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Introduction
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Computer vision is everywh
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Image representation is the first step

-
0 1 24 Consider an image as a function:
”

f(x,¥):[a, b]x[c,d] - [0,255]

56 ; " 89 array([[255., 255., 255., 255

., 252., 255., 285., 255., 255., 255.],

[255., 255., 253, 7., , 14, 255., 255., 255.],

- [255., 255., 123., 7., 250., 6., 7., 255., 255., 255.],
[255., 255., 249., 6., 255., 252., 13., 189., 255., 255.],

[255., 255., 255., 255., 255., 32., 16., 255., 255., 255.],

[255., 255., 255., 255., 14., O., 253., 255., 255., 255.],

[255., 255., 255., 255., 255., 255., 7., 6., 255., 255.],

[255., 255., 255., 255., 255., 255., 7., 11., 255., 255.],

[255., 255., 8., 4., 255.,255., 7., 3., 255., 255.],

[255., 255., 10., 5., 8., 8., e,, 57., 255., 255.],

—  ——————— ——_[255., 255., 283., 4., 11., 16., 13., 255., 255., 255.],

[255., 7255, 25572555 255:,-255+ ~1—$5r,— 25—5-1—2-5—5—,>E:§ 11,
dtype=Ffloat32)
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Image representation: from gray-scale images to colorful

Images

_— red channel

* Extension of the grayscale function r(x,y) green channel
fay) =gt

____ blue channel

[172,164,89]

array([[2s5., 255., 255.],

[255 255., 255.], A
areoy(([255., 5., 255.1
91] F3h. ss.. 28, .. 255, 255, 2850,
array([[255., 255., 255.],
[255., 255 255.]
2 255.]
255.]
N

[255., 255., ., 255.]], dtype=float32]

[166,126,91]
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Image representation: a summary

@ An image can be represented as a matrix or a tensor (a higher order
matrix, usually 3-d in here) of pixel values

Ly

51, 153, 17, 168, 19, 1, 128, 151, 10, 161, 356, 156
6, 10, 16, % %, 8, B, 1, 18, 18 1, 15
00, 5, 1 %6 1, B 816 5 18
W, 18, 6,104, 1L, 11, 100, 2, 65, 5, %, 180
194, 6, 127, 1L, 20, 09, 2, 28, 20, 8§, 74, 0
10, 16, 20, 15, 23, 2, 20, 28, 08, %, 2%
18, 8, 178, 2, 18, 26, 21 155, 19, 7, %, 180
1, 9, 16, ¥ 018,53, 1, 3, 82 0,18
19, 16, 191, 183, 19, 207, 17, 165, 18, 18, %, 1%
W5, 10, 156, 50, 26, B, 148, U5, 28, 8, %, 4
19, 2, 116, 15, 26, 18, 8, 150, %, 3, 8, 240
19, 24, 147, 165, 20, 28, 10, 161, 3, 10, 256, 24
0, 20, 17, 6, 13,18, %, %, 11, M,
W, 06,26, 5, L, 8, 4, 6 6, 5, U
18,0, 20,15, 0, 1,16, 9, 13, 28, %
1%, %6, 1, 11, 0, 124, 18, 2, 15, B, %, 48

IR EEEERENERY
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Image processing: image filtering and image warping

o Image filtering: change the range, i.e. the pixel values, of an image
such that the colors of the image are changed without changing the
pixel positions

@ Image warping: change the domain, i.e. the pixel positions, of an
image, where points are mapped to other positions without changing
the colors
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Image filtering: change the pixel values

@ An example using “median filter”, replacing each entry with the
median of neighboring entries

@ used to remove noise from an image or signal

@ preserves edges while removing noise

Median filter
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Image filtering: moving average

@ A more smooth image with sharp features removed

@ replace each pixel with the average pixel value of it and its
neighborhood window of adjacent pixels

oo o oo [ofo]o 1] ‘ ‘
o [o [o]o o o |o 30 o
0 o [oof[s0|o0fs0fo Jo t———F"T]"T1 "]

0 [0 [90(0 (O 9707 0 |0

o [0 [s0]o0 [0 [s0]0 [o

0O [0 (90|90 (90|90 |0 |O

o (o [ofo|o]o]o]o
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Image filtering: image segmentation filters

@ Partition an image into regions where the pixels have similar
attributes, so the image is represented in a more simplified way

@ identify objects and boundaries more easily

Segmentation

255,if f(x,y) > 100
0,otherwise

flx,y) = {
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2d convolution filter: works on a input and a kernel image

o Filters can be expressed in a principal manner using 2d convolution,
such as smoothing and sharpening images, and detecting edges
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Sharpening filter

@ Original image - smoothed image = details

@ Original image + details = sharpened image
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An application: edge detection

H. Xiao (IFIQGSU) Deep Learning in CV Spring 2021 13 /61



Image warping (scaling)

@ Digitally manipulating an image, such as resizing the image
(subsampling)
e any shapes portrayed in the image have been significantly distored

Subsampling/downsampling

256x256%3

512x512x3
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Translation

@ Shifting of an object location

. . 1 0 ¢
@ transformation matrix: M = X
01 ¢
1 0 100 (100,50)
0 1 50]
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@ Rotation 0 can be achieved by the transofrmation of the form
| cosf —sinf | o B (1-a)x—By
° M= [ sinf cosf ] or M = [ -8 a Bx+(l—a)y , Where
a = scale x cos 0, f = scale xsinf and (x,y) is the center

6=180
Scale=1
(x.y) is center of image
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Affine and perspective transformation

o Affine: similar to rotation, all parallel lines in the original image will
still be parallel
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Image warping

original image vertical wave horizontal wave

Demo on image processing; check the python code!
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Filters: a motivating example of edge detection

original vertical edge detector horizontal edge detector

@ vertical edge detection

input 6x6
1010100 |0 |0 filter 3x3 output 4x4
1010 |10| 0 | 0 | O 110 0 |30 ]3] 0
1010100 |0 |0 . 1o a2 _ 0 (30 ]300
10101200 |0 |0 T 1ol a 0|3 (3]|0
1010 |10| 0 | 0| O 0 (30|30 0
1010100 |0 |0 [.
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edge detection filters
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More edge detection filters

1o 111
10| 0|00
1 /0|1 111
Vertical Horizontal
10]10]10][0 00
olofo]fo
10|10[10][0 |00 11111
10[10{10[0 |00 REEE 30| 10 |-10|-30
o/oo]10]10]10 = 30 | 10 |-10 |30
EYIENEY
o/oo]10]10]10 ojofofo
0/oo]10]10]10
101 INERE! 3|o|=
IERE! 202 100 |10
1o 1[04 3|0
Sobel filter Scharr filter
3foflaf2]7]a
158931
Wy (wz (ws
27 25|13
Wy | ws | we
o[1|3[1]7]s . =
wy | we | ws
al2]1|6]2]|8
2[als[2]3]o




Padding

@ Shrinkage output
@ through away information from edge

6x6

@ Options: Valid and Same padding
e Valid: no padding, and output (n —f + 1) x (n— f 4+ 1)
@ Same: output feature map stays the same size as the input image
(feature map), and output (n+2p —f +1) x (n+2p —f + 1)
e f usually odd
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Stride

91 | 100 |83
69 |91 |127
44 |72 |74

2 (3 7 |4 |6 |2 |9
6 [6 |9 |8 |7 [a |3
3 (4 |8 |3 |8 |9 |7

3 |4 |5
7 |s [3 |6 |6 [3 |4 | .

1 |o |2
4 2 |1 |8 [3 |4 |6

1 |o |3
3 (2 |4 |1 |9 |8 |3
o [1 [3 |9 |2 [1 |a

o output: (ZFZ2=L 4 1) x (2221 4 )
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Output dimension after a convolutional layer

filter: f X

padding: p

stride: s

nxn

n+2p+ n+2p+
=22 f+1Jx[ S”f+1
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Convolutions on RGB (colorful) images

Colorful image
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Convolutions on RGB (colorful) images

=RELU( +b1) =

@ Number of parameters in one layer

e consider one convolutional layer with 10 filters that are 333, how many
parameters we need to train?
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* If layer l is a conv layer: « Input (RGB images): n[l—ll ><n‘[/‘l,—l]
* f[l] = filter size [ [ [

[ — . * Output: n;"Xn,,'Xn,
* ptY! = padding -

o 5l = ctri Lo _ | 2t
s[l] stride Mnw = wt +

= number of filters
. Each filter is: fIx fFlUxn.

(1] xnlt
[l 1]

[1-1]

[] (1]

* Activations: alll - n;, XN,

* Weights: flUx flxn,,
[

nl!
* Bias: n,

H. Xiao (IFIQGSU) Deep Learning in CV Spring 2021 27 /61



An example of C t

=3
]_:[1]—1 f[2]=5 f[3]—5
[1] : S[Z] =2 5[3] =2
p =0 pP =0 [3]_0
n[ 1 =10 [2] _
n 20 n[3] Flatten
x:39%39%3 37x37%3 17%x17%20 7X7%40 1960
a0 =l =g myl=mpl=37 m=nfl =17
A0 5 ni =10 =20
(4

e Convolution (ConV), complicated
e Pooling (Pool), easy
e Fully Connected (FC), easy
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Pooling layers (Pool)

@ reduce the size of image representation, speed up the computation,
and robust feature detection

Max pool
2 1 Hyperparameters:
1|2 f=2

- |6

Average pool

2 1 Hyperparameters:
f=2
1|2 s=2 1.25

1] 3
i |4

o No parameters to learn, output L%”_f +1] x L%”_f +1]

H. Xiao (IFIQGSU)
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An example

f=5 f=5
s=1 f =2 s=1 f =2
p=0 covi =2 Pt P=0 vy s=2 Pool2
| n==6 Max pool n=16 Max pool
| 28x28x8 14x14x8 L 10x10x16 5x5x16
32x32x3 Y T
Layer 1 Layer 2
FC3 FCa Activation shape | Activation size # parameters
[ 4 Input (32323) 3072 o
) = softmax. CONVI(f=5,5=1) (28,288) 6272 208
- PoOLL (14,14.8) 1568 o
- CoNVa(F5,5+1) (1010,16) 1,600 16
-l POOL2 (5,5.16) 400 o
[ J Fc3 (120,1) 120 48,001
= 10
84 Fca (84,1) 84 10,081
120 Softmax. (10,1) 10 841

Deep Learning in CV
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Why convolutions

Represented as
pixels

The most basic Use 1%t layer as module to

classifiers build classifiers

_ (aetler M. ., ECOV 2074
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Why convolutions

Only 156 parameters

3,072 * 4,704 parameters
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Convolutions enable parameter sharing

o A feature detector (such as the vertical edge detector) that's useful
in one part of the image is probably useful in another part of the
image

o|lo|o|e

o|lo|o|e|o|e
o|lo|o|e|o|e
o|lo|o|e|o|e
*
o
o|lo|o|e

in different regions

“upper-left beak”
\ K detector
—S -

/ Do almost the same thing

+ S
/ “middle beak”
detector
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Convolutions enable sparsity of connections

@ in each layer, each output value depends only on a small number of

Inputs
01010000
1010|100 o o 1 0 1 ° 30 | 30 °
101010000 . TTo 2 R Ll el Bl
101010000 TTola 0f30)3%0|o0
10[10[10[0]0]0 030|300
101010000

@ Sparsity of connections: ConV v.s. FC

1 (1|11
1/o0|o|ofo|1 AENENRER
0[1|/0|0|1]0 1 1)(1

CONV 0|0|1|1|0]|0
1|0fofof1]|0
o|1|/0|0|1]|0
0l0|1]|0|1]0

image
1/0f(0|0f0]|1
of1folo|1]|0]| Flatten
Fully-connected [o[o[1]1]0]0
1(o0j0f0|1]|0
o|1/0(0f1]|0
0/0|1]|0[1]0
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Benefits of using ConV

-1 | Filter 1

©
(=)

=) G%

oO|Oojlr|O|O
N
OOI—\O\O
l—‘l—‘l—‘Ol—‘O\
o (v (e ) (e
€Ce e
wri)\é)wé)
€CCE
. &DW}]"
EEEE :57
‘w‘:

0 10:

oO|OoO|Rr|O|O|K
O, |OjO |~ |O

1]0

6 x 6 image

13:
14:

16: input, not fully
connected

=
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Benefits of using ConV

_1_ 1:

Filter 1 2

()
O >

1
(=) -
A
O

S am ;3
1]ofo]o g!ﬂ_oa :
ofijofof1}5 & | 7@ /
ojol1l1]olo i &H A
oo 0] thor— 2] o/ ) 1
oj1/0]0]|1 10:
olo[1]o0]1]0 :

6 x 6 image 13:
14:

Less parameters! 15:

: Shared weights
Even less parameters! 1? ‘ Ents |
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@ Subsampling the pixels will not change the object
bird
bird

We can subsample the pixels to make image smaller

Less parameters for the network to process the image
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The whole CNN architecture

Property 1: some patterns are much Property 3: subsampling the pixels
smaller than the whole image will not change the object

FC3
Feedforward network

CONV1 POOL1 CONV2 POOL2

Haider

T
Layer 1 Layer 2 ]

Can repeat many times

CostJ = —Z nLHD,y®)
Use gradlent descent to optimize parameters to reduce J
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The whole CNN architecture use Keras

FC3
Feedforward network

CONV1 POOL1 CONV2 PoOL2
<~ dFlatte o
B a
32x32x3

28x28x8  14x14x8 10x10x16 5X5x16

‘model.add( ConvolutionZB(,S_, EL'T?)' input_shape=( 3, 32, 32

Number of filter Filter size Number of channel: 1 for black; 3 for RGB 32 by 32 pixels

model.add(Dense(output_dim = 100))

model.add( Convolution2D( 16, 5, 5)) model.add(Activation(‘relu’))
‘mgnggg(Dense(ogtpgt dim=10)

‘ model.add(Activation(‘softmax’))
‘ model.add(Flatten()) ‘
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CNN for speech

Frequency

Iage Time
Spectrogram

Spring 2021
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CNN for text

embedding dimension

sentence convolutional pooled
matrix feature map representation

S e Rixlsl C e R sl-m+1 Cpool € R1xn

softmax

—_—

F ¢ RP™

S
Source of image:
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.703.6858&rep=rep1&type=pdf
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Classic Networks
LeNet-5, AlexNet, VGG, GoogleNet, ResNet
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5x5 filters
Stride =1

32x32x1 28x28x6

digital recognition

H. Xiao (IFIQGSU)

AvgPool
= Av AvgPool
2 5x5
s=1 s= 2
- e
Flatten
14x14x6 10x10x16 5x5x16

Conv1->AvgPool1->Conv2->AvgPool2>F (2> (4->Softmax

Deep Learning in CV



11x11
s=4
—
55%55%x96
227%227%3
— —

3x3 3x3
same

13x13x384 13x13x384

MaxPool

3x3
s=2
-
\
27x27x256 13x13x256
FC FC
— — — — O
Flatten
softmax
1000

9216 4096 4096

Convl->MaxPool1->Norm1->Conv2->MaxPool2->Norm2->Conv3->Conv4->Conv5>MaxPool3 > FC6DFCT>

@ First large scale CNN to do well in image classification!

H. Xiao (IFIQGSU)
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o Input: 227x227x3 images; First layer (Convl): 96:11x11 filters with
stride = 4

e Q: what is the output volume size? 55x55x96
e Q: how many parameters? (11x11x3)x96
@ Second layer (MaxPooll): 3x3 filters with stride = 2
e Q: what is the output volume size? 27x27x96
e Q: how many parameters? 0
@ Details:

o First use of ReLU; Used norm layers (not common anymore); Heavy
data augmentation; Dropout=0.5; Batch size = 128; Sgd momentum
= 0.9; Learning rate 0.01, reduced by 10 manually when val accuracy
plateaus; Le weight decay 0.0005; 7 cnn ensemble, accuracy improved
by around 3
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ImageNet large scale visual recognition challenge winners

First winner based on cnn

1 ZENet: improved
M, hyperparameters over
A AlexNet

% 16.4

\
\ 11.7

N
N
53
<
o
@
=
©
oz
@
@
—J

i I I

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

shallow

@ ZFNet has the same structure with AlexNet, but

o Convl: 11x11 filers with stride 4 — 7x7 filers with stride 2
o Conv3, 4, 5: number of filers 384, 384, 256 — 512, 1024, 512

@ accuracy improved by 4.7%
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ImageNet large scale visual recognition challenge winners

Deeper networks

152 layers ‘

11.7
\ 6.7 7.3
3.57 [ 8 layers

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet
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VGG-16

Small filters, but deeper networks

Q: why use smaller filters?
Stack of three 3x3 Conv (stride 1) layers has same
effective receptive field as one 7x7 Conv layer

Q: what is the effective receptive field of three
3x3 Conv (stride 1) layers? 7x7

Pros:

1. more non-linearities

2. fewer parameter: 3X(32xC) vs 72XC where C
is the number of channels

fe7
fc6

convs
conv4 3 X 3 conv, 384

conv3

Pool

3x3con

Pool

conv2
convl

eep L

11 x 11 con

[ mpuer ]
AlexNet

earning in CV

convs-3
conv5-2

convs-1

conv4-3
conva-2
conva-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

7.3%

[ Softmax |
[_Fcioco ]
FC 4096
FC 4096

Pool

[ Sofimax ]
FC1000
FC4096
FC4096

Pool

X3 coi
3conv,5

3 X 3 cony, 512

3 X 3 conv, 256
3 X 3 conv, 256

3 X 3 conv, 256
| —T— Pool
3 % 3 conv, 128 3 X 3 conv, 128
——
VGG16 VGG19




GoogleNet

GoogleNet =

Deeper networks with computational efficiency

- 22layers

- Efficient inception module

- No fully connect layers

- Only 5m parameters (much less than <
alexnet;

- ILSVRC’14 classification winner (6.7%)

L
H

i
i1
e ]

anfeafad il ipedl

Inception module: a good local network
topology and then stack these modules on top
of each other

[l

A A

Inception module

Deep Learning in CV



Novelty of GoogleNet: Inception Module

Q: what is the problem with this
naive inception module?
Computational complexity

Concatenate all filter outputs
together depth-wise

Lo T ]

Parallel filter operations on the
input from previous layer

Input: 28x28x256

126 1x1 Conv same padding
192 3x3 Conv same padding
96 5x5 Conv same padding
3x3 Pool

What’s the output size?
28x28x672

Pooling layer also an issue. Why?

Naive Inception module
Google solution: use bottleneck layers that use 1x1
[Szegedy et al., 2014] Conv to reduce feature depth

Deep Learning in CV



Novelty of GoogleNet: Inception Module

Naive Inception module Inception module: dimension reduction

[Szegedy et al., 2014]
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GoogleNet

]

Auxiliary Classifiers

Stem network:
Conv-Pool-2xConv-Pool

H. Xiao (IFIQGSU)

Stacked inception modules

Deep Learning in CV
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ImageNet large scale visual recognition challenge winners

152 layers

3.57

ILSVRC'15
ResNet

IL$
Gq

H. Xiao (IFIQGSU)

VRC'14
ogleNet

ILSVRC'14

VGG

Revolution of Depth

ILSVRC'13  ILSVRC'12

AlexNet

ILSVRC'11  ILSVRC'10
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34-layer plain

34-layer residual

pool,/2

H. Xiao (IFIQGSU)

ResNe

.

Deep Learning in CV
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Residual Network

@ Very deep neural network is difficult to train because of vanishing and
exploding gradients
@ ResNet is able to train very deep neural network

V\L.Aém

20-layer

training error (%)
test error (%)

20-layer

"iter. (let) ‘ " ter. (led)

@ 56-layer model performs worse on both training and test error
@ The deeper model performs worse, but it's not caused by overfitting,
more because of optimization issue

Spring 2021 55 /61
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Residual block

ol alt+1] all+2]
— — —> —> — Plain neural network
l

Z041) = gl 4 pi+1]

I

Residual block

H. Xiao (IFIQGSU)

ZI+2] = ylt+ilgl+a] 4 pli+2]

al+1l = g(zIt+ly alt+2] = g(zl+2h

all I ali+1l l
—

Short cut/ skip connection

ali+2l

> > Residual network

all+2] = g(zU+2] 4 gllly

[He et al., 2015, deep residual networks for image recognition]
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Why ResNets work?

Ifw[l+2] and b+2]
are 0, residual nets
becomes plain

— E —>qli+2

Deep Learning in CV



Why ResNets work?

R

ResNet-18) TN o,
—ResNet-34 34-layer

40 50 10 20 40 50

30
iter. (led)
[He et al., 2015, deep residual networks for image recognition]
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3x3 conv

X
F(x) relu

3x3 conv

X

Residual block

@ stack residual blocks; every residual block has 2: 3x3 ConV layers

@ periodically, docule number of filters and downsample spatially using
stride 2

@ additional ConV layer at the beginning and no FC layers at the end
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Similar to GoogleNet, for deeper networks output 28x28x256

F(x)+x

3x3 conv

P | e

3x3 conv

(more than 50 layers), ResNet use
bottleneck layer to improve efficiency T

1x1 conv, 256 filters to
project back to to

28x28x256 1x1 conv,256
3x3 conv (onlyt 64 3x3 conv,64
feature maps) T

1x1 conv, 64 filters to
project to 28x28x64 Tl e

Input 28x28x256

Residual block

Deep Learning in CV



The End

H. Xiao (IFIQGSU) Deep Learning in CV
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