat.{}.jpg".format(i) for i in range(1000)]
for fname in fnames:
src = os.path.join(ori_dataset_dir, fname)
dst = os.path.join(train_cats_dir, fname)
shutil.copyfile(src, dst)

# CtS 50000 22F0I OIDIXIS validation_cats_dir0l S AFEHLICH
fnames = ['cat.{}.jpg'.format(i) for i in range(1000, 1500)]
for fname in fnames:



src = os.path.join(ori_dataset_dir, fname)
dst = os.path.join(val_cats_dir, fname)
shutil.copyfile(src, dst)

# Ct= 50000 22F0I OIOIKXIE test_cats_dir0l S AHELICH
fnames = ['cat.{}.jpg'.format(i) for i in range(1500, 2000)]
for fname in fnames:

src = os.path.join(ori_dataset_dir, fname)

dst = os.path.join(test_cats_dir, fname)

shutil.copyfile(src, dst)

# XS 1,0000H2] Z0tXl OIDIXIE train_dogs_dir0l = AtELICH
fnames = ['dog.{}.jpg".format(i) for i in range(1000)]
for fname in fnames:
src = os.path.join(ori_dataset_dir, fname)
dst = os.path.join(train_dogs_dir, fname)
shutil.copyfile(src, dst)

# CtS 5000 Z0tXl OIOIXIE validation_dogs_dir0ll =At&LICtH
fnames = ['dog.{}.jpg".format(i) for i in range(1000, 1500)]
for fname in fnames:

src = os.path.join(ori_dataset_dir, fname)

dst = os.path.join(val_dogs_dir, fname)

shutil.copyfile(src, dst)

# Ct8 50000 Z0tXl OIOIXIE test_dogs_dirl =AF&HLICH
fnames = ['dog.{}.jpg'.format(i) for i in range(1500, 2000)]
for fname in fnames:

src = os.path.join(ori_dataset_dir, fname)

dst = os.path.join(test_dogs_dir, fname)

shutil.copyfile(src, dst)

print('&&=E D20| OI0IKI &AM JH=z=:", len(os.listdir(train_cats_dir)))
print('E&& Z0tXl OI0IXI &AM JH==:", len(os.listdir(train_dogs_dir)))
print('Z2&E 120l OI0IX & JH==:", len(os.listdir(val_cats_dir)))
print('2=E 20tAlI OIOIXI &A™ JH==:", len(os.listdir(val_dogs_dir)))
print('HIAEE 20| OI0IXI &M JH2=:", len(os.|istdir(test_cats_dir)))
print('HIAEE 20tXl OI0IXl &M JH<Z=:", len(os.|istdir(test_dogs_dir)))

sSHE 20| Ol0IX &XA JH==: 1000

sHE 20HX Ol0IX &AM JHZ=: 1000

2ES=E 20| Ol0IK &AM JHZ=: 500

a5 Z0HAl Ol0IXI &A JH==: 500

HAEES 120[ OI0IXI & JH==: 500
HAEE Z0tAl OI0IX &X JH==: 500

# AZ200 OI0IX GIOIEHS JH4=
num_cats_tr = len(os.|istdir(train_cats_dir))
num_dogs_tr = len(os. listdir(train_dogs_dir))

num_cats_val = len(os.listdir(val_cats_dir))
num_dogs_val = len(os. listdir(val_dogs_dir))



total_train = num_cats_tr + num_dogs_tr
total_val = num_cats_val + num_dogs_val

print("&&& Ol0olE : ", total_train)
print("&=2 O0IE : ", total_val)
sSt&= MI0IE @ 2000
2Z=2 OI0IE : 1000

2

-
A

from tensorflow.keras.applications import VGG16
conv_base = VGG16(weights="imagenet "',
include_top=False,

input_shape=(150, 150, 3))

Downloading data from https://storage.googleapis.com/tensor f low/keras—applications/vggl6/vag]

58892288/58889256 | ] - 1s Ous/step
58900480/58889256 [ ] = 1s Ous/step

from tensorflow.keras import models
from tensorflow.keras import layers

model = models.Sequential()

mode | .add(conv_base)

model .add(layers.Flatten())

mode !l .add( layers.Dense(256, activation='relu'))
mode| .add( layers.Dense(1, activation='sigmoid'))

mode | .summary()

Model: "sequential"

Layer (type) Qutput Shape Param #
vgg16 (Functional) (None, 4, 4, 512) 14714688
flatten (Flatten) (None, 8192) 0

dense (Dense) (None, 256) 2097408
dense_1 (Dense) (None, 1) 257

Total params: 16,812,353
Trainable params: 16,812,353
Non-trainable params: 0

e VGG162| S H 7|UE 2 14714,688712 DR & m2tO|E E&


https://storage.googleapis.com/tensorflow/keras-applications/vgg16/vgg16_weights_tf_dim_ordering_tf_kernels_notop.h5
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print('conv_baseE &2 & 2= JIESXIQ £=:', len(model.trainable_weight
conv_base.trainable = False
print('conv_baseE & & =&t = JIIESXQ £=:', len(model.trainable_weig
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conv_baseE
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from tensorflow.keras.preprocessing. image import ImageDataGenerator
from tensorflow.keras import optimizers

batch_size = 20

epochs = 30

e rotation_range : T ESIA AT S 2[HA|Z ZHE H2{(0~180 ALO])

H <

shear_range : HE3S

zoom_range : T EHSHA| AFZI S <HOig Y
: oh
AFX

horizontal_flip
(o] 24/212 A%
fill_Lmode : 2| MO|L} 7}2/M| 2 0|52 2 QI ME A H-dslof & =

train_datagen = ImageDataGenerator (
rescale=1./255,
rotation_range=20,
width_shift_range=0.1,
height_shift_range=0.1,
shear_range=0.1,
zoom_range=0.1,
horizontal _flip=True,
fill_mode='nearest"')

train_generator = train_datagen.flow_from_directory(
# B ClEE el
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train_dir,

# 2 0I0IKI2 AJIE 150 x 1502 SHHELIC

target_size=(150, 150),

batch_size=20,

# binary_crossentropy =& AIE6t22 0l& ¢ 0I=0] EeLICH
class_mode='binary')

# 2= HOIEHE SAZME o ELICH
test_datagen = ImageDataGenerator (rescale=1./255)

validation_generator = test_datagen.flow_from_directory(
val_dir,
target_size=(150, 150),
batch_size=20,
class_mode='binary")

Found 2000 images belonging to 2 classes.
Found 1000 images belonging to 2 classes.

%%t ime

mode | .compile(loss='binary_crossentropy',
optimizer=optimizers.AMSprop(Ir=2e-5),
metrics=['acc'])

history = model.fit_generator(

train_generator,

steps_per_epoch=100, # total_train // batch_size

epochs=30,

validation_data=validation_generator,

validation_steps=b0, # total_val // batch_size

verbose=2)
Epoch 3/30
100/100 - 26s
Epoch 4/30
100/100 — 25s — loss: 0.3211 — acc: 0.8710 — val_loss: 0.2839 - val_acc: 0.8880 — 25s/ep
Epoch 5/30
100/100 - 26s - loss: 0.3059 - acc: 0.8660 - val_loss: 0.2729 - val_acc: 0.8990 — 26s/ep
Epoch 6/30
100/100 - 26s — loss: 0.2930 - acc: 0.8780 - val_loss: 0.2674 - val_acc: 0.8930 — 26s/ep
Epoch 7/30
100/100 — 26s - loss: 0.2797 - acc: 0.8845 — val_loss: 0.2583 - val_acc: 0.8980 - 26s/ep
Epoch 8/30
100/100 - 255 - loss: 0.2728 - acc: 0.8925 - val_loss: 0.2597 - val_acc: 0.8940 — 25s/ep
Epoch 9/30
100/100 - 26s - loss: 0.2615 - acc: 0.8965 - val_loss: 0.2524 - val_acc: 0.8980 — 26s/ep
Epoch 10/30
100/100 — 25s - loss: 0.2495 - acc: 0.8930 — val_loss: 0.2481 - val_acc: 0.9000 - 25s/ep

loss: 0.3520 - acc: 0.8525 - val_loss: 0.3028 — val_acc: 0.8770 - 26s/ep

Epoch 11/30
100/100 — 25s — loss: 0.2499 - acc: 0.9035 - val_loss: 0.2455 - val_acc: 0.8980 — 25s/ep
Epoch 12/30
100/100 - 255 — loss: 0.2408 - acc: 0.9020 - val_loss: 0.2444 - val_acc: 0.8980 — 25s/ep
Epoch 13/30
100/100 - 255 — loss: 0.2380 - acc: 0.9070 - val_loss: 0.2444 - val_acc: 0.9040 — 25s/ep
Epoch 14/30
100/100 — 25s - loss: 0.2218 - acc: 0.9115 — val_loss: 0.2512 - val_acc: 0.8970 - 25s/ep



Epoch 15/30

100/100 — 25s — loss: 0.2217 - acc: 0.9090 - val_loss: 0.2392 - val_acc: 0.9040 - 25s/ep
Epoch 16/30

100/100 - 258 — loss: 0.2218 - acc: 0.9125 - val_loss: 0.2459 - val_acc: 0.9010
Epoch 17/30

100/100 - 26s - loss: 0.2241 - acc: 0.9080 - val_loss: 0.2409 - val_acc: 0.9000 — 26s/ep
Epoch 18/30

100/100 — 25s - loss: 0.2164 - acc: 0.9105 — val_loss: 0.2366 - val_acc: 0.9020 - 25s/ep
Epoch 19/30

100/100 — 255 - loss: 0.2038 - acc: 0.9200 — val_loss: 0.2511 - val_acc: 0.8950 - 25s/ep
Epoch 20/30

100/100 = 258 = loss: 0.2090 - acc: 0.9195 - val_loss: 0.2372 - val_acc: 0.9050
Epoch 21/30

100/100 — 25s - loss: 0.2012 - acc: 0.9225 — val_loss: 0.2363 — val_acc: 0.9020 - 25s/ep
Epoch 22/30

100/100 — 25s — loss: 0.2096 - acc: 0.9140 - val_loss: 0.2360 - val_acc: 0.8990 — 25s/ep
Epoch 23/30

100/100 - 258 - loss: 0.2083 - acc: 0.9245 - val_loss: 0.2351 - val_acc: 0.9030 — 25s/ep
Epoch 24/30

100/100 - 255 - loss: 0.2057 - acc: 0.9175 - val_loss: 0.2412 - val_acc: 0.9000 — 25s/ep
Epoch 25/30

100/100 = 258 - loss: 0.1910 = acc: 0.9290 - val_loss: 0.2473 - val_acc: 0.9010
Epoch 26/30

100/100 = 255 — loss: 0.1928 - acc: 0.9220 - val_loss: 0.2353 - val_acc: 0.9080 — 25s/ep
Epoch 27/30

100/100 - 258 = loss: 0.1919 - acc: 0.9230 - val_loss: 0.2391 - val_acc: 0.9080
Epoch 28/30

100/100 — 25s - loss: 0.1856 - acc: 0.9275 — val_loss: 0.2402 - val_acc: 0.9020 - 25s/ep
Epoch 29/30

100/100 — 255 - loss: 0.1815 — acc: 0.9300 - val_loss: 0.2395 - val_acc: 0.9030 - 25s/ep
Epoch 30/30

100/100 - 255 - loss: 0.1859 - acc: 0.9280 - val_loss: 0.2393 - val_acc: 0.9030 — 25s/ep

25s/ep

25s/ep

25s/ep

25s/ep

- oo A

mode | .save('cats_dogs_smal|_3_dataAug_VGG_30_epoch.h5")

v 21 A[43)

import matplotlib.pyplot as plt

acc = history.history['acc']

val_acc = history.history['val_acc']
loss = history.history['loss']
val_loss = history.history['val_loss']

epochs = range(len(acc))
plt.plot(epochs, acc, 'bo', label='Training acc')

plt.plot(epochs, val_acc, 'b', label='Validation acc')
plt.title('Training and validation accuracy')



plt.legend()
plt.figure()
plt.plot(epochs, loss, 'bo', label='Training loss"')

plt.plot(epochs, val_loss, 'b', label='Validation loss')
plt.title('Training and validation loss')

plt.legend()
plt.show()
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conv_base.summary ()

Model: "vgg16"
Layer (type) Output Shape Param #
input_1 (InputlLayer) [(None, 150, 150, 3)] 0
blocki_convi (Conv2D) (None, 150, 150, 64) 1792
blocki_conv2 (Conv2D) (None, 150, 150, 64) 36928
block1_pool (MaxPooling2D) (None, 75, 75, 64) 0
block2_convi (Conv2D) (None, 75, 75, 128) 73856
block2_conv2 (Conv2D) (None, 75, 75, 128) 147584
block2_pool (MaxPooling2D) (None, 37, 37, 128) 0
block3_convi (Conv2D) (None, 37, 37, 256) 295168
block3_conv2 (Conv2D) (None, 37, 37, 256) 590080
block3_conv3 (Conv2D) (None, 37, 37, 256) 590080
block3_pool (MaxPooling2D) (None, 18, 18, 256) 0
block4_convi (Conv2D) (None, 18, 18, 512) 1180160
block4_conv2 (Conv2D) (None, 18, 18, 512) 2359808
block4_conv3 (Conv2D) (None, 18, 18, 512) 2359808
block4d_pool (MaxPooling2D) (None, 9, 9, 512) 0
block5_convi (Conv2D) (None, 9, 9, 512) 2359808
block5_conv2 (Conv2D) (None, 9, 9, 512) 2359808
block5_conv3 (Conv2D) (None, 9, 9, 512) 2359808

block5_pool (MaxPooling2D) (None, 4, 4, 512) 0



Total params: 14,714,688
Trainable params: 0
Non-trainable params: 14,714,688

o OX[S A 712l etd& &2 OlM =83HlE LIL

o &, block4_pooltX| 2= 52 52

o block5_conv1, block5_conv2, block5_conv3 =& st

conv_base.trainable = True

set_trainable = False
for layer in conv_base.layers:
if layer.name == 'block5_convi':
set_trainable = True
if set_trainable:
layer.trainable = True
else:
layer.trainable

False

%%t ime

mode | .compile(loss='binary_crossentropy',
optimizer=optimizers.AMSprop(Ir=1e-5),
metrics=['acc'])

history = model.fit_generator (
train_generator,
steps_per_epoch=100, # total_train // batch_size
epochs=50,
validation_data=validation_generator,
validation_steps=50, # total_val // batch_size

verbose=1)
1007100 | | — Zos Zo4ms/step
Epoch 24/50
100/100 [ | - 27s 265ms/step
Epoch 25/50
100/100 [ ] - 26s 264ms/step
Epoch 26/50
100/100 [ | — 27s 266ms/step
Epoch 27/50
100/100 [ | — 27s 267ms/step
Epoch 28/50
100/100 [ ] - 27s 270ms/step
Epoch 29/50
100/100 [ | - 27s 269ms/step
Epoch 30/50
100/100 [ | — 27s 268ms/step

Epoch 31/50
100/100 [

—
|

27s 268ms/step

>

- |0Ss:

- |loss

- |loss

- |oss:

- |oss:

- |loss

- |oss:

- |oss

- |loss

[HAP

o

U.U185 —

- 0.0216 -

- 0.0104 -

0.0145 -

0.0147 -

- 0.0131 =

0.0113 -

:0.0119 -

- 0.0117 =

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

. 9940

.9920

.9975

.9955

9960

.9975

.9955

.9950

.9955



Epoch 32/50

100/100 [

Epoch 33/50

100/100 [

Epoch 34/50

100/100 [

Epoch 35/50

100/100 [

Epoch 36/50

100/100 [
Epoch 37/50

100/100 [
Epoch 38/50

100/100 [

Epoch 39/50

100/100 [
Epoch 40/50

100/100 [

Epoch 41/50

100/100 [

Epoch 42/50

100/100 [

Epoch 43/50

100/100 [

Epoch 44/50

100/100 [

Epoch 45/50

100/100 [

Epoch 46/50

100/100 [
Epoch 47/50

100/100 [

Epoch 48/50

100/100 [
Epoch 49/50

100/100 [

Epoch 50/50

100/100 [

]
]

27s

27s

- 27s

27s

27s

27s

27s

26s

- 27s

27s

27s

26s

27s

27s

27s

- 27s

26s

26s

- 26s

CPU times: user 25min 5s, sys: 1min 6s, total:

Wall time: 22min 52s

# 29 M&

267ms/step
267ms/step
266ms/step
269ms/step

268ms/step

267ms/step
267ms/step
263ms/step
266ms/step
265ms/step
265ms/step
264ms/step
265ms/step
266ms/step
266ms/step
265ms/step
264ms/step
264ms/step

263ms/step
26min 11s

mode| .save('cats_and_dogs_smal|_4_misetunning_50.h5")

A2t}

acc = history.history['acc']

val_acc = history.history['val_acc']
loss = history.history['loss']
val_loss = history.history['val_loss']

epochs = range(len(acc))

loss

loss

|oss:

|oss:

loss

loss

loss:

loss

loss

loss

loss

loss

loss

loss

loss

loss

loss

loss

loss

- 0.0168 -

- 0.0070 -

0.0106 -

0.0135 -

- 0.0054 -

: 0.0051 -

0.0121 -

- 0.0087 -

: 0.0067 -

- 0.0031 -

: 0.0128 -

: 0.0055 -

- 0.0061 -

- 0.0129 -

- 0.0061 -

: 0.0045 -

- 0.0038 -

- 0.0109 -

: 0.0026 -

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

acc-

9950

.9980

.9960

9950

.9975

.9985

9950

.9965

.9980

.9995

.9965

.9985

.9990

.9965

.9975

.9975

9990

.9965

9990



plt.
plt.
plt.
plt.

plt

plt.

plt.plot(epochs, val_loss, 'b', label='Validation loss")
plt.title('Training and validation loss')
plt.legend()
plt.show()
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plot(epochs, acc, 'bo', label='Training acc')

plot(epochs, val_acc, 'b', label='Validation acc')

title('Training and validation accuracy')
legend()

figure()

plot(epochs, loss, 'bo', label='Training loss')

test_generator = test_datagen.flow_from_directory(

test_loss, test_acc = model.evaluate_generator(test_generator, steps=50)

pr

test_dir,
target_size=(150, 150),
batch_size=20,
class_mode="binary")

int('test acc:', test_acc)




Found 1000 images belonging to 2 classes.

/usr/local/lib/python3.7/dist—packages/ipykernel_launcher .py:7: UserWarning: ‘Model .evaluate_
import sys

test acc: 0.9359999895095825



