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How computer reads an image
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How computer reads an image

What We See
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What Computers
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Why not fully connected networks

Image with « 0 0 SN 0§ H Number of weights in
28 x28 x 3 ‘ < VS 0 S @ By Ve P e the first hidden layer
Pixels % S S0 27t o iy g e will be 2352

(MNIST) SV /AN = A S

Image with AR R D — Number of weights in
EOOSE KSR ORRRoO K S0 he first hidden layer
200 x 200 x 3 IS @ 40V L8 o B e
pixels 20N PIROZRNIII0RE S0 will be 120,000



Why not fully connected networks

High computational Overfitting
Resources

Values




Why Convolutional Neural Networks

In case of CNN, the neuron in a layer will only be connected to a small region of layer before it,
Instead of all neurons in a fully-connected manner.




What is Convolutional Neural Network

Convolutional Neural Network (CNN) is a type of feed-forward artificial neural network in which the
Connectivity pattern between its neuron is inspired by organization of animal visual cortex.

The visual cortex has small regions of cells that are sensitive to
specific regions of the visual field. Some individual neuronal cells in
the brain responds (or fires) only in the presence of edges of a certain
orientation. For example, some neurons fires when exposed to
vertical edges and some when shown horizontal or diagonal edges




How CNN workse

Convolutional Neural Network 1
has following layers:

v

v' Convolutional Layer
v' RelU Layer

v' Pooling Layer

v" Fully Connected Layer
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Trickier Case

Here we will have some problems, because X and O images won't always have the same images.
There can be certain deformations. Consider the diagram below
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How CNN workse

A Computer understand an image using
numbers at each pixels.

In our example. We have considered that
black pixel will have 1 and a white pixel will
have -1 value.
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How CNN workse

Using normal techniques, computers compare these images as:

1 1 1 1 1 1 1 1 1 ! 1 -1 1 1 1 1 1 1 1 1 1 1 1
1 | 1 1 1 1 1 1 1 -1 ‘] 1 | | 1 1 1 1 1 1
1 1 1 1 1 1 1 -1 1 1 | 1 1 1 1 1
1 1 1 1 1 1 1 -1 1 1 1 1 ! 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 ! 1 1 1 1 1 1
1 1 1 1 1 1 1 -1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 -1 1 | 1 1 1 ! 1 1 1
1 1 1 1 1 1 1 1 -1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 -1 | 1 1 1 1 1 1 1 1 1 1 1 1

Computer unable to
recognize if it is X or not

Correct X Deformed X



How CNN workse

CNN compares the images piece by piece. The pieces that it looks for are called features.
By finding rough feature matches in roughly the same position in two images, CNN gets a ot
better at seeing similarity than whole-image maiching scheme.
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How CNN workse

We will be taking three features or U el e e 0 el I e M
filters as shown: 1 1T1-1T8-10-171-1 1
These are small pieces of bigger 1 g 1111} -
image. We choose a feature and 11-1] -1 -1 1]1-1]-1
put it on the input image, if it .y e 111111 4
matches then the image is
classified correctly. 11-1] -1 -1 T-1]
1] -1 N El E 1] -1
1 111114 1
AENEAENEAENEINEINE




Convolutional Layer




Steps involved in Convolutional Layer

» Here we move the feature/filter to every ) 32x32x3 image Scpvation Ispe
possible position on the image. / 32 5x5x3 filter %

» Stepsinvolved in Convolutional Layer are as

follows @>® | 26

1 Line Up the imoge convolve (slide) over all

‘ spatial locations
2. Multiply each image pixel by corresponding /32 Al 28

feature pixel. 3 1
3. Add them up. - Convolution (3-dim dot product) image and filter

4. Divide by total number ofpixel in the feature. ~ Stack filter in one layer (See blue and green output,
called channel)




What are filterse

» Each of these filters can be thought of as feature identifiers

» By Feature, we here means things like straight edges, simple colors, and
Ccurves.

0 0 0 30 0 0 0

0 0 0 30 0 0 0

0 0 0 30 0 0 0

0 0 0 30 0 0 0

0 0 0 0 0 0 0

Pixel representation of filter Visualization of a curve detector filter



What are filterse

0 ] ] 0 ] 30 0

0 ] ] 0 30 ] 0

0 0 0 30 [0 0 D '.

0 0 0 30 0 0 0

0 0 0 30 0 0 0

0 ] ] 30 ] ] 0

0 0 0 0 0 0 0

Original Whage Visualization of the filter on the image
Pixel representation of filter Visualization of a curve detector filter
O(0 |0 0 0 30 o(0ofo0O |0 0 30 |0
Of(0 ([0 {0 o0 | 50 | 50 o(of0O |0 30 |0 0
O(0q0 20|30 |0 0 0|10 ]0 (300 0 0
OfO0 (0 |50 |50 (0 0 0|00 (300 0 0
040 (0 |50 )50 (0 0 o000 (300 0 0
O (0|0 |50 |50(0 0 O(O0Of0O (300 0 0
Of(0O|(0 |30 |350(0 0 o(of0O{(0O 0 0 0
Visualization of the Pixel representation of the receptive Pixel representation of filter

receptive field field



Convolutional Layer

Weights/parameters

Filter pixels value are
multiplied with the
corresponding input
iImage pixel value and
is saved in another
result matrix.
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Convolutional Layer

Add and divide by 1+1kTH1+141414141_ 1 1 1
total number of pixel. 9 1 1 1
M1ENE 1] 1| -1 1 1 1

Result of the above Filter: 1
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Convolutional Layer

Create a map to put

value of filter

Now to keep track of
where that feature
was, we create a map
and put value of the
filter at the place.

Feature Map




Convolutional Layer

Similarly we move the filter to every other positions of the image and will how the feature matches
the areaq.

S I I O T T T O 0.77 |-0.11{ 0.11 | 0.33 | 0.55 (-0.11| 0.33

-0.11| 1.0 (-0.11| 0.33 |-0.11| 0.11 |-0.11

0.11|-0.11| 1.0 |-0.33| 0.11 (-0.11| 0.55

IR B Al | > 0.55 > 0.33]0.33 (-0.33| 0.55 |-0.33/0.33 | 0.33
A4]la]4 4 A=A

0.55|-0.11| 0.11 |-0.33| 1.00 (-0.11| 0.11

1 alalalala 1 -0.11| 0.11 (-0.11| 0.33 |-0.11| 1.00 |-0.11

oI EA B EYES 1Y Y 0.33]-0.11{ 0.55|0.33 | 0.11 (-0.11| 0.77

9 X 9 matrices (Activation/Feature Map : 7 x 7 Matrices)



Convolution Layer Output

After performing the same convolution, with ever filter, we get all the
filter/feature maps.
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RelLU Layer




ReLU Layer — Activation Function

Rectified Linear Unit (RelLU) fransform function only activates a node if the input is above a certain
quantity, while input is below zero, output is zero, but.when the input rises above threshold, it has
linear relationship with dependent variable.

» In this layer we remove .

every negative values N .“
from the filtered images N 0={27 =0

xif x>=0

and replace it with zero's. 3 #3)=0 0
» Thisis done to avoid the & * 5 f(5)=0 0

values from summing up to '

Zeros 3 f(3)=3 3

5 f(5)=5 5




RelLU function applied on One feature

A 4

0.77 {-0.11({0.11 | 0.33 | 0.55 |-0.11| 0.33 077]| o |q11|o033|055| o |o0.33
-0.11| 1.0 |(-0.11|0.33 {-0.11| 0.11 |-0.12 o0 |100| o |o33]| o |o11]| ©
0.11 |-0.11| 1.0 [-0.33| 0.11 |-0.11| 0.55 B 011| o [100] o |o11| o |oss
0.33 | 0.33 |-0.33| 0.55 |-0.33| 0.33 | 0.33 g—/l‘ 033|033 o |[os5| o |033]o033
0.55 [-0.11] 0.11 |-0.33| 1.00 [-0.12{"0:11 S oss| o [on]| o |100| o [o11
-0.11 0.11 |-0.11| 0.33 |-0.11 | 2,00 |-0.11 0 (o011 0 033 0 [100]| O
0.33 [-0.11| 0.55 | 0.33 | 0AN{~0.11 | 0.77 | BE| [Fosnidl B (Rl N [l

Negative values transformed to 0. We have to perform RelLU function for all features.



Pooling Layer




Pooling Layer

» POOL layer will perform a down sampling operation along the Symbol:

spaftial dimensions (width, height), resulting in lower volume.
» In this layer we shrink the image stack into, smaller size. h
» Steps:

1. Pick a window size (usually 2-3)
2. Pick astride (usually 2)
3. Walk your window across filtered images.

4. From each window, take'maximum value



Pooling Layer

» Choose the highest value in the window and move the window two strides.

033|055| 0 |033
033/ 0o |011]| o |M0XVO|U€.

0.11 0 |100f O |0M 0 | 055

033(033| 0 |055] 0 033|033

055 0 |01 0 1.00] B_.}0.11

0 |0 0 |033 0 1:00 0

033 0 |055]033)]011 0 1.77




Pooling Layer

Moving the windows across entire image

0771 0 [011]033]055| 0 |0.33

0 [100| 0 033 0 fo11]| 0 1.00 | 0.33 | 0.55 | 0.33

0.33 | 1.00 | 0.33 | 0.55
0.55 | 0.33 | 1.00 | 0.11
0.33 | 0.55| 0.11 | 0.77

0.11 0 1.00] 0 | 0.1 0 | 0.55

0331033 0 |0.S55 0 10331033 ——

0551 0 [0 0 1.004{ 4O | 0.11

0 |j0m 0 (033 |0 1.00| O

4 x 4 matrix
0.33 0 0551|0331 0.11 0 1.77

/ X 7 matrix



Ouvutput after passing through pooling layer.

The basic role of 44—+ L
pooling layer is to ——1—11T1= sy W [— |-
shrink the size of our ———— ' : ' '
image matrix. — ) 0.33 | 1.00 | 0.33 | 0.55

o Janr]| o [om] o | 1] ¢ 0.55 | 0.33 | 1.00 | 0.11
Here we have = e e T T
converted a 7x7 0.33 | 0.55 | 0.11 | 0.77
matrix fo a 4x4 ax] o [on] o Jan] o o=
mCITI’IX. o Josms] o Jem)| o 0.55 0.33 0.55 0.33
. it (] Lo 2] S IRl bk 0.33 | 1.00 | 0.55 | 0.11
Slnce We 'I'OOk 3 0 o 0 1.00 1] e C
feOTUI’eS |n -I-he an | o Joaxsm) o Jess| o Jan 0.55 0.55 0.55 0.11
beginning, we have ol [rocd N booed ] i s 0.33 | 0.11 | 0.11 | 0.33
3 outputs after ] B2 fovidl B/ et IR P

ling | r.
poaling laye 033 | 055 | 1.00 | 0.77
Now next we have 0.55 | 0.55 | 1.00 | 0.33
to stack up all the 1.00 | 1.00 | 0.11 | 0.55
layers.
0.77 | 0.33 | 055 | 0.33




Stacking up the layers

Input Image

Convolution

RelLU

Pooling

1.00 | 033 | 055 | 0.33
033 | 1.00 | 0.33 | 0.55
0,55 | 033 | 1.00 | 0.1
033 | 055 | 0.11 | 0.77
055 | 033 | 0.55 | 0.33
033 | 1.00 | 0.55 | 0.1
0.55 | 0.55 | 0.55 | 0.1
033 | 0.11 | 0.11 | 0.33
033 | 0.55 | 1.00 | 0.77
055 | 055 | 1.00 | 0.33
1.00 | 1.00 | 0.11 | 0.55
0.77 | 0.33 | 055 | 0.33

4x4 matrices




Stacking up the layers

Here we have applied one more layer of each convolution, ReLU and pooling, in order to
downsize 4x4 maitrix to 2x2 matrices.

Convolution

RelLU

Pooling

Convolution

RelLU

Pooling

R

1 0.55
0.55 1.00
1 0.55
0.55 | 0.55
0.55 1.00
1.00 | 0.55




Fully Connected Layer




Fully Connected layer

This is the final layer where the actual
classification happen:s.

Here we take our filter and shrinked
Image and put them in into single list.

1 0.55

0.55 1.00

1 0.55

055 | 0.55

0.55 1.00

1.00 | 0.55
e

v

A 4

1.00

1.00




When we feed in, ‘X’ and ‘O’.
Then there will be some
element that will be high.

Now if we have an input
image with 15, 4th 5th 10, 11t
value high we can say that
the image is X

Similarly, if we have an image
with 2nd,3rd 9th and 12™ value
high, we can say that it is O

This completes the training of
our model. Now lefts see results
on some unseen images.

1.00

1.00

V&
V4

0.55




Prediction

After passing an input
image through 4 layers
of CNN, we have
received the list of the
Image, we need to
classify the image as X
or O based on the
model we learned
earlier.

0.89

094

0.53

Let's compare with the list of ‘X’ and 'O’




Compare the input Vector with X

Input Image Vector for ‘X'



Compare the input Vector with O

0.96 055
0.73 S
023 55
0.63 55
o || | T
0.89 0
5

Input Image Vector for ‘O’



Result

The new input image is classified as ‘X’




Use case
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Similarly, If we train
our mode|

with dataset of Dogs
and cats. Once
training is done, our
model will be able to
predict a new
unlabeled input
correctly.




Applications of CNN

» |Image processing and Character Recognition.

) |2



Applications of CNN

> Face Detection




Applications of CNN
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Applications of CNN

Satellite imagery processing
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Applications of CNN

» Object detection - predictions jpg




Thank you






