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http://cs231n.github.io/classification/
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What the computer sees

82% cat

15% dog
2% hat
1% mug

image classification
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The problem we’re trying to solve here is to classify grayscale images of

handwritten digits (28 x 28 pixels) into their 10 categories (0 through 9).
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Instantiating a small convnet

from keras import layers
from keras import models
= models.Sequential()

model
model
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.add(layers
model.
model.
model.
model.

add(layers
add(layers
add(layers
add(layers

.Conv2D(32, (3, 3), activation='relu', input_shape=(28, 28, 1)))
.MaxPooling2D((2, 2)))

.Conv2D(64, (3, 3), activation='relu'))

.MaxPooling2D((2, 2)))

.Conv2D(64, (3, 3), activation='relu'))
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(image_height, image width, image_ channels)
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>>> model.summary()

Layer (type) Output Shape Param #
conv2d 1 (Com20)  (Nome, 26, 26, 32) 320
maxpooling2d_1 (MaxPooling2D) (None, 13, 13, 32) 0
conv2d_2 (Conv2D) (None, 11, 11, 64) 18496
maxpooling2d 2 (MaxPooling2D) (None, 5, 5, 64) 0
conv2d_3 (Conv2D) (None, 3, 3, 64) 36928

Total params: 55,744
Trainable params: 55,744
Non-trainable params: ©

IS b samduw il <o MaxPooling2D s Conv2D sa¥ ja agoa

(height, width, channels)

e BSa S o L1 5 pa e sl can g e luy Sad Juac a4 e
s oo padiie CONV2D sladsy e KT 0yl o1 L LaJUIS slaas

.



JUsiis 91 9 931S  csans (sladsads

oS30 (s LAGY 3 sty (0,8 LA G giciams alB,) b3 505,18 Jie

Adding a classifier on top of the convnet

model.add(layers.Flatten())
model.add(layers.Dense(64, activation='relu'))
model.add(layers.Dense(10, activation='softmax'))

IS b s (AT
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S e 90l a8 % Jhae (seniiSgui il (g E S 4 s Ol |
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>>> model.summary ()
Layer (type) Output Shape Param #

conv2d_1 (Conv2D) (None, 26, 26, 32) 320

maxpooling2d_1 (MaxPooling2D) (None, 13, 13, 32) (%]

conv2d_2 (Conv2D) (None, 11, 11, 64) 18496
maxpooling2d_2 (MaxPooling2D) (None, 5, 5, 64) (%]
conv2d_3 (Conv2D) (None, 3, 3, 64) 36928
flatten_1 (Flatten) (None, 576) (%]
dense_1 (Dense) (None, 64) 36928
dense_2 (Dense) (None, 10) 650
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Total params: 93,322
Trainable params: 93,322
Non-trainable params: ©

causla SOFtMAX cullad sl b o g5a )+ 5l suliiwl b glalab—) + (gouii€suidids S ¢ 558



Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

AR

JUsiis 91 9 931S  csans (sladsads

Training the convnet on MNIST images

from keras.datasets import mnist

from keras.utils import to_categorical

(train_images, train_labels), (test_images, test labels) = mnist.load data()
train_images = train_images.reshape((60000, 28, 28, 1))
train_images = train_images.astype('float32') / 255
test_images = test_images.reshape((10000, 28, 28, 1))
test_images = test_images.astype('float32') / 255

train_labels = to_categorical(train_labels)

test_labels = to_categorical(test_labels)
model.compile(optimizer="rmsprop"',

loss="categorical_ crossentropy’,

metrics=["'accuracy'])

model.fit(train_images, train_labels, epochs=5, batch_size=64)

P
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>>> test_loss, test acc = model.evaluate(test_images, test labels)
>>> test_acc
0.99080000000000001

Whereas the densely connected network from chapter 2 had a test accuracy of 97.8%,
the basic convnet has a test accuracy of 99.3%:

we decreased the error rate by 68% (relative).
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https://towardsdatascience.com/applied-deep-learning-part-4-convolutional-neural-networks-584bc134c1e2
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Stride 1 with Padding Feature Map
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Stride 1 Feature Map
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Stride 2 Feature Map
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POOLING OPERATION
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model no_max_pool = models.Sequential()
model no_max_pool.add(layers.Conv2D(32, (3,

model no max_pool.add(layers.Conv2D(64, (3,
model no max_pool.add(layers.Conv2D(64, (3,

>>> model no_max_pool.summary ()

3), activation='relu’,
input_shape=(28, 28, 1)))

3), activation="relu'))

3), activation="relu'))

Layer (type) Output Shape Param #

convad 4 (Cov2D)  (Nome, 26, 26, 32) 320
conv2d 5 (Conv2D) (None, 24, 24, 64) 18496

conv2d 6 (Conv2D) (None, 22, 22, 64) 36928

Total params: 55,744
Trainable params: 55,744
Non-trainable params: ©
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Copying images to training, validation, and test directories

import os, shutil

original dataset_dir =

T

'/Users/fchollet/Downloads/kaggle original_data’

os.mkdir(base_dir)

[

base_dir = '/Users/fchollet/Downloads/cats_and_dogs small'’

Path to the directory where the
original dataset was uncompressed

train_dir = os.path.join(base_dir,
os.mkdir(train_dir)

validation_dir =
os.mkdir(validation_dir)

test _dir = os.path.join(base_dir,
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os.path.join(base_dir,

"train')

‘test')

Directory where you’ll store your
smaller dataset

'validation')

Directories for
the training,
validation, and
test splits
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train_cats_dir = os.path
os.mkdir(train_cats_dir)

train_dogs dir = os.path
os.mkdir(train_dogs_dir)

validation_cats_dir = os
os.mkdir(validation_cats

validation_dogs dir = os
os.mkdir(validation_dogs

test cats dir = os.path.
os.mkdir(test_cats_dir)

test_dogs_dir = os.path.
os.mkdir(test_dogs_dir)
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.join(train_dir, 'cats')

Directory with
training cat pictures

.join(train_dir, 'dogs"')

Directory with
training dog pictures

.path.join(validation_dir, 'cats')
_dir)
.path.join(validation_dir, 'dogs')

_dir)

Directory with
validation cat pics

Directory with
validation dog pics

join(test_dir, 'cats')| Directory with
test cat pictures

join(test_dir, ‘'dogs')| Directory with
test dog pictures
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fnames = ['cat.{}.jpg'.format(i) for i in range(1000)]

for fname in fnames: Copies the first
src = os.path.join(original_dataset_dir, fname) 1,000 cat images
dst = os.path.join(train_cats_dir, fname) to train_cats_dir
shutil.copyfile(src, dst)

fnames = ['cat.{}.jpg'.format(i) for i in range(1000, 1500) ]
for fname in fnames:
src = os.path.join(original dataset _dir, fname)
dst = os.path.join(validation_cats_dir, fname)
shutil.copyfile(src, dst)

fnames = ['cat.{}.jpg’'.format(i) for i in range(1500, 2000) ]
for fname in fnames:
src = os.path.join(original_dataset_dir, fname)
dst = os.path.join(test_cats_dir, fname)
shutil.copyfile(src, dst)

P
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Copies the next 500
cat images to
validation_cats_dir

Copies the next 500
cat images to
test_cats_dir




Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

Yo

A8 [ Sun 53 guad (Guisdlabs (gelicas

(YoIY) CrulesT s (e liiel o) sol (sladid s (5150 s sbuad 51 (oS ula!

fnames = ['dog.{}.jpg'.format(i) for i in range(1000)]

for fname in fnames: Copies the first
src = os.path.join(original_dataset_dir, fname) 1,000 dog images
dst = os.path.join(train_dogs dir, fname) to train_dogs_dir
shutil.copyfile(src, dst)

fnames = ['dog.{}.jpg'.format(i) for i in range(1000, 1500) ]
for fname in fnames:
src = os.path.join(original dataset _dir, fname)
dst = os.path.join(validation_dogs_dir, fname)
shutil.copyfile(src, dst)

fnames = ['dog.{}.jpg’'.format(i) for i in range(1500, 2000) ]
for fname in fnames:
src = os.path.join(original_dataset_dir, fname)
dst = os.path.join(test_dogs_dir, fname)
shutil.copyfile(src, dst)
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Copies the next 500
dog images to
validation_dogs_dir

Copies the next 500
dog images to
test_dogs_dir
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>>> print('total training cat images:', len(os.listdir(train_cats_dir)))

total training cat images: 1000

>>> print('total training dog images:', len(os.listdir(train_dogs dir)))

total training dog images: 1000

>>> print('total validation cat images:', len(os.listdir(validation_cats dir)))
total validation cat images: 500

>>> print('total validation dog images:', len(os.listdir(validation_dogs_dir)))
total validation dog images: 500

>>> print('total test cat images:', len(os.listdir(test_cats_dir)))

total test cat images: 500

>>> print('total test dog images:', len(os.listdir(test_dogs dir)))

total test dog images: 500

as.ls (balanced binary classification) &3 gie o 99 99 suisddab saline S
-l (ACCUTACY ) 0 ¢ unlie ¢35 Hlane
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BUILDING THE NETWORK

25k o MaxPooling2D  (relu cullas ;5 L) Conv2D o slite slads¥ slidy o, smts |, convnet <o
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Instantiating a small convnet for dogs vs. cats classification

from keras import layers
from keras import models

model = models.Sequential()
model.add(layers.Conv2D(32, (3, 3), activation='relu’,
input_shape=(150, 150, 3)))
model.add(layers.MaxPooling2D((2, 2)))
model.add(layers.Conv2D(64, (3, 3), activation='relu'))
model.add(layers.MaxPooling2D((2, 2)))
model.add(layers.Conv2D(128, (3, 3), activation='relu'))
model.add(layers.MaxPooling2D((2, 2)))
model.add(layers.Conv2D(128, (3, 3), activation='relu'))
model.add(layers.MaxPooling2D((2, 2)))
model.add(layers.Flatten())
model.add(layers.Dense(512, activation='relu'))
model.add(layers.Dense(1l, activation='sigmoid"))

2ol DB s (580 ik gl S LG5
condls asal A sigmoid cullas [ FINEN PRL Dense 4y S culgs Ha
S o (LR LIS 51 (SO i e S 4ol 3lad Jladia) s 5a
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>>> model.summary ()

Layer (type) Output Shape Param #
convad 1 (CovaD)  (None, 148, 148, 32) 896
maxpooling2d_1 (MaxPooling2D) (None, 74, 74, 32) (%]
conv2d_2 (Conv2D) (None, 72, 72, 64) 18496
maxpooling2d_2 (MaxPooling2D) (None, 36, 36, 64) 0
conv2d_3 (Conv2D) (None, 34, 34, 128) 73856
maxpooling2d_3 (MaxPooling2D) (None, 17, 17, 128) ©
conv2d_4 (Conv2D) (None, 15, 15, 128) 147584
maxpooling2d_4 (MaxPooling2D) (None, 7, 7, 128) 0
flatten_1 (Flatten) (None, 6272) (%]
dense_1 (Dense) (None, 512) 3211776
dense_2 (Dense) (None, 1) 513

Total params: 3,453,121
Trainable params: 3,453,121
Non-trainable params: ©

P
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Configuring the model for training

from keras import optimizers

model.compile(loss="binary_crossentropy’,
optimizer=optimizers.RMSprop(lr=1e-4),
metrics=["'acc'])

cpalas S saliial HAT (s0Y 5o sigmoid cnllad Ll 51 G s
- p25S oo sul&iul binary cross entropy 3GI s 5

&
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DATA PREPROCESSING

J:\‘):Li..t J‘J:Q g..u.utuc (SQJ-J-::-I u‘b‘}bﬁu'b:‘:\ J\sl_.\.fb‘}:\.‘o.n 6&)\9&:\‘3 %AJG o9 J:\L.\ LAOJ‘A

)LSJA‘JA

1) Read the picture files.
2) Decode the JPEG content to RGB grids of pixels.
3) Convert these into floating-point tensors.
4) Rescale the pixel values (between 0 and 255) to the [0, 1] interval
(as you know, neural networks prefer to deal with small input values).

:..\Adu..a‘a‘.%ﬂb&ﬁ&u‘)gﬁsJJ‘JJﬁjf@uﬁb‘J#&‘#anL@KeraSJd
keras.preprocessing.image
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Using ImageDataGenerator to read images from directories

from keras.preprocessing.image import ImageDataGenerator

train_datagen = ImageDataGenerator(rescale=1./255) | Rescales all images
test_datagen = ImageDataGenerator(rescale=1./255) | by 1/255

train_generator = train_datagen.flow_from_directory(
train_dir, # Target directory
target size=(150, 150) # Resizes all images to 150 x 150
batch_size=20,
class_mode='binary"') # Because you use binary_crossentropy 1loss,
# you need binary labels

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

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

-
’M’?b/



Understanding Python generators

A Python generator is an object that acts as an iterator: it’s an object you can use
with the for .. in operator. Generators are built using the yield operator.

Here is an example of a generator that yields integers:

def generator () :

i=0

while True:
i +=1
vield i

for item in generator () :
print (item)
if item > 4:
break

It prints this:

U W N
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>>> for data_batch, labels batch in train_generator:
>>> print('data batch shape:', data batch.shape)

>>> print('labels batch shape:', labels_batch.shape)
>>> break

data batch shape: (20, 150, 150, 3)

labels batch shape: (20,)

S o aad 55 LU o gty |, (batches) Ladiws o go () 52
) e il caale (g4l g (550 Obbi Cose b
(break) s shdads a1, 1S5 sdila b pan sl
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In this case, batches are 20 samples, so it will take 100 batches until you see your target of 2,000 samples.

Fitting the model using a batch generator

history = model.fit generator(
train_generator,
steps_per_epoch=100,
epochs=30,
validation_data=validation_generator,
validation_steps=50)

Saving the model

model.save('cats_and dogs small 1.h5')
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Displaying curves of loss and accuracy during training

import matplotlib.pyplot as plt

acc

val

= history.history[ 'acc']
acc = history.history['val_acc']

loss = history.history['loss']

val _

loss = history.history['val_loss”’]

epochs = range(1l, len(acc) + 1)

P

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

pe plt.plot(epochs, val acc, 'b', label='Validation acc')

. plt.title('Training and validation accuracy')

i plt.legend()

2 plt.figure()

E: plt.plot(epochs, loss, 'bo', label='Training loss')

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

2 plt.legend()

§ plt.show()
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Training and validation accuracy Training and validation loss

101 o Training acc e® egn®e Lo4 ® Training loss
—— Validation acc e®0® — Validation loss
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USING DATA AUGMENTATION
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Setting up a data augmentation configuration via ImageDataGenerator

datagen = ImageDataGenerator(

rotation_range=490,
width_shift_range=0.2,
height_shift_range=0.2,
shear_range=0.2,
zoom_range=0.2,
horizontal flip=True,
fill mode='nearest')

18 S gt Sy e sbaad (g 55 Jlael (gl o 1 Suliad bad gulaas o) g5 o0 Keras 5o
ImageDataGenerator instance 5l saldiwl b

rotation_range is a value in degrees (0—180), a range within which to randomly rotate pictures.
width_shift and height_shift are ranges (as a fraction of total width or height) within which to
randomly translate pictures vertically or horizontally.

shear_range is for randomly applying shearing transformations.

zoom_range is for randomly zooming inside pictures.

horizontal_flip is for randomly flipping half the images horizontally—relevant when there are no
assumptions of horizontal asymmetry (for example, real-world pictures).

fill_mode is the strategy used for filling in newly created pixels, which can appear after a rotation or a
width/height shift.
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Displaying some randomly augmented training images

from keras.preprocessing import image <—————L_____ Module with

fnames = [os.path.join(train_cats_dir, fname) for
fname in os.listdir(train_cats dir)]

image preprocessing utilities

img_path = fnames[3] <«

img = image.load_img(img_path, target_size=(150, 150)) | Reads the image

X = image.img_to_array(img)
X = X.reshape((1,) + x.shape)

i=20
for batch in datagen.flow(x, batch_size=1):
plt.figure(i)

i+=1
if i % 4 =
break
plt.show()

J—

0:
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imgplot = plt.imshow(image.array_ to_img(batch[0]))

{Chooses one image to augment

and resizes it

Generates batches of
randomly transformed
images.

Loops indefinitely,

so you need to break the
loop at some point!
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Defining a new convnet that includes dropout

model
model

model

model.
model.
model.
model.

model

model
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model.
model.

model.
model.

model.

= models.Sequential()

.add(layers.

.add(layers
add(layers
add(layers
add(layers
add(layers
.add(layers
add(layers

.add(layers
add(layers
add(layers

add(layers.
.Dropout(0.5))

.Dense(512, activation="relu'))
.Dense(1, activation='sigmoid’))

Conv2D(32, (3, 3), activation='relu',
input_shape=(150, 150, 3)))

.MaxPooling2D((2, 2)))
.Conv2D(64, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))
.Conv2D(128, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))
.Conv2D(128, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))

Flatten())

compile(loss="'binary_crossentropy',

optimizer=optimizers.RMSprop(lr=1le-4),
metrics=['acc'])



Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

#5 Goe Sl
A8 [ Sun 53 guad (Guisdlabs (gelicas

23 o suliiul dropout 5 ol 3dlsals 31 4 aaas o (b seT | (s14Se

Training the convnet using data-augmentation generators

train_datagen = ImageDataGenerator(
rescale=1./255,
rotation_range=40,
width_shift_range=0.2,
height_shift_range=0.2,
shear_range=0.2,
zoom_range=0.2,

horizontal flip=True,) Note that the
validation data
test_datagen = ImageDataGenerator(rescale=1./255) «—— shouldn’t be
augmented!

train_generator = train_datagen.flow_from_directory(
train_dir, # Target directory
target_size=(150, 150), # Resizes all images to 150 x 150
batch_size=32,
class_mode='binary’) «—— Because you use binary_crossentropy
loss, you need binary labels.
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2 };(i/



a4 o 58l
WS [ S i gl Guisaiabs (gdliuo

validation_generator = test datagen.flow_from_directory(
validation_dir,
target size=(150, 150),
batch size=32,
class_mode="'binary’)

history = model.fit_generator(
train_generator,
steps_per_epoch=100,
epochs=100,
validation_data=validation_generator,
validation steps=50)

model.save('cats_and_dogs small 2.h5’) # Saving the model
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Training and validation accuracy

® Training acc
—— Validation acc

20 40 60 80 100

Training and validation loss
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USING A PRETRAINED CONVNET (TRANSFER LEARNING WITH CNN)
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Karen Simonyan and Andrew Zisserman,
“Very Deep Convolutional Networks for Large-Scale Image Recognition,”
arXiv (2014), https://arxiv.org/abs/1409.1556.
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Instantiating the VGG16 convolutional base

from keras.applications import VGG16
conv_base = VGG1l6(weights="'imagenet"',
include_top=False,
input_shape=(150, 150, 3))
e Sl Ol e oS T
o weights specifies the weight checkpoint from which to initialize the model.

o 1include_top refers to including (/not) the densely connected classifier on top of the network.
By default, this densely connected classifier corresponds to the 1,000 classes from ImageNet. Because you intend to use your
own densely connected classifier (with only two classes: cat and dog), you don’t need to include it.

o 1input_shape is the shape of the image tensors that you’ll feed to the network.
This argument is purely optional: if you don’t pass it, the network will be able to process inputs of any size.
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>>> conv_base.summary ()

Layer (type) Output Shape Param # block3_pool (MaxPooling2D) (None, 18, 18, 256) ©
input_1 (InputLayer) (None, 150, 150, 3) © block4_convl (Convolution2D) (None, 18, 18, 512) 1180160
blockl_convl (Convolution2D) (None, 150, 150, 64) 1792 block4_conv2 (Convolution2D) (None, 18, 18, 512) 2359808
blockl_conv2 (Convolution2D) (None, 150, 150, 64) 36928 block4 conv3 (Convolution2D) (None, 18, 18, 512) 2359808
blockl _pool (MaxPooling2D) (None, 75, 75, 64) © block4_pool (MaxPooling2D) (None, 9, 9, 512) 0
block2_convl (Convolution2D) (None, 75, 75, 128) 73856 block5_convl (Convolution2D) (None, 9, 9, 512) 2359808
block2_conv2 (Convolution2D) (None, 75, 75, 128) 147584 block5_conv2 (Convolution2D) (None, 9, 9, 512) 2359808
block2_pool (MaxPooling2D) (None, 37, 37, 128) © block5_conv3 (Convolution2D) (None, 9, 9, 512) 2359808
block3_convl (Convolution2D) (None, 37, 37, 256) 295168 block5_pool (MaxPooling2D) (None, 4, 4, 512) 0
block3_conv2 (Convolution2D) (None, 37, 37, 256) 590080 Total params: 14,714,688
Trainable params: 14,714,688
block3_conv3 (Convolution2D) (None, 37, 37, 256) 590080 Non-trainable params: ©
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FAST FEATURE EXTRACTION WITHOUT DATA AUGMENTATION

piS oo ¢ 90 ImageDataGenerator u g 5l lads sai (512l s
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Extracting features using the pretrained convolutional base

import os
import numpy as np
from keras.preprocessing.image import ImageDataGenerator

base_dir = '/Users/fchollet/Downloads/cats_and_dogs_small'
train_dir = os.path.join(base_dir, 'train')
validation_dir = os.path.join(base_dir, 'validation')
test_dir = os.path.join(base_dir, 'test’)

datagen = ImageDataGenerator(rescale=1./255)
batch_size = 20
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def extract_features(directory, sample_count):
features = np.zeros(shape=(sample_count, 4, 4, 512))
labels = np.zeros(shape=(sample_count))
generator = datagen.flow_from_directory(
directory,
target_size=(150, 1590),
batch_size=batch_size,
class_mode="binary")
i=o90
for inputs_batch, labels_batch in generator:
features_batch = conv_base.predict(inputs_batch)
features[i * batch_size : (i + 1) * batch_size] = features_batch
labels[i * batch_size : (i + 1) * batch_size] = labels_batch

i+=1
if i * batch_size >= sample_count: Note that because generators yield data
break indefinitely in a loop, you must break after
return features, labels every image has been seen once.

train_features, train_labels = extract_features(train_dir, 2000)
validation_features, validation_labels = extract_features(validation_dir, 1000)
test_features, test_labels = extract_features(test_dir, 1000)

# Flatten fatures

train_features = np.reshape(train_features, (2000, 4 * 4 * 512))
validation_features = np.reshape(validation_features, (1000, 4 * 4 * 512))
test_features = np.reshape(test_features, (1000, 4 * 4 * 512))
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Defining and training the densely connected classifier

from keras import models
from keras import layers
from keras import optimizers

model = models.Sequential()

model.add(layers.Dense(256, activation='relu', input_dim=4 * 4 * 512))
model.add(layers.Dropout(0.5))

model.add(layers.Dense(1l, activation='sigmoid’))

model.compile(optimizer=optimizers.RMSprop(lr=2e-5),
loss="binary_ crossentropy’,
metrics=["'acc’])

history = model.fit(train_features, train_labels,
epochs=30,
batch_size=20,
validation_data=(validation_features, validation_labels))
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Plotting the results
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(1l, len(acc) + 1)

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()

P
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Adding a densely connected classifier on top of the convolutional base

from keras import models

from keras import layers

model = models.Sequential()

model.add(conv_base)

model.add(layers.Flatten())
model.add(layers.Dense(256, activation='relu'))
model.add(layers.Dense(1l, activation='sigmoid"))

(S e 8, LawY wiile lads LaJue G ea
Y S oS wdlal anibe (830 o gl slial Sequential Jas 41 Jas S () 55 o0
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>>> model.summary()
Layer (type) Output Shape Param #
vegls (Model)  (None, 4, 4, 512) 14714688
flatten_1 (Flatten) (None, 8192) (5]
dense_1 (Dense) (None, 256) 2097408
dense_2 (Dense) (None, 1) 257

Total params: 16,812,353
Trainable params: 16,812,353
Non-trainable params: ©
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>>> print('This is the number of trainable weights '
'before freezing the conv base:', len(model.trainable_weights))
This is the number of trainable weights before freezing the conv base: 30
>>> conv_base.trainable = False
>>> print('This is the number of trainable weights
'after freezing the conv base:', len(model.trainable_weights))
This is the number of trainable weights after freezing the conv base: 4
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Training the model end to end with a frozen convolutional base

from keras.preprocessing.image import ImageDataGenerator
from keras import optimizers

train_datagen = ImageDataGenerator(
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test_datagen = ImageDataGenerator(rescale=1./255) « —

train_generator = train_datagen.flow_from_directory(

rescale=1./255,
rotation_range=40,
width_shift_range=0.2,
height_shift_range=0.2,
shear_range=0.2,

Note that the
validation data

zoom_range=0.2,
horizontal flip=True,
fill mode="nearest')

shouldn’t be
augmented!

train_dir,
target_size=(150, 150),
batch_size=20,

Because you use
binary_crossentropy
loss, you need
binary labels.

class_mode='binary') <
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validation_generator = test _datagen.flow_from_directory(
validation_dir,
target size=(150, 150),
batch size=20,
class _mode='binary’)

model.compile(loss="binary_crossentropy’,
optimizer=optimizers.RMSprop(lr=2e-5),
metrics=["'acc’])

history = model.fit_ generator(
train_generator,
steps_per_epoch=100,
epochs=30,
validation_data=validation_generator,
validation_steps=50)
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>>> conv_base.summary ()
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Layer (type) Output Shape Param #
input_1 (InputLayer) (None, 150, 150, 3) ©
blockl_convl (Convolution2D) (None, 150, 150, 64) 1792
blockl_conv2 (Convolution2D) (None, 150, 150, 64) 36928
blockl_pool (MaxPooling2D) (None, 75, 75, 64) 0
block2_convl (Convolution2D) (None, 75, 75, 128) 73856
block2_conv2 (Convolution2D) (None, 75, 75, 128) 147584
block2_pool (MaxPooling2D) (None, 37, 37, 128) @
block3_convl (Convolution2D) (None, 37, 37, 256) 295168
block3_conv2 (Convolution2D) (None, 37, 37, 256) 590080

830 (5 5oT 058 ad (sl (54t (YL 4 upd Ll e 4Sud o S Gl

pado oo dalol eyl 5

.0

1

block3_conv3 (Convolution2D) (None, 37, 37, 256) 590080

block3_pool (MaxPooling2D) (None, 18, 18, 256) ©

block4_convl (Convolution2D) (None, 18, 18, 512) 1180160

block4 conv2 (Convolution2D) (None, 18, 18, 512) 2359808

block4_conv3 (Convolution2D) (None, 18, 18, 512) 2359808

block4_pool (MaxPooling2D) (None, 9, 9, 512) 0

block5_convl (Convolution2D) (None, 9, 9, 512) 2359808

block5_conv2 (Convolution2D) (None, 9, 9, 512) 2359808

block5_conv3 (Convolution2D) (None, 9, 9, 512) 2359808

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

Total params: 14714688
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Freezing all layers up to a specific one

conv_base.trainable = True

set_trainable = False
for layer in conv_base.layers:
if layer.name == 'block5_convl':
set_trainable = True
if set_trainable:
layer.trainable
else:
layer.trainable

True

False
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Fine-tuning the model

model.compile(loss="binary_crossentropy’,
optimizer=optimizers.RMSprop(lr=1e-5),
metrics=['acc'])

history = model.fit_generator(
train_generator,
steps_per_epoch=100,
epochs=100,
validation_data=validation_generator,
validation_ steps=50)
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Training and validation accuracy

Training and validation loss

a ® Training loss
0.4 - — Validation loss
0.3 1
L
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Smoothing the plots

def smooth_curve(points, factor=0.8):
smoothed_points = []
for point in points:
if smoothed points:
previous = smoothed points[-1]
smoothed_points.append(previous * factor + point * (1 - factor))
else:
smoothed_points.append(point)
return smoothed points

plt.plot(epochs, smooth_curve(acc), 'bo', label='Smoothed training acc')
plt.plot(epochs, smooth_curve(val_acc), 'b', label='Smoothed validation acc')
plt.title('Training and validation accuracy')

plt.legend()

plt.figure()

plt.plot(epochs, smooth curve(loss), 'bo', label='Smoothed training loss')
plt.plot(epochs, smooth curve(val loss), 'b', label='Smoothed validation loss')
plt.title('Training and validation loss')

plt.legend()

plt.show()

2
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test_generator = test datagen.flow_from_directory(
test _dir,
target size=(150, 150),
batch_size=20,
class_mode="'binary")

test_loss, test _acc = model.evaluate_generator(test_generator, steps=50)
print('test acc:', test_acc)
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WRAPPING UP

Here’s what you should take away from the exercises in the past two sections:

% Convnets are the best type of machine-learning models for computer-vision tasks.
It’s possible to train one from scratch even on a very small dataset, with decent results.

¢ On a small dataset, overfitting will be the main issue.
Data augmentation is a powerful way to fight overfitting when you’re working with image data.

% It’s easy to reuse an existing convnet on a new dataset via feature extraction.
This is a valuable technique for working with small image datasets.

% As a complement to feature extraction, you can use fine-tuning, which adapts to a
new problem some of the representations previously learned by an existing model.
This pushes performance a bit further.
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VISUALIZING WHAT CONVNETS LEARN
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Visualizing heatmaps of class activation in an image
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VISUALIZING INTERMEDIATE ACTIVATIONS
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>>> from keras.models import load_model
>>> model = load_model('cats_and_dogs_small_2.h5")
>>> model.summary() <1> As a reminder.

Layer (type) Output Shape Param #

conv2d_5 (Conv2D) (None, 148, 148, 32) 896

maxpooling2d_5 (MaxPooling2D) (None, 74, 74, 32) ©

conv2d_6 (Conv2D) (None, 72, 72, 64) 18496

maxpooling2d_6 (MaxPooling2D) (None, 36, 36, 64) ©

conv2d_7 (Conv2D) (None, 34, 34, 128) 73856

maxpooling2d_7 (MaxPooling2D) (None, 17, 17, 128) ©

conv2d_8 (Conv2D) (None, 15, 15, 128) 147584

maxpooling2d_8 (MaxPooling2D) (None, 7, 7, 128) ©

flatten_2 (Flatten) (None, 6272) ©

dropout_1 (Dropout) (None, 6272) ©

dense_3 (Dense) (None, 512) 3211776

dense_4 (Dense) (None, 1) 513

Total params: 3,453,121
Trainable params: 3,453,121
Non-trainable params: ©
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Preprocessing a single image
img_path = '/Users/fchollet/Downloads/cats_and_dogs small/test/cats/cat.1700.jpg’

from keras.preprocessing import image <
import numpy as np

Preprocesses the image
into a 4D tensor

img = image.load_img(img_path, target size=(150, 150))
img_tensor = image.img_to_array(img)

img_tensor = np.expand_dims(img_tensor, axis=9)
img_tensor\ /= 255. < Remember that the
model was trained on
inputs that were
preprocessed this way.

<1> Its shape is (1, 150, 150, 3)
print(img_tensor.shape)
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Displaying the test picture
import matplotlib.pyplot as plt

plt.imshow(img_tensor[@])
plt.show()
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Instantiating a model from an input tensor and a list of output tensors

from keras import models Extracts the outputs of

li the top eight layers

layer_outputs = [layer.output for layer in model.layers[:8]]

activation_model = models.Model(inputs=model.input, outputs=layer outputs)

Creates a model that will return
these outputs, given the model input
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Running the model in predict mode

activations = activation_model.predict(img_tensor)

Returns a list of five Numpy arrays:
one array per layer activation

LS el (595509 1o S SIS 0 sl cullad (U O sieds
o 22D Syl

>>> first _layer_activation = activations[0]
>>> print(first _layer activation.shape)
(1, 148, 148, 32)
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Visualizing the fourth channel

import matplotlib.pyplot as plt
plt.matshow(first_layer activation[@, :, :, 4], cmap='viridis')
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Visualizing the seventh channel

plt.matshow(first_layer_activation[@, :, :, 7], cmap='viridis"')
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Visualizing every channel in every intermediate activation

layer names = []
for layer in model.layers[:8]: Names of the layers, so you can

images_per_row = 16

layer_names.append(layer.name) | have them as part of your plot

Displays the feature maps |

for layer name, layer_activation in zip(layer_names, activations):

n_features = layer_activation.shape[-1] | Number of features in the feature map |

size = layer_activation.shape[1] | The feature map has shape (1, size, size, n_features). |

n_cols = n_features // images_per_row | Tiles the activation channels in this matrix |
display grid = np.zeros((size * n_cols, images_per_row * size))
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for col in range(n_cols): Ti;?s ﬁad] filti" i’);°
for row in range(images_per_row): |2 P18 horizontal gri
channel_image = layer_activation[@,

85 8¢
col * images per_row + row]
channel _image -= channel_image.mean()
Post-processes . .
the feature to | channel_image /= channel_image.std()
make it | channel_image *= 64
visually | channel_image += 128
palatable | -honnel image = np.clip(channel_image, ©, 255).astype('uint8’)
display grid[col * size : (col + 1) * size, <
row * size : (row + 1) * size] = channel_image

scale = 1. / size

plt.figure(figsize=(scale * display grid.shape[1],
scale * display grid.shape[0]))

plt.title(layer_name)

plt.grid(False)

plt.imshow(display grid, aspect='auto', cmap='viridis')

| Displays the grid ‘
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VISUALIZING CONVNET FILTERS
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Defining the loss tensor for filter visualization

from keras.applications import VGG16
from keras import backend as K

model = VGG1l6(weights="'imagenet',
include_top=False)

layer_name = 'block3_convl'
filter_index = ©

layer output = model.get layer(layer name).output
loss = K.mean(layer_ output[:, :, :, filter index])
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Obtaining the gradient of the loss with regard to the input

The call to gradients returns a list
of tensors (of size 1 in this case).
Hence, you keep only the first
element —-which is a tensor.

grads = K.gradients(loss, model.input)[@]
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Gradient-normalization trick

grads /= (K.sgrt(K.mean(K.square(grads))) + 1le-5) Add 1le-5 before dividing
to avoid accidentally
dividing by o.
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Fetching Numpy output values given Numpy input values

iterate = K.function([model.input], [loss, grads])

import numpy as np
loss_value, grads_value = iterate([np.zeros((1, 150, 150, 3))])
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Loss maximization via stochastic gradient descent

|Starts from a gray image with some noise |
input_img _data = np.random.random((1, 150, 150, 3)) * 20 + 128.

step = 1. |Magnitude of each gradient update | Runs
for i in range(49): gradient
loss_value, grads_value = iterate([input_img_data]) ascent
; for 40
| Computes the loss value and gradient value | steps

input_img_data += grads_value * step

| Adjusts the input image in the direction that maximizes the loss
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Utility function to convert a tensor into a valid image

def deprocess_image(x):

£ X -= x.mean() Normalizes the tensor:

; x /= (x.std() + le-5) | centers on @, ensures

> X *= 0.1 that std is 0.1

G X += 0.5 Clips to [0, 1]

— X = np.clip(x, 0, 1) - ?

L X *= 255

g X = np.clip(x, @, 255).astype('uint8') | Converts to an RGB array
3 return x
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Function to generate filter visualizations

Builds a loss function that maximizes the activation

of the nth filter of the layer under consideration

def generate_pattern(layer_name, filter_index, size=150):
layer_output = model.get layer(layer_name).output
loss = K.mean(layer_ output[:, :, :, filter_ index])

Computes the gradient of the input

grads = K.gradients(loss, model.input)[0] S e e o YIS Tess

Normalization trick:

grads /= (K.sqrt(K.mean(K.square(grads))) + 1le-5) normalizes the gradient

Returns the loss and grads

iterate = K.function([model.input], [loss, grads]) given the input picture

input_img data = np.random.random((1, size, size, 3)) * 20 + 128.

|Starts from a gray image with some noise

step = 1.

for i in range(40): Runs gradient
loss_value, grads_value = iterate([input_img_data]) | ascent for 40
input_img_data += grads_value * step steps

img = input_img data[9]
return deprocess_image(img)
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>>> plt.imshow(generate pattern('block3 convl', 9))
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block3 convl
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Generating a grid of all filter response patterns in a layer

layer_name = 'blockl_convl'
size = 64
margin = 5 Empty (black) image

to store results

results = np.zeros((8 * size + 7 * margin, 8 * size + 7 * margin, 3))

for i in range(8): |Iterates over the rows of the results grid

for j in range(s): |Iterates over the columns of the results grid |
filter_img = generate_pattern(layer_name, i + (j * 8), size=size)
|Generates the pattern for filter i + (j * 8) in layer_name

horizontal start = i * size + i * margin

horizontal end = horizontal start + size Puts the result

vertical start = j * size + j * margin in the square

vertical end = vertical start + size (i, j) of the

results[horizontal start: horizontal_end, results grid
vertical_start: vertical end, :] = filter_img

plt.figure(figsize=(20, 20))

. Displays the results grid
plt.imshow(results) p-ay g

I



Yo

S (5L il (55l gu 18 Hluy g SLaGE

(\ Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

-
ﬁ.,\\v.

blockl_convl 4% sl siblis sla <




I\YP

S (5L il (55l gu 18 Hluy g SLaGE

(\ Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

-
ﬁ.,\\v.

block2_convl s4¥ (sl sibls sla I




|wv

S (5L il (55l gu 18 Hluy g SLaGE

(\ Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

-
ﬁ.,\\v.

block3_convl s4¥ (sl yibls sla I




IWA

S (5L il (55l gu 18 Hluy g SLaGE

(\ Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

-
ﬁ.,\\v.

block4_convl s4¥ sl yils sla I




AR

S 51 L (55l gumo 1 by e sLah g

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

P
)U%PK

oG

C S i e A sSa 15 Lsa CONVIET (slay¥ <ol u 50 50 0kl sladee Lo 4 Lo sild (g5l seme
Cau oo 0l 1, La il o) sluls S convnet <o o Y s

S ol L ibs T 51 € 5 o) e (55 b LT slagasos € sl S0
(S o 4033 w sha 1l 5 51 (s same G 1) (535005 JUSaw S 458 oass wlie)

AJ\}-I:J‘;O b..\.&u’&;sy‘.g 9 oduay Lrnlsf‘\).ﬂ‘ Sy ol ‘ConVIletJ:..L;é L;LA&L; U:." BE Lﬂh‘):s-l;ﬂ

9ol Hlocga sladad o104 (blockl_convl) Jas 5o Jol Y @ b gy slailid ©
(ug_r‘) 6‘.&4.\.‘ tJJ‘\QAL;&‘):\JJ) JJJ‘J‘)_..\U_A LAS.\‘)

3 S e ol slacils 51884 (block2_convl) Jue 50 a 90 Sgbs du b ga 3o sla yild O
JJJ‘J#LS_Q LA&JJ LA‘L\.‘

b oo sleal 5o sud il slacily Hludnd 4§ 8 PYL LAY A b gy o gla il O



Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

\Y- Geoe Sl
oS Gl le (S (laddds (5 5l )y guans 15 Jlau y guars (sLay g

VISUALIZING HEATMAPS OF CLASS ACTIVATION
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CLASS ACTIVATION MAP (CAM) VISUALIZATION
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CLASS ACTIVATION MAP (CAM) VISUALIZATION: GRAD-CAM ALGORITHM
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Ref: R.R. Selvaraju, et al. "Grad-cam: Visual explanations from deep networks via gradient-based localization,"
https://arxiv.org/abs/1610.02391, (2016)
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Loading the VGG16 network with pretrained weights

from keras.applications.vgglé import VGG16 Note that you include the densely
connected classifier on top; in all
model = VGG16(weights='imagenet") previous cases, you discarded it.
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Preprocessing an input image for VGG16

from keras.preprocessing import image
from keras.applications.vggl6é import preprocess_input, decode_ predictions
import numpy as np

| Local path to the target image |

img path = '/Users/fchollet/Downloads/creative commons_elephant.jpg’

Python Imaging Library (PIL)
img = image.load_img(img_path, target_size=(224, 224)) | image of size 224 x 224

x = image.img_to_array(img) | float32 Numpy array of shape (224, 224, 3) |
_ d di Q. Adds a dimension to transform the array

x = np.expand_dims(x, axis=0) into a batch of size (1, 224, 224, 3)

X = preprocess_input(x) | Preprocesses the batch (this does

channel-wise color normalization)
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>>> preds = model.predict(x)

>>> print('Predicted:', decode predictions(preds, top=3)[0])
Predicted:', [(u'n@2504458', u'African_elephant', 0.92546833),
(u'n@1871265', u'tusker', 0.070257246),

(u'n@2504013', u'Indian_elephant', ©.0042589349)]

Rl Ol sl e (s S35 e IS 4
s dd Olagle Jud (o8 3T s

» African elephant (with 92.5% probability)
= Tusker (with 7% probability)
* Indian elephant (with 0.4% probability)
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>>> np.argmax(preds[0])
386

P
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Setting up the Grad-CAM algorithm

v
african_e66lephant_output = model.output[:, 386]

1 “African elephant” entry in the prediction vector |

last_conv_layer = model.get_layer('block5_conv3")

Output feature map of the block5_conv3 layer, the
last convolutional layer in VGG16

grads = K.gradients(african_elephant_output, last_conv_layer.output)[@] | “African elephant”

Gradient of the

pooled_grads = K.mean(grads, axis=(@, 1, 2))

iterate = K.function([model.input],
[gooled_grads, last_conv_layer.output[0]])

Vector of shape (512,),

where each entry is the mean
intensity of the gradient over
a specific feature-map channel

class with regard to
the output feature
map of block5_conv3

Lets you access the values of the
quantities you just defined:

. pooled_grads and the output feature map
pooled_grads_value, conv_layer_output_value = 1terate([x]) p
= = = = = of

block5_conv3, given a sample image

for i in range(512):
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Values of these two quantities, as Numpy
arrays, given the sample image of two elephants

heatmap = np.mean(conv_layer_output_value, axis=-1)

conv_layer output_value[:, :, i] *= pooled_grads_value[i]

Multiplies each channel in the
feature-map array by “how important
this channel is” with regard to the
“elephant” class

The channel-wise mean of the resulting feature
map is the heatmap of the class activation.
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Heatmap post-processing

heatmap = np.maximum(heatmap, 0)
heatmap /= np.max(heatmap)
plt.matshow(heatmap)

-
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Superimposing the heatmap with the original picture

import cv2

img = cv2

heatmap

heatmap

heatmap =
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Uses cv2 to load the

-imread(img_path) | o ioina1 image

Resizes the heatmap to
be the same size as the

cv2.resize(heatmap, (img.shape[1], img.shape[@])) | original image

np.uint8(255 * heatmap) | Converts the heatmap to RGB |

cv2.applyColorMap(heatmap, cv2.COLORMAP_JET)

Applies the heatmap to
the original image

superimposed_img = heatmap * ©.4 + img | @.4 here is a heatmap intensity factor. |

cv2.imwrite('/Users/fchollet/Downloads/elephant_cam.jpg', superimposed_img)

|Saves the image to disk
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¢ Convnets are the best tool for attacking visual-classification problems.

% Convnets work by learning a hierarchy of modular patterns and concepts to
represent the visual world.

¢ The representations they learn are easy to inspect—convnets are the opposite of
black boxes!

¢ You’re now capable of training your own convnet from scratch to solve an image-
classification problem.

¢ You understand how to use visual data augmentation to fight overfitting.
¢ You know how to use a pretrained convnet to do feature extraction and fine-tuning.

¢ You can generate visualizations of the filters learned by your convnets, as well as
heatmaps of class activity
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Deep Learning

with Python

FRANCOIS CHOLLET

MANNING
SHELTER ISLAND

Frangois Chollet,
Deep Learning with Python,
Manning Publications, 2018.

Chapter 5

Deep learning
for computer VISION

This chapter covers

Understanding convolutional neural networks
(convnets)

Using data augmentation to mitigate overfitting
Using a pretrained convnet to do feature
extraction

Fine-tuning a pretrained convnet

Visualizing what convnets learn and how they
make classification decisions

This chapter introduces convolutional neural networks, also known as conemets, a
type of deeplearning model almost universally used in computer vision applica-
tions. You'll learn to apply convnets 1o image-classification problems—in particular
those involving small training datasets, which are the most common use case if you
aren't a large wech company.




