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P What is computer vision?
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P What is computer vision?
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P Convolution neural network example

Classification Retrieval

Figures copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.



Convolution neural network example
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P Filter?

Bike

Bike blurred horizontally ~ Bike blurred vertically Bike blurred by convolution Bikeshafperied
Filter impulse response Filter impulse response Impulse response ,box filter L
Filter impulse
1 1 1
{ q 1% i 6 s  response
(11 [1] 11 L 0 -10
5 11 2%11[1]11 l—1[8]—1
- [1] w1 on g 4
3 14 141 0 -1 0
1




) Filter?

f[v] h['v']

image output

0 [0 |o §o |o |o |o |o |o |o
g[-,-] 0 |0 |o §o |o |o |o |o |o |o H

0 [0 |o §90 |90 |90 |90 |90 |0 |O h[1, 1]
1 At 0 |0 |o |90 |90 |90 |90 |90 |0 |O
— 11 |1 1 0 [0 |o |90 |0 |90 |90 |90 |0 |O
9111 0 |0 |o |90 |90 |90 |90 |90 |0 |O
-1,0, 1 0 |o |o |o Jo |o |[o |o |o |o
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him,n] = glk, || f[m+ k,n +1]

output k,l filter image (signal)
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) Filter?

f[" ] h['a']

image output

o

h[1, 1]
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him,n] = glk, || f[m + k,n +1]

output k,l filter image (signal)
1 1
h[1,1] = Z Z f1+ k1 +1]
k=—-11=—1

H[11]=f[1+-1,1+-1]+f[1+-1,1+0] +f[1 +—-1,1 + 1]
+f[14+0,1+—-1]+f[14+0,1+0]+f[1+4+0,1+1]
+f[1+1,1+—-1]+f[1+1,1+0]+f[1+1,1+1]
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) Filter?

image

output

h['a ]
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) Filter?

h['a ]

image output
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) Filter?

18 | 8 9 0 |-1]0 0 4 10
| |
19 [12 |7 X A8 | | o | |7 — 48
13 |14 |30 0 |-1]0 0 1410
Bike
8 9 6 0o [-11]0 0 9 0
|
12 |7 17 x T8 | T e | 258 | Bike sharpened
14 [30 |12 0 |-1]0 0 20 |0 Filter impulse
response
i 0 -1 O
— -1 [8] -1
i
0 -1 0

Original
Bike
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P Filter?

-12

Original
Bike

-19

23

Filter
1( 0 -1 0 )
o) -
0 -1 0
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) Filter?

Filter

2x2x3

yl - Wlxl + szz + W3x4 + W4,.X5
<+ WsX10 -+ WeX11 + W~7X13 + WgX14

+ WogX19 + WigXp0 + W11X22 + W12X23

Output
2x2x1

V1

17



) Filter?

Filter Filter Filter Filter
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P Convolutional Neural Network

S

1998 2012 2014 2015 2017

LeNet AlexNet VGGNet ResNet DenseNet

19



P Convolutional Neural Network

[LeCun, Bottou, Bengio, Haffner 1998]

Image Maps
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LeNet-5



P Convolution

& (Convolution)2

SHAM
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Wr
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P Convolution

d & (Convolution)&
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=

G gt

63

48

49

28

21

20

wWr

22



P Convolution
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P Convolution

CNN=2 CHE& 2X+2 HiZof CHot
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P Convolution layer
Image K_\Fﬂ-ter\’\ Activation map
3x3x¢3[_ - 3\+\2 2x2x3 /1\ ?: 2x2x1 B
M2 |9 /1 2 |1 7
Bk
—T— G

Activation map

Image /K_—FTRN
3x3x3 2x2x3 /1’\2 2x2x1 ”
13/]3 |2 > )
H2\o9 |1, 2 |1
"2 (51
. II : |I ~ |I G g
R

42 | 56

17 195

25



P Convolution layer

Activation map
2x2x1

Activation map

o - :H




P Convolution layer

Image Filter Activation map
2x2x3 2x2x1
R ERERE 2 42 |56
12 |9 |1 2 |1 17 |95
H12 |5 |1
A g
R
. Activation map
Image Filter
3x3x3 2x2x3 2x2x1
113 |3 |2 ¢ ]2 17 | -5
12 19 |1 2|1 1 |35
al 511
| L I - I ' G g




P Convolution layer

activation map

_— 32x32x3 image

B 5x5x3 filter /
2
ﬁ>o ”
32 A




P Convolution layer

32

_— 32x32x3 image

—

_ 5x5x3 filter

activation maps
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P Convolution layer

32

32

Convolution Layer

activation maps

y 4
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P Convolution layer

32

32

CONV,

RelLU
e.g.6
5x5x3
filters

28

28

CONV,

RelLU
e.g. 10
5x5x6
filters

10

24

RelLU

24

CONV,
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P Convolution layer stride

7x7 image / 3x3 filter / stride 1

Output activation map
7x7 image / 3x3 filter / stride 1
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P Convolution layer stride

7x7 image / 3x3 filter / stride 2

Output activation map
7x7 image / 3x3 filter / stride 2
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P Convolution layer padding

7x7 image / 3x3 filter / stride 1 / padding 1

O|lOoO|lO|O|O|O|OC|O | 0O

0/]0({0|J0|0]J0]0O|0O]O0O 0{0|0(0|0O|0O]0O|0O]O 0100
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0j]0({0|J0|0O]J0O]0O]|0O]O 0{0|0(0[0O]|0O]0O|0O]O 0100
Output activation map Output activation map

7x7 image / 3x3 filter / stride 1 / padding 1 7x7 image / 3x3 filter / stride 2 / padding 1




P Filter size formula

N

Output size:
(N - F) / stride + 1

eg.N=7,F=3:

stride 1=>(7-3)/1+1=5
stride2=>(7-3)2+1=3
stride 3=>(7-3)/3+1=2.33:\

35



P Convolution layer pooling
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P Convolution layer pooling
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P Convolution layer pooling
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P Convolution layer pooling

2X2
pool size

Average Pooling

LX2
pool size

39
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P Convolution Neural Network

C1: feature maps

INPUT
39%32 6@28x28

'._'-—-_-_-_-_‘_ |

Convolutions

L)

5*5%*] filter

C3: f. maps 16@10x10

S2: f. maps
6@14::14

Subsampling

S4: f. maps 16@5x5

T

C5: layer
120 o

Convolutions Subsamplmg

L)

5*5%6 filter

DN\

FuII CDI‘II‘JIECHDH Gaussmn connections

layer OUTPUT

Full mnnectlun
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P Why Convolution neural network?

Input layer

Hidden layer

Output layer

Row 1

Row 2

Row 3

Row 4
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P Why Convolution neural network?

N

4

e
]

X
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H3L5Hs Q1ZZH0] 207

-1to0; 1074
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P Why Convolution neural network?

Input layer

Hidden layer

Output layer

Row 1

Row 2

Row 3

Row 4

ModelO| & O}OF St= weightl| 22

16 (input size) x 4 (hidden node)
+ 4 (hidden node) x 2 (output)

72

44



P Why Convolution neural network?

1024 I 1000
2048

4096

224 x 224
= 50176

OFOF input size 224 x 224
hidden layerZt 371

Z+2t 1024, 2048, 40967 node
Output 1000712| class & 4%
a3t weight 7i+&7

50176 x 1024 + 1024 x 2048 + 2048 x 4096 + 4096 x 1000
= 65,961,9847|
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P Why Convolution neural network?

5 by 5 pixel image

3 by 3 window

0 1 0 1

0 1 0 1

0 1 1 1

Input size 224x224

Convolution layer 3 kernel size 3x3

Each channel size 128, 256, 512

Last fully connected layer 1024

Output class 1000

3x3x128 + 3 x3x128x256 + 3 x3x256x512 + 1024 x 1000
=9 x 128 + 9 x 128 x 256 + 9 x 256 x 512 + 1024 x 1000

= 1,152 + 294912 + 1,179,648 + 1,024,000
= 2,499,712
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P Classification

Cat

0.7

Dog

0.08

Car

0.01

Bird

0.01

Lion

0.2
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P Detection

48



P Segmentation

49



P Convolution neural network

Filter =1240|? Filter Filter
koY
Filter 712 M? Filter

Filter =12}0)? Filter =l Filter

j B R




P Convolution neural network

convolution layer 1

=

convolution layer 2 convolution layer 3

i

=
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Convolution neural network

:
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P Receptive field

Fully connected layer

3x3 filter conv

=

Cat:78% ~ e s
Lion : 20% SHE2 %1gllg| HHE Feot o501
Dog : 2% OfL| ar 3x3 QYA Q| HETH 21 Of ZotCt

Ex) M7t Y HAM HO| QUCH>HEE 2
Fof &2 3x3 0| &t HO{H Q7| I &

o

3x3 filter conv  3x3 filter conv

- - -

—

Fully connected layer

Cat : 78% O] B2 model= 5x5 GG 7HX| 2|

Lion : 20% N
Dog : 2% ZBEE 210 0| 5ot
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P Receptive field

NN N NN

[EX] https://theaisummer.com/receptive-field/
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P Receptive field

3x3 filter conv  3x3 filter conv

5x5 filter conv
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P Dilation convolution
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P ImageNet

|.

ImageNet% computer vision 8 A= 2[5
ILSVRCO| A AFESH= 7o O O] E 4L
2012~2017F 7t X| L 2| & TSI R 2 H @IH ol =

4T =20 AHESHE U= 7HE w8t HIO|E O|Ct.

1000552 = 1,281,167% 2| H|O|E{ 7} X5t
200GB7} H =Lt

ILSVRC: ImageNet Large Scale Visual Recognition Competition
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P Convolutional Neural Network

S

1998 2012 2014 2015 2017

LeNet AlexNet VGGNet ResNet DenseNet
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P Convolution neural network
[LeCun, Bottou, Bengio, Haffner 1998]

Image Maps

Input

/s

Convolutions

T "
AN .:\
N N
\ \
\\ N b N
ORI Output
\ \ NN )
s \ NN\ N
# \: \'\. AN \\ N \\
\ —— N\ N N\ NN
! - - N RENAL

‘*& x % A A

\ Fully Connected
Subsampling

LeNet-5

[Krizhevsky, Sutskever, Hinton, 2012]

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

“AlexNet”
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P LeNet-5

e LeNet2 19984 Z=X7| CNN 22 ¢

S
- Hdi REHZ et 89 LI|HSE ¢

1z
Ot
~
o
of
Ol
H
Hu
Pl
Ol
Ot
~
o
2
=
I
il

C3:1. maps 16@10x10
C1: feature maps S4: 1. maps 16@5x5

INPUT
32x32 oo S2: 1. maps

Full oonAecbon }Gausluan connections

Convolutions Subsampling Convolutions  Subsampling Full connection
Layer o -
Digit image LeNet 5
CONV1
CONV 2
avg . avg FC FC
_— _pool_ !_. _pool, 0 ¢
5x5 =2 5x5 =2 .
§= s=2 §= s=2 softmax
10 labels

32x32x1 28x28x6 14X14x6 10X10X 16 5x5x16 120 84

Parameter size = 60,000
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P AlexNet

« AlexNet2 20123 ILSVRCO|AM 252 CNN X

« LeNet-5 o] #2F MEX|Tt AFH G&50| Y0 el 2702 GPUE HEALME & = A BEE EA
'-__1' __IL."
Full (simplified) AlexMNet architecture: lq E_rr-j';}.

ol 4

[227x227x3] INPUT i -

[55x55x96] CONWV1: 96 11x11 filters at stride 4, pad 0

[27x27x96] MAX POOL1: 3x3 filters at stride 2 N - =
[27x27x96] NORM1: Normalization layer | Y » s s
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 A = L [ ;
[13x13x256] MAX POOL2: 3x3 filters at stride 2 x ) NPk L\ A
[13x13x256] NORM2: Normalization layer I \e 7@\ — — ><2ﬁs ><2L‘“’>]
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1 [l - aNe
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1 o (1l N\ )\ -t ANl s J o i
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1 54 X\ — - - -y B
[6x6x256] MAX POOLS3: 3x3 filters at stride 2 I h
[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)

Pooling o

Parameter size = 62,000,000



P VGG

« VGGE 20144 ILSVRCO|Al 252 AtX|gt CNN £ &

= L -+ L— o ~ Al ©
«  15¢ GoogleNet2 L #+&&= 7S H-52[ X107t AX| g1 S &S| #(=
ConvNet Conﬁg-urat:icn
A A-TRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers lavers
mnput (224 = 224 RGB image) EX) VGG16 (D type)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64 224 x 224 x3 224 x224 x 64
maxpool /),

comv3-128 | conw3-128 | comv3-128 | conv3-128 | conw3-128 | conv3-128
conv3i-128 | conv3-128 | comv3-128 | conv3-128

maxpool
comv3-256 | comw3-236 | comv3-236 | conv3-236 | conw3-236 | conv3-256
conv3-236 | conv3-236 | conv3-236 | conv3-236 | conv3-256 | conv3i-236
convl-256 | conv3-256 | conv3-236
conv3-256

Y/
)()x 56 x 25 . 512
, X7 X
77’)8x 28 x 512

,, ‘Vﬂ“‘“‘:’lz‘ 1x1x4096 1x 1 x 1000
5

) convolution+RelU

maxpool
comv3-312 | conv3-5312 | comv3-312 | conv3-312 | conv3-312 | convi-312
conv3-312 | conv3-512 | comv3-312 | conv3-312 | conv3-512 | conv3-512
convl-512 | comv3-512 | conv3-512
conv3-512

maxpool
comv3-312 | conw3-512 | comv3-512 | conv3-312 | conw3-312 | conv3-512
conv3-312 | conv3-512 | conv3-312 | conw3-312 | conv3-5312 | conv3-512
convl-512 | conv3-512 | conv3-512

conv3-512
maxpool max pooling
FC-4096 fully nected +RelU
FC-4096 softmax
FC-1000
soft-max

Parameter size = 138,000,000 62



P GoogleNet

«  GoogleNet2 2014 ILSVRCHM 258 CNN 1=

* Inception moduleg 0|&%t

Inception module

Filter
concatenation

1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling
Previous layer

63



Resnet

Resnet2 20159 [LSVRCO|A ££3F CN

N +2
7| RE S CHE A residual 7ZHES AFRSI G2 O

HN

o
—

network

VGG-19 34-layer plain 34-layer residual
image image image
o
i, 2
sutput e
sae 112 38 conv, 128
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