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Segmentation

Classification
+ Localization

Object Detection

Classification

CAT, DOG, DUCK  CAT, DOG, DUCK 3
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What the computer sees

82% cat

15% dog
2% hat
1% mug

image classification

http://cs231n.qgithub.io/classification/ 5
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Viewpoint variation Scale variation Deformatlon Occlusion

Background clutter Intra-class variation

http://cs231n.qgithub.io/classification/ 6
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Yann LeCun
@ylecun

Hard to find a CVPR paper that doesn't have
some sort of ConvNet in it.

11:29 AM - 29 Jun 2016

R
CONV

m

LU RELU
CONV

m

LU RELU ELU RELU

CONV | CONV CONV

<+
-—
-+
-
4—

<

=
c o
SIS
x

i
=
O
Q0
5
@

Amusing how some
computer vision researchers
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jokingly refer to work done
before 2012 as "prehistoric".
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from keras import layers
from keras import models

model

model.

model
model
model

model.

= models.Sequential ()

add (lavyers.

Conv2D|(32, (3, 3), activation='relu', |input_shape=(28, 28, 1)

.add (layers .MaxPooling2D( (2, 2)))
.add ((Llayers .Conv2D|(64, (3, 3), activation='relu'))
.add (layers .MaxPooling2D( (2, 2)))
add ((Layers .Conv2D|(64, (3, 3), activation='relu'))

.l MaxPooling2D g conv2D sla jl slaiing aSub o)
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model .add(layers.Flatten())
model .add (layers.Dense (64, activation='relu'))
model .add (layers.Dense (10, activation='softmax'))

Cuwl Jiols elad sisaiws @ ((64 ,3 ,3) slal L) (8003 jowi3 B)a1 L).\.)S ))\9 sy as)s
@ 1) 308 (539)9 dsivalws P! .Juls elad slaawl )) d\a.mu £330 G ol G lL\s aS

| 532y aw )il ¢ J2d (,00)8 a5 (I )y iS¢ CAB0)s (Sl (sa@y AT Hap Oy
@b M guaw § e $x@ A § 83)9 1)y abuns JAib @ 1y x@ aw slaiag)d b s
Ka .ouS adlidl asls) pDense
a b c b
d e f

g h il |y




il m ] — CAR
& [ ] — TRUCK
@ 7] | — VAN
il [] — BIcYCLE
INPUT CONVOLUTION + RELU ~ POOLING  CONVOLUTION + RELU  POOLING FLATTEN FULLY _ SoFTMAX
CONNECTED
FEATURE LEARNING CLASSIFICATION

https://www.mathworks.com/discovery/convolutional-neural-network.html 11
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>>> model .summary ()

Layer (type)

conv2d_1 (Conv2D)

maxpooling2d_1 (MaxPooling2D)

conv2d_2 (Conv2D)

maxpooling2d_2 (MaxPooling2D)

No parameter

conv2d_3 (Conv2D)

flatten_1 (Flatten)

dense_1 (Dense)

36928 «——— 576x64 + 64

dense_2 (Dense)

«— 64x10+ 10

Total params: 93,322
Trainable params: 93,322
Non-trainable params: 0



from keras.datasets import mnist
from keras.utils import to_categorical

(train_images, train_labels),

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)

(test_images, test_labels) = mnist.load_datal()

A o 3907

>>> test_loss, test_acc =
>>> test_acc
0.99080000000000001

model.evaluate(test_images, test_labels)
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SAG,

Source pixel

https://github.com/pjreddie/cnn-primer
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2 8 4 * 1 10 |1

4 5 4 7x1+4x1+3x1+
2x0+5x0+3x0+
3x-1+3x-1+2x-1
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https://aishack.in/tutorials/image-convolution-examples/
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0|-1
0|-2
0]|-1

Before Sobel Filter After Sobel Filter

https://aishack.in/tutorials/image-convolution-examples/
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Note that this is a highly time consuming process, which can
be controlled by parallelization using GPUs.

https://towardsdatascience.com/applied-deep-learning-pa rt-4-convolutional-neural-networks-584bc134cle2 55
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How do convolutions work?

input volume output volume
(n_H_prev, n_W_prev, n_C_prev) (n_H, n_W, n_C)

First filter output ~ Second filter output
(n_H, n_W) (n_H, n_W)

stack

convolve filter outputs

I Filter 1 Filter 2
(f, f, n_C_prev) (f, f, n_C_prev)

n_C = 2 = #filters

23



model.
model.
model.
model.
model.

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

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

.MaxPooling2D( (2,

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

.MaxPooling2D( (2,

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

il Oludes

Windows are typically 3x3 or 5x5

Layer (type)

conv2d_1 (Conv2D)

maxpooling2d_1

(MaxPooling2D)

conv2d_2

(Conv2D)

18496 «——— 64x3x3x32 + 64

maxpooling2d_2

(MaxPooling2D)

conv2d_3

(Conv2D)

24
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0

Tx1+4x1+3x1+
2x0+5x0+3x0+
3x-1+3x-1+2x-1

=6
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Single depth slice 224x224x64
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111124 pool
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(Mmax-pooling) diwws plés! Oldos

model_no_max_pool = models.Sequential () & = [CR—
model_no_max_pool.add(layers.Conv2D (32, (3, 3), activation='relu', U-“m(j C))Q-‘D L)-!\ ('U )-2‘-) \) (_,5)-29 LSLﬁM \)é

input_shape=(28, 28, 1))) e
model_no_max_pool.add(layers.Conv2D (64, (3, 3), activation='relu')) (_)\) D)\M\
model_no_max_pool.add(layers.Conv2D(64, (3, 3), activation='relu'))

(319 (RLad (Slhs awlw a3d)Esl sl v
>>> model_no_max_pool.summary () Le_\j @Q,u) (L!u )) 3 X 3 ‘_SLQB)A.\.T) L) _. ).CL!M
Aol sls30)9 )3 7 x 7 slasyaiy Olcllbl (sols

Layer (type) Output Shape Param # . B . ]
S S G S W0 abw slagdll g Malod

Slasg)g @ asyl b Sl aid)s sb S5
conv2d_5 (Conv2D) (None, 24, 24, 64) 18496 . .

Gl gSes a5 >3 salgd SagS Yoy gl
corveae fomEm) o femem m oh U il 85 elByl sabiaiwy 38)5 sl (sl
e i ol @ o35 olSs b his ed) Gy (lwlib)
Non-trainable params: 0 .( )’”5.’._.’ 7 x 7 b)\).)\ b (;:‘L‘Bb)ﬁ-‘-.‘. @)b

sols b obglils wl ondl  slasShe
300 (539)9 J3 3)90 )s Jlellbl,



(Mmax-pooling) diwws plés! Oldos

model_no_max_pool = models.Sequential () & - . = [CR—
model_no_max_pool.add(layers.Conv2D (32, (3, 3), activation='relu', M‘j U)Q.\D L}-!\ (U )-lb \) (_,5)-29 LSLQM \)%

input_shape=(28, 28, 1))) C \ \ \
model_no_max_pool.add(layers.Conv2D (64, (3, 3), activation='relu')) DD D) AN
model_no_max_pool.add(layers.Conv2D(64, (3, 3), activation='relu'))

22 x 22 x 64 = 30976 shls (3lgd (5P abdy v
>>> model_no_max_pool.summary () Nb_c )L}U.L) () )()_) m‘gﬂ (UQA:) )m (5\).) ﬂ.!\))
@Ddgqggﬁebnm\)aTm\m)S\.Cun\

Layer (type) Output Shape Param # . o _ _
S S W ool 43 Jiog 512 2)ls) & Jwods el
abs 3l .Cunls salgd JWalh)b ooaas 15.8
conv2d_5 (Conv2D) (None, 24, 24, 64) 18496 - _ . v e . a - .
Gl Sy 8)1s31 )1 g (3805 dxs O¥s SIp
conv2d_6 (Conv2D) (None, 22, 22, 64) 36928

A 30104 (,gTs 333k gb)INULY @ g
Total params: 55,744

Trainable params: 55,744
Non-trainable params: 0
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datagen = ImageDataGenerator(
rotation_range=40,
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VGG16 i of gil5 Joro

by 3olga 1y s16)1s3) yo b 539)9 (Bjls) (20193 aSub 3355 3)lg input_shape )5
A0 13 3865 48 1 a3l )03 pd)c § Job

83810 Ysp G aibl (224 224 3) sab input_shape «wbTrue .dnclude_top )5\
Soub slaol @ShLe sla b sy

from keras.applications import VGG16

conv_base = VGG1l6 (weights="'imagenet',
include_top=False,
input_shape=(150, 150, 3))
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>>> conv_base.summary ()

VGG16 i of gil5 Joro

Layer (type) Output Shape Param #
input_1 (Inputlayer)  (Nome, 150, 150, 3) 0
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) 0
block3_convl (Convolution2D) (None, 37, 37, 256) 295168
block3_conv2 (Convolution2D) (None, 37, 37, 256) 590080
block3_conv3 (Convolution2D) (None, 37, 37, 256) 590080
block3_pool (MaxPooling2D) (None, 18, 18, 256) 0

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: 14,714,688
Trainable params: 14,714,688
Non-trainable params: 0
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import matplotlib.pyplot as plt

plt.matshow(first_layer_ activation[0, :, :, 4], cmap='viridis')

plt.matshow(first_layer_activation[0, :, :, 7], cmap='viridis')
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Filter patterns for the
first 64 filters of layer
blockl convl

o of P15 A S i3 (5 3w 90

The filters from the first
layer in the model
encode simple directional
edges and colors.
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Filter patterns for the
first 64 filters of layer
block2_convl

o of P15 A S i3 (5 3w 90

The filters from the
second layer encode
simple textures made
from combinations of
edges and colors.
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Filter patterns for the
first 64 filters of layer
block3 convl
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Filter patterns for the
first 64 filters of layer
block4 _convl

o of P15 A S i3 (5 3w 90

The filters in higher layers
begin to resemble
textures found in natural
images: feathers, eyes,
leaves, and so on.
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http://pgfplots.net/tikz/examples/fourier-transform/
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)3 e lod a3l «Cuwl oxib a3ly Grad-CAM allas s a5 sjlwasly )
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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https://arxiv.org/abs/1610.02391
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('n@3788195', 'mosque', 0.99687386)
('n032260513', 'dome', 0.0022577539)
('n03028079', 'church', 0.00034330128)
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https://github.com/Amin-Golzari-Oskouei
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