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Convolutional Neural Networks
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Deep Computer Vision

Our visual system is
trained on images seen in
540 min of years!

“To know what is
where by looking.”
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Images are Numbers

What | see What a computer sees
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Images are Numbers

What the computer sees
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An image is just a matrix of numbers [0,255]!

Le., 1080x1080x3 for an RGB image
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Grayscale images are 2D matrices of pixel brightness
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Color image: RGB 3 channels

height (rows)

width (cols)

Channels (depth)




Image Classification task

veE s | v | 1ee e
im0 | T | TR
1 (e | o= one |
2 (vam | 8 i 1w
1 | w107 s o
17 | s |29 | sm s
3 Vi | BT see s
i
1| FT | RS | m ) TE
e e 1 19 e
2 |72 |19 o= e
TG |1 |14 [
Vi | 234 | W7 10 2
Vi |3 |19 | e 10G
IHT | e |5 | TR
e | o | a1
1 2oe |13 | =me im

Input Image

1|0

m

B B

a &le 5 & &8 d F

11111

= & E E ¥ =

o B|E 8 d E

B E ¥ &8 3 £ 3 2 8

[Fil]

1
wma |1

w & ¥ E B2

7

]

g % B # 2|38 &

Pixel Representation

= R|E|5|E A R|E E 5|K 8 F %

classification

Lincoln
Wiashington
Jefferson

Obama

0.8

0.1

0.05

0.05




High-level Feature Detection

Let's identify key features in each image category

Wheels, Door,
License Plate, Windows,
Headlights Steps




Manual Feature Extraction (challenges)

Occlusion

.

Viewpoint varlat|on | Scale variation Deformatlon

Intra-class variation

Background clutter




Learning Feature Representations

Can we learn a hierarchy of features directly from data
iInstead of hand engineering?

Low level features Mid Ievel features High level features
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Learning Feature Representations

Elephants Chairs
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MLPs for Supervised learning tasks

CRIM =0.00632

ZN = 18.0

INDUS = 2..31

CHAS =0

NOX = 0.538 Predicted
/ House Price
N i’ 21.7186
RM = 6.575 W

AGE = 65.2

LSTAT = 49.8

Boston Housing Dataset

» 13 features and 506 records
= A 3-Layer MLP (13-8-6-1)

= Performance: RMSE = 3.97

PN &
N
AN,

X Y

AN %
(7 g\: X

Iris Flower Dataset
= 4 features and 150 records
= A 3-Layer MLP (4-25-15-3)

= Performance: 98.7% Accuracy
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MLPs for Grayscale Image Classifications

[ pixel 1—Q — pixel 1—
pixel 2— pixel 2— )
pixel 3— pixel 3 Y -
pixel 4— 4 9} pixel 44 ’ =
pixel S— () 0 FO = a.01 0 pixel 5 ) { { P=004, T-shirt/top
pixel 6— { 1 er= R, | .}1 pieal 8- N ® - { g =001, Trouser
pixel 7— A : B P2=003 Shi pixel 7— s ALl
28x28 % O N ) ( — 2 - - = Il't . e { o ! Pullover
(28x28) ixel 8- . & pixel 8 ~ > =
P RS 3002 P=0.02
pixel () N @ < [ —— 3 j’ .é‘ pixel 9— ) AV { 0’5 1 r————> Dress
3 \YiEe & x . P4 =003 = o s ; , . P=003
: — T i ¢ ; Z o 3 2 - P AN ' < PTT i
O WREREETE <EX { ¢ w. 5 0] i . O o ( ’ { X ﬁ'sanda
: Y s Y o ( P6-0.20 6 - p O e 4 - ———— Shirt
: . P - P7=0.05 ﬁ -—= ok n b E . AEERER P=001
: RN : ‘ by 7 — o LY 5 (28:28) . Crzars ‘ PoogL oEaKer
3 1. 1 e 8 ‘ . ‘ .‘ ' Fashion MNIST Vet O { ———= Bag
< . P =001
) P9 =005 9 - Dataset ) 3 Y { — Ankle boot
Handwritten
digits from 0 to 9
L pocol 784 — (4 L poxel 784 —(

* MNIST Dataset * Fashion MNIST Dataset
= 70,000 28x28 Grayscale Images = 70,000 28x28 Grayscale Images
" 3-lLayer MLP (784-128-64-10) " 3-lLayer MLP (784-128-64-10)
= Performance: 98.36% Accuracy = Performance: 84.18% Accuracy
* No. of Parameters: 109.386K * No. of Parameters: 109.386K
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Traditional Method

(with
\\dropout)
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CIFAR-10 Classification Task

70,000 color images with 10 classes

Input x = (1, X2, ..., T3072), for 32 x 32 x 3 = 3072 input features
Output ¥ = (¥1, %2, ..., Y10), one for each class
- frog, airplane, automobile, bird, cat, deer, dog, horse, ship, truck

1.0

14




Traditional Method

Previous DNNs use fully-connected layers
Connect all the neurons between the Iayers rraseem s x:

* (-) Large number of parameters
* Easy to be over-fitted "
* Large memory consumption

@
Drawbacks: :.ﬁ"

9

U

* (-) Does not enforce any structure, e.g., No Spatial information
* In many applications, local features are important, e.g., images
Neighboring

variables are
locally correlated

15
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Hubel and Wiesel's experiment

Hubel and Wiesel's experiments on cats' visual cortex influenced
the intuition behind CNN models.

* They discovered that certain neurons in the visual cortex were
sensitive to edges and lines.

« Different neurons responded to specific orientations of edges,
regardless of their position in the visual field.

Light bar stimulus
projected on screen

\ININ[=1A40/711




Hubel and Wiesel's experiment

 Their ground-breaking research led to the discovery of
specialized cells in the visual cortex called "simple cells" and
"complex cells."

« Simple cells responded selectively to specific orientations of
lines or edges.

» Complex cells responded to more complex visual stimuli,
such as moving lines or gratings

These findings led to the development of CNNs, which
mimic the hierarchical processing of visual
iInformation in the brain.

X7 University of Kurdistan
"Sity of W *
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Hierarchical visual processing in the brain

input retina LGN V1 v2 v3 Loc

University of Kurdistan
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ImageNet and AlexNet (2012)

* ImageNet is a large-scale image dataset with over 14 million
annotated images across over 2000 categories.

* The ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) is an annual image classification competition based on
ImageNet started in 2010.

* In 2012, AlexNet, a deep 8-layer CNN developed by Krizhevsky et
al., won ILSVRC with a 16.4% error rate, significantly outperforming
traditional computer vision methods.

 Since AlexNet, ILSVRC error rates have continued to

19



Convolutional Neural Networks (CNN)

1. Input Layer (Height x Width x Depth)

2. Convolutional Layers

3. Activation Function (ReLU)
4. Pooling Layers

5. Fully Connected Layers

6. Output Layer

Input T Output
Pooling Pooling Pooling -
: 7 ----Q'-z-...- _Horse
[ - EER T —Zebra
5] e S —Dog
: SoftMax
Convolution Convolution Convolution = '?‘;Et:gité%n
Kernel R;ILU R;LU R;*LU Flatten
Layer
- Feature Maps
| | | —
Feature Extraction Classification Probabilistic
Distribution
20




Convolutional layer

The result of taking a dot product

Fully-connected layer between arow of @ T and the input
* 32x32x3image = stretch to 3072x1
Input X Activation
1 ] — 07« ' 1
3072 10x3072 weights 10

Convolution layer

32x32x3 image 4 separate activation maps

If there are four 5x5x3 filters

v

Convolve (slide) over all spatial locations

21




Traditional Method

32x32x3 Image -> stretch to 3072 x 1

Input Output
P Wz P
—_— — 1 ﬁ)
10 x 3072
. 10
weights
- Cat

26



Convolutional layer

3x32x32 image

32 height
32 width
3
depth /
channels

3x5x5 filter

III

Convolve the filter with the image
i.e. “slide over the image spatially,
computing dot products”

27



Convolutional layer

3x32x32 image

3x5x5 filter

32

32

=0

1 number :
the result of taking a dot product between the
filter and a small 3x5x5 chunk of the image

wiz+b

28



Convolution Layer

3x32x32 image

i

3x5x5 filter

——0

32

32

1x28x28
activation map

28

convolve (slide) over all
spatial locations

28

¢7University of Kurdistan
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Convolutional layer

3x32x32 image

Consider repeating with a

BOXS LT gocond (red) filter:

two 1x28x28
activation map

‘ convolve (slide)

32 over all spatial
locations

32

30



Multiple 3D Filters

* For example, if we had 6 5x5x3 filters, we would get 6 separate

feature maps: 6 activation maps,

each 1x28x28

A P 4

6 filters

Convolution Layer

A A

6

28

>

w|

We stack these up to get 6 feature
maps of size 28x28x6 as output of
this convolutional layer

XV University of Kurdistan



Channels in 2D convolution

3 x 3 pixels Weights, €2

RGB input, X Hidden layer, H;

Kernel size, stride, dilation
all work as you would
expect




Convolution Layer

2X6x28x28
L 2x3x32x32 Batch of outputs
Batch of images Also 6-dim bias vector:
/ .

Convolution
Layer

32 I
32 6x3x5x5 (A / 1
3 filters I I I I I I

X/ University of Kurdistan
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Convolutional layer

Input Filter / Kernel Feature map
111 11o]o 10| 1 4
0 1 1 1 0 X 0 1 0 =
olo| 1|1 |1 1 o | 1

30




Convolution Operation
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What do convolutional filters learn?

32 28

*l Conv I' RelLU p

|

[w,: 6x3x5x5 |

b, 6
32 28

3 6

Input: First hidden layer:
N Xx3x32x 32 N X6 Xx28x 28

First-layer conv filters: local image templates
(Often learns oriented edges, opposing colors)

ENENNEEE
BNEZVNEEE
NENENEEN
HE=mumi

TDEEE
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Convolution filters

Convolution of an image with different filters can perform operations
such as edge detection, blur and sharpen by applying filters.

33



Filters

sharpens the image

34



Filters

10 |10 | 10 | O 0 0

10 | 10 | 10 | O 0 0

10 | 10 | 10 | O 0 0

10 |10 | 10 | O 0 0

10 | 10 | 10 | O 0 0

10 |10 | 10 | O 0 0
Input Image

0

0

Kernel

30

30

30

30

30

30

o|]o | OO0 | O

30

30

oo | o | O

Qutput

Feature Map

Vertical Edge Detection

¢/ University of Kurdistan
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Translation Invariance

When input is changed spatially (translated or shifted), the corresponding
output to recognize the object should not be changed

TRAUSLATION VUARIANCE

Features of X v

¢7University of Kurdistan
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Using Spatial Structure/Information

XX IR0 009 00000000
%ﬁﬁéd@dﬁdﬁﬁﬂd& 20000000

S
D=L 7 o
0000 6305009000 100 5 0,20/00'0
a'0/0 20/0,5/9590'0'0 00000
A\ IS\ ‘.*\k.‘\‘ * * . SN *\’
O can A0 00 TS K
.“'.Y~!'Q$i*=,.v‘\\$\ = %
IR

oo e I XIALLX
CXCEE0) 33338
ALALL 0000000000000

0,00 000 IR0 0000 X
N 0/0/000/0/0/0/00/00'0
QOOOC0 | 50000000000

2) Slide the patchwindow across the image.

Different weights (filters) detect different features
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The whole CNN

| 7 INNAR
; 7

AR 7/
\ /
M 5|
l f-, At K i
) ey

| My W1

! W
Ve W ‘\ W

1 )

‘ Convolution

-
Pooling

Convolution

e

&

Pooling

Can repeat
many times

38

¢/ University of Kurdistan




CNN — Main components

1. To build a CNN model, four components are typically needed (Li et al. 2020).
Convolution The outputs of convolution can be called feature maps.
Padding Padding enlarges the input with zero value.
Stride For controlling the density of convolving, stride used.
Pooling As a result, Pooling (down-sampling) such as max pooling and average
pooling obviates large number of features in feature map.

Stride =2

ofofofolololololo
olofofof1]0]o0 olojojojolt]ofo]0
1{ofo|1]olo]1 o/1lofol1]o]of1]o] -
01 110 wux
0O(0(1|{0]|1]0]0 . 10/0j0J1]0|1]|0]|0]O 5
Paddlng Conv kernel 113 3|1 POOllﬂg 3
of1(1{({0({0]|1|0|———0[0|1}1]|0]|0]|1]0]0O ; ‘ >
RN | R 2
1({0(1]0{0|1/0 0j1(0{1(0|0|1(0]0 ol1 302
0(0(1({0]|0]1]0 0(0({0f1(1{0]|1]|0]0 :
00|01 |1]0]|1 0(0(0|O|1|1|0]1]0
Input ololofofofo]o]o]0
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Strides

Stride is the number of pixels shifts over the input matrix.

When the stride is 1 then we move the filters to 1 pixel at a
time. When the stride is 2 then we move the filters to 2 pixels at

a time and so on.

YV VY

Stride =1 Stride = 2

40




Strides

stride = 2 stride = 2

T~ T

X7 University of Kurdistan
"Sity of W *
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Padding

» Sometimes filter does not fit perfectly fit the input
Image. We have two options:

» Pad the picture with zeros (zero-padding) so that it fits

» Drop the part of the image where the filter did not fit.
This is called valid padding which keeps only valid
part of the image.

X7 University of Kurdistan
"Sity of W .
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Padding

Add zeros around image borders to conserve the spatial extent of
the input.

Prevents fast shrinking of the input data (image)

- Example: Convolution with 3 x 3 filter and padding

- - - 43
XV University of Kurdistan



Padding

* In practice: Common to zero pad the border
* Used to control the output filter size

9

7x7 input (spatially)
Zero pad 1 pixel border
Assume 3% 3 filter
Applied with stride 3

- 3x3 output

o | o] o |]Oo|OC|OC|OC|COC|O
o | o] o|]OoOo|OC|OC|C|OC|O
(]




Size of the OutEut

If you have a stride of 1 and if you set the size of zero padding to

(K—1)
2

Zero Padding =

where K is the filter size, then the input and output volume will
always have the same spatial dimensions.

The formula for calculating the output size for any given conv layer is

W-K+2P
_( ),

0
5

where O is the output height/length, W is the input height/length, K is
the filter size, P is the padding, and S is the stride.

44

X7 University of Kurdistan
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Size of the Outeut

DZ(W—H+EP}+1 32-5+2-0

+1=28
5 1

activation map

- 32%x32x3 image

é§§§§7 "~ 5xxafiter w, ,////7
2

——0
V.

N=)

3 Zero Padding
Stride =1

28
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Size of the OutEut

Work out output dimensions for the following setting:

227

Kernel

11

11

3

96 filters
Stride = 4
Padding=0

Wout = l

Hout = l

—

Wi, — K + 2P

S

S

J+1
J+1

C

out

=96

out=l

=55

Hoyt = 55

227 — 11

¢/University of Kurdistan
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Convolution with PxTorch

self.convl = nn.Conv2d(1, 16, kernel_size=5, stride=1,
padding=0)

self.conv2 = nn.Conv2d(16, 8, kernel_size=5, stride=1,
padding=0)

X/ University of Kurdistan
"”{yof\t\“& [
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Non-linearity

Sigmoid

o(z) =

14+e—2

Leaky RelLU
max (0.1, x)

Maxout
max(wi x + by, wl z + by)

ELU
T 2 >0
ae®—1) z<0 - | i0

—2/
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Non Linearity (ReLU)

>

>
>

RelLU stands for Rectifled Linear Unit for a non-linear
operation. The output is f(x) = max(0,x).

Why RelLU is important?

RelLU’s purpose is to introduce non-linearity in our
ConvNet. Since, the real world data would want our
ConvNet to learn would be non-negative linear values.

There are other non linear functions such as tanh or
sigmoid can also be used instead of RelLU.

Most of the data scientists uses RelLU since
performance wise RelLU is better than other two.

X7 University of Kurdistan
"Sity of W .
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Non Linearity (ReLU)

0 3 11 1

2 54 =2 80 2 54 0 80

Kernel

Image Output

Output

48




Non Linearity (ReLU)

- Apply after every convolution operation (i.e., after Rectified Linear Unit (ReLU)
convolutional layers) o}

- RelU: pixel-by-pixel operation that replaces all negative
values by zero. Non-linear operation!

B

6t

Input Feature Map Rectified Feature Map
p

4}

%
-

A A e Rl e 1
- 10 -5 5 10

g(z) =: max. (0, z‘)

White ='positive values Only non-negative values




Pooling Layers

Pooling (or subsampling)
» Make the representations smaller (will not change the object)
* (+) Reduce number of parameters and computation

224x224x64
112x112x64 bird

pool

e

bird

—

SSCUIIPE Subsampling

|

— P
downsampling
112

50




Pooling Layer - Downsampling

* Max poolingand average pooling
* With 2x2 filters and stride 2

51



Understanding Hyper-parameters

Input (5, 5) Output (3, 3)

After-padding (5, 5)

[¥a

Input Size:

aasssssl)
Padding:

o

Kernel Size:

o)

Stride:

(98}

|

% Hover over the matrices to change kernel position.

https://poloclub.github.io/cnn-explainer/

55

#7University of Kurdistan



Visualization of CNNs layers

Low-Level
Feature

—b1

Mid-Level
Feature

High-Level
— —_

Feature

Trainable
Classifier

56



Fully Connected Layer

The layer we call as FC layer, we flattened our matrix into vector
and feed it into a fully connected layer like neural network.

" O . CLASS A
' - - e : O CLASS B
% | 7 2 O CLASS C
FLATTEN LAYER FULLY CONNECTED LAYER SOFTMAX LAYER

CLASSIFICATION

54



AlexNet Architecture

8 layers ( and 3 fully connected layers)

3 -POOL- -POOL- : -POOL-FC-FC-FC
* The ReLU non-linearity is applied to the output of every layers
* Response normalization layer follow the first and second conv layers
* Overlapped 3x3 Max Pooling and Dropout in FC layers
* 60M Parameters

224
55 dense dense
dense
— —> —>
1000
224 256 Max Max 4096 4096
% Max pooling pooling
Stride Pa3iig

of 4

58



ImageNet Dataset (ILSVRC Challenge)

motor scooter

¥ * About 1.2 million images and
1000 classes

 Image resolution: RGB-Color
Images with 244x244x3

black widow
cockroach

container ship

motor scooter

lifeboat
amphibian
fireboat

drilling platform

go-kart
moped
bumper car
golfcart

» Accuracy is measured as top-5
Egyoran cat| PEIfOrmance.
P Correct prediction if the true label
# Matches one of the top 5
predictions of model

ascar cat

vertible agaric dalmatian
grille mushroom grape spider monkey
pickup jelly fungus elderberry titi
beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man’'s-fingers currant howler monkey

squ | monkey

59



Complexity of AlexNet
__ ctitonshope  Actationsize _#parameters _

Input 227 x227x3 154587 0
image
» Convolutional layers cumulatively Convi | ssxssuss  2s0a00 34944
. . =115s=4p=0
contain about 90-95% of computation, .. o 69984 o
only about 5% of the parameters =322
. Conv 2 27 x 27 x 256 186624 614,656
 Fully-connected layers contain about (=5s=1p=2)
Pool 2 13 x 13 x 256 43264 0
95% parameters (=35-=2)
° 1 1 Conv 3 13x13x 384 64896 885,120
Trained with SGD (3 5-1po1)
- On two NVIDA GTX 580 3GB GPUs  conve  sanixass  eaase
=3s=1p-=
- For abOUt 1 Week Conv 5 13 x13 x 256 43264 884,992
(f=3s=1p=1)
Pool 5 6 x 6x256 9216 0
(f=3s=2)
FC3 4096 x 1 4096 37,748,737
FC4 4096 x 1 4096 16,777,217
Softmax 1000 x 1 1000 4096001

¢/ University of Kurdistan o0




CNN for MIST Dataset

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution A /—M
(5 X 5) kerr.1el Max-Pooling (5 X 5) kerr.iel Max-Pooling (with
valid padding (2x2) valid padding (2x2)

/| ¥\ dropout)

/_A

INPUT nlchannels nl channels n2 channels n2 channels E \. 9
(28 x28 x 1) (24 x 24 )(\n]?) (12x12 xn1) (8x8 XQZ’; (4x4xn2) | Si—
n3 units
16 24

61



CNN for MIST Dataset

Dimension Flow:
Input: 1 X 28 X 28 (grayscale MNIST images)

After convl: 16 X 24 X 24 (28-5+1=24)
After maxpooll: 16 X 12 x 12 (24/2=12)
After conv2: 24 x8Xx 8 (12-5+1=8)

After maxpool2: 24 X 4 X 4 (8/2=4)

Flatten: 24 X 4 x 4 = 384 features

fcl: 384 — 64

fc2: 64 — 10 (digit classes)

X7 University of Kurdistan
"Sity of W .
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CNN for MIST Dataset

Convolutional Layers:

self.convl = nn.Conv2d(1, 16, kernel_size=(5, 5), stride=(1, 1))
self.conv2 = nn.Conv2d(16, 24, kernel_size=(5, 5), stride=(1, 1))

Fully Connected Layers:

self.fcl = nn.Linear(in_features=384, out_features=64, bias=True)
self.fc2 = nn.Linear(in_features=64, out_features=10, bias=True)

Regularization
self.dropout = nn.Dropout(p=0.5, inplace=False)
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