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Artificial Neural Networks
Computer Vision
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Computer Vision tasks

Application: Automatic detection of system halls
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1.1. Deep Learning — Definition

Artificial Intelligence (Al)

A technology with wich we can create

intelligent systems that can simulate
human intelligence.

e Weak / General Al
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1.1. Deep Learning — Definition

Artificial Intelligence (Al)

b

Hello! May | help you?

Check availability

How long does delivery take? @
Other issues

Please, tell me your
address

1013 Centre Rd, Suite 403-B
Wilmington, Delaware 19805

A technology with wich we can create
intelligent systems that can simulate
human intelligence.

« Weak / General Al

Delivery will take 2-3
days

Technische
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1.1. Deep Learning — Definition

Artificial Intelligence (Al)

A technology with wich we can create
intelligent systems that can simulate
human intelligence.

e Weak / General Al

+ Strong Al (reasoning, judging,
learning, communicating, awarenss,
self-awareness)

e 1_-&%

% Technische
%E Universitit Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 6
=%’ Braunschweig
NscH




1.1. Deep Learning — Definition

Artificial Intelligence (Al)

Machine Learning (ML)

Al's subfield which allows
machines to learn from data or
past experience without being
explicitly programmed.

A technology with wich we can create
intelligent systems that can simulate
human intelligence.

e 1_-&%
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1.1. Deep Learning — Definition

Artificial Intelligence (Al)

Machine Learning (ML)

Machine Learning Examples Als subfield which allows

A technology with wich we can create
machines to learn from data or intelligent systems that can simulate
past experience without being human intelligence.

explicitly programmed.

Self-driving Credit CV.in QnA based
Cars worthiness agriculture platforms

PR

;} : Predicting Ranking Targeted Fashion
il an illness on Social Media Emails Industry
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1.1. Deep Learning — Definition

Artificial Intelligence (Al)

Machine Learning (ML)

Deep Learning (DL)
Al’'s subfield which allows
A type of ML algorithms that uses multiple layers machines to learn 'from dat:_’:l or
to progressively extract higher-level features. past experience without being
explicitly programmed.

A technology with wich we can create
intelligent systems that can simulate
human intelligence.

Image processing:

* Lower layers: identify edges

* Higher layers: identify relevant concepts for a
human being (digits, letters, faces)

£ Universitit Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 9
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1.1. Deep Learning — Definition

Artificial Intelligence (Al)

Machine Learning (ML)

Low Level Features Mid Level Features

High Level Features

Deep Learning (DL)

A type of ML algorithms that uses multiple layers
to progressively extract higher-level features.

Image processing:
Lower layers: identify edges
Higher layers: identify relevant concepts for a
human being (digits, letters, faces)

Lines & Edges Eyes & Nose & Ears

Facial Structure

Technische - - -
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1.1. Deep Learning — Applications

Autonomous driving
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1.1. Deep Learning — Applications

Autonomous driving

Sentiment analysis

Andy Williams
CTO, Market Tech

Does anyone know when the shuttles leave
this morning?

0 3
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1.1. Deep Learning — Applications

Autonomous driving

6 Andy Williams
CTO, Market Tech

Sentiment anaIySiS Does anyone know when the shuttles leave

this morning?

0 3

Text synthesis
README.md

GOT Book 6 Generator

Are you tired of waiting for the next GOT book to come out? | know that | am, which is why | decided to train a
RNN on the first five GOT books and use predictions from the network to create the sixth book in the series. The
first five chapters of the generated sixth book are now available and are packed with as many twists and turns as

the books we've all come to know and love. Here's the sparknotes summary:
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1.1. Deep Learning — Applications

Autonomous driving

6 Andy Williams

Sentiment anaIySiS Does anyone know when the shuttles leave

this morning?

0 3

Automatic translation

Text synthesis
README.md

GOT Book 6 Generator

Are you tired of waiting for the next GOT book to come out? | know that | am, which is why | decided to train a
RNN on the first five GOT books and use predictions from the network to create the sixth book in the series. The
first five chapters of the generated sixth book are now available and are packed with as many twists and turns as

the books we've all come to know and love. Here's the sparknotes summary:
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1.2. Machine Learning — Algorithms

Algorithms that can learn from data.
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1.2. Machine Learning — Algorithms

Algorithms that can learn from data.

“A computer program is said to learn from experience £with respect to some class of tasks
7, and performance measure D, if its performance on tasks 7, as measured by D,

Improves with experience £.”— Mitchell, 1997.
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1.2. Machine Learning — Algorithms

Algorithms that can learn from data.

Input , Machine ,
~ Learning Output
(data) “ | Algorithm —
] '35 %tﬁ L?:t::ift'ﬁ Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 18
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1.2. Machine Learning — Tasks T

Tasks are described in terms of how the machine learning system should process a
sample.
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1.2. Machine Learning — Tasks T

Tasks are described in terms of how the machine learning system should process a
sample.

A sample is a collection of features that have been quantitatively measured from some
object or event.

D'Q“EQ
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1.2. Machine Learning — Tasks T

Tasks are described in terms of how the machine learning system should process a
sample.

A sample is a collection of features that have been quantitatively measured from some
object or event.

Representation of a sample:

x € R", x = [xq,x5, ..., x5, |, x; = feature, attribute, characteristic

11,
-+,

By,

+a% Technische - - -

%E Universitit Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 21 °
<l

s

%¥ Braunschweig S’gp

Bt
=l
5

a
3
Y 3c
o3
3,
&,
W,

C



1Ly

o P #
S| g
5

Ea 3k

3 32|
o
il s

CLM

1.2. Machine Learning — Tasks T

* Classification
* Regression
 Automatic translation

« Sampling and synthesis
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1.2. Machine Learning — Tasks T

* Classification

* Regression

 Automatic translation

« Sampling and synthesis

Specify which of the k categories a

sample

output, categori
identified by a
numerical code

belongs to.

eS/V

y = f(x)

e~ input

X = [xlﬁxZ' ...,Xn]

vt Technische - - -
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1.2. Machine Learning — Tasks T

Specify which of the k categories a

. ) sample belongs to.
* Classification P d

outpult, categorieS/V Y= f(x) \ input

i identified by a _
* Regression numerical code X = [x1, %, 002 |

Qﬁ

* Automatic translation Group 1:
Q Q A ™ Potential defaulters ’{ -
ap - r N ‘
. . ~ ﬁ ™ ., Classification
« Sampling and synthesis = Py model
ala
A ad an SO 2 a 2
° - etails of loan Potential Non ™
applicants defaulters o e
ah Y
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1.2. Machine Learning — Tasks T

Specify which of the k categories a

. ) sample belongs to.
* Classification P g

outpult, categorieS/V Y= f(x) \ input

i identified by a _
* Regression numerical code x =[xy, %, 0, X |

 Automatic translation

« Sampling and synthesis

e«

pgtvee 1 Nicole ‘& :‘
. ... ] 2
. ‘ e

o u', Lo .
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1.2. Machine Learning — Tasks T

* Classification

* Regression

 Automatic translation

« Sampling and synthesis

Predict a numerical value given an input.
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1.2. Machine Learning — Tasks T

Predict a numerical value given an input.

* Classification

Forecasting in Excel

= 1.0558x - 45744
R?=0.84

Linear Regression Equation

* Regression

 Automatic translation

Historical Sales Forecasted Sales
« Sampling and synthesis -
0
1-Jan-19 21-Jan-19 10-Feb-19 2-Mar-19 22-Mar-19 11-Apr-19
[ © Sales ® Forecast -~ Linear (Sales)

K
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1.2. Machine Learning — Tasks T

* Classification

* Regression

 Automatic translation

« Sampling and synthesis

Input: a sequence of symbols in some language
Output: a sequence of symbols in another language
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1.2. Machine Learning — Tasks T

Input: a sequence of symbols in some language

. Output: a sequence of symbols in another language
« Classification P q y guag

Input
¢ RegreSSIOn Google Translate
«) HINDI X
oM BT aﬁergﬁﬁﬁrmam
« Automatic translation 3T T2 DT
o]
« Sampling and synthesis Old offine transiation N —

<) ENGLISH ) ENGLISH w

The evenings are likely to rain, There is a possibility of rain in the
please take the umbrella with your evening, please take the umbrella

with you
(] . @ offiine |_|:|

@ offiine l—D
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1.2. Machine Learning — Tasks T

* Classification

* Regression

 Automatic translation

« Sampling and synthesis

Generate new samples that are similar to those of the

training data.
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1.2. Machine Learning — Tasks T

Generate new samples that are similar to those of the

- . training data.
* Classification g

https://www.thispersondoesnotexist.com/

* Regression
« Automatic translation
« Sampling and synthesis
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1.2. Machine Learning — Performance measure D

The performance measure 2is specific to the task 7.
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1.2. Machine Learning — Performance measure D

The performance measure 2is specific to the task 7.

Task: classification, accuracy is usually measured
* Proportion of samples for which the model produces the correct output.

« Error rate: proportion of samples for which the model produces an incorrect output.
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1.2. Machine Learning — Experience E

* Unsupervised learning

« Supervised learning
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1.2. Machine Learning — Experience E

Unsupervised learning

Learns from samples
represented by features

Supervised learning

t Technische - - -
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1.2. Machine Learning — Experience E

Recommender systems

Bedsure Dog Cushion, Washable -
Waterproof Dog Bed L for Large,
Medium Dogs, Padded Mat, Grey in 10
cm Height, 90 x 68 cm

 Unsupervised learning

Learns from samples
represented by features

Products related to this item

Sponsored @
» Supervised learning R » . ;
v = e
\ Al / DEEED
= DY w
<
BuenoPet - Orthopaedic OLNIRA Strong Mink Dohump Orthopaedic MSRNSIY Plush Dog Bed, JOYELF Memory Foam
Dog Cushion | Dog Mat | Dog Bed and Sofa with Dog Bed Large Dogs, medium dog sofa, Dog Bed, Orthopaedic
Ergonomic Dog Bed | Oeko-Tex Certificate, Ergonomic Dog Sofa, 71 washable super soft dog Dog Bed & Sofa with
Washable Mat | D... Removable Washable C... x 58 cm, Medium Dog... basket, dog basket ... Removable Washable ...

Technische I
Universitit Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 36 A
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1.2. Machine Learning — Experience E

Recommender systems

44 de 47 min

 Unsupervised learning

Learns from samples
represented by features

Mas titulos similares a este

. 9 temporadas [a 4 temporadas
F 5 2 N \
g \ 7 19

NOTICIASK
GRAN MUNDO

|

- . TEN
« Supervised learning = PERCENT

Nuevo

& 2010

Mike Ross, un joven brillante, pero
que nunca terminé la universidad
impresiona a un importante
abogado y consigue trabajo en un
prestigioso bufete.

16 2018

Después de una crisis, los
empleados de una exitosa agencia
de talentos en Paris luchan por
mantener felices a sus clientes
superestrellas y el negocio a flote.

16 2021

Un veterano de la Guerra Civil que
va de pueblo en pueblo para leer las
noticias emprende un amiesgado
viaje para darie un nuevo hogar a
una nifia huérfana

Wlly,
NS
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1.2. Machine Learning — Experience E

Unsupervised learning

Learns from samples
represented by features

Supervised learning

Learns from samples
represented by features and
labels

t Technische - - -
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1.2. Machine Learning — Experience E

* Unsupervised learning

Learns from samples
represented by features

« Supervised learning

Learns from samples
represented by features and
labels

11,

Face recognition

- -
& Eye Detection

V &

|
S k

#5)e.& Smile Detection

£

0"7 A,
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1.2. Machine Learning — Experience E

Weather forecasting

* Unsupervised learning

Face recognition

& Face Detection

o ‘Snow 03
Learns from samples - \
/5 '
R, 0.1

represented by features

« Supervised learning

Learns from samples
represented by features and
labels

& Eye Detection

w

lFace Recognition

_|r.

‘s Braunschweig
CH
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Face recognition

1.2. Machine Learning — Experience E jy /sy /s
j ' "6 lFace Recognition

_|r.

At)e.& Smile Detection

F
S

Weather forecasting

* Unsupervised learnin
p g this small bird has a pink this magnificent fellow is

* Snow 03 breast and crown, and black almost all black with a red
Learns from samples r ot \ primaries and secondaries. ~ crest, and white cheek patch.
J : [ y .
represented by features S : , >

« Supervised learning

the flower has petals that this white and yellow flower
are bright pinkish purple have thin white petals and a
with white stigma round yellow stamen

Learns from samples
represented by features and
labels
Text-to-Image translation
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1.3. Artificial Neural Networks

Watanabe, S., Sakamoto, J., & Wakita, M. (1995). Pigeons’
discrimination of paintings by Monet and
Picasso. Journal of the experimental analysis of
behavior, 63(2), 165-174.
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1.3. Artificial Neural Networks

Watanabe, S., Sakamoto, J., & Wakita, M. (1995). Pigeons’
discrimination of paintings by Monet and
Picasso. Journal of the experimental analysis of
behavior, 63(2), 165-174.

Experiment:

» Pigeon in a Skinner box.

Wlly,
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1.3. Artificial Neural Networks

Watanabe, S., Sakamoto, J., & Wakita, M. (1995). Pigeons’
discrimination of paintings by Monet and
Picasso. Journal of the experimental analysis of
behavior, 63(2), 165-174.

Experiment:
» Pigeon in a Skinner box.

» Paintings by two artists are presented: Monet
and Picasso.

K

“Three musicians masks” - Picasso

“Pathway in Monet's Garden at
Giverny” — C. Monet
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1.3. Artificial Neural Networks

Watanabe, S., Sakamoto, J., & Wakita, M. (1995). Pigeons’
discrimination of paintings by Monet and
Picasso. Journal of the experimental analysis of
behavior, 63(2), 165-174.

Experiment:

Pigeon in a Skinner box.

Paintings by two artists are presented: Monet
and Picasso.

The pigeon receives a reward if it presses the
button when Picasso paintings are presented.

“Three musicians masks” - Picasso

“Pathway in Monet's Garden at
Giverny” — C. Monet

't Technische : : :
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1.3. Artificial Neural Networks

* The pigeons were able to discriminate between both paints with an accuracy of 95%
during training (e.g. paintings seen many times).
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1.3. Artificial Neural Networks

 The pigeons were able to discriminate between both paints with an accuracy of 95%
during training (e.g. paintings seen many times).
* In the test set (e.g. paintings seen just one time), the accuracy was 85%.

% Technische ) ) )
%E Universitit Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 48

a5

H

dar
o35
K

bl %¥ Braunschweig a ,g p



1.3. Artificial Neural Networks

 The pigeons were able to discriminate between both paints with an accuracy of 95%
during training (e.g. paintings seen many times).
* In the test set (e.g. paintings seen just one time), the accuracy was 85%.

* The pigeons did not memorize the paintings.
* They can extract and recognize patterns => style.
* They are able to generalize from what has already been seen to make decisions.

2% Technische - - -
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1.3. Artificial Neural Networks

 The pigeons were able to discriminate between both paints with an accuracy of 95%
during training (e.g. paintings seen many times).
* In the test set (e.g. paintings seen just one time), the accuracy was 85%.

* The pigeons did not memorize the paintings.
* They can extract and recognize patterns => style.
* They are able to generalize from what has already been seen to make decisions.

« Capacity of Neural Networks (biological and artificial)!

2% Technische - - -
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1.3. Artificial Neural Networks

Biological neuron Artificial neuron

dendrites

g @/ Neuron | ot
W, X Output

Bias

Qj‘lu&
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1.3. Artificial Neural Networks

Biological neuron Artificial neuron

dendrites Tw

12 Inputs — ; L
> synapses @/1 ‘, Neuron Output

Bias

Qj‘lu&
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1.3. Artificial Neural Networks

Biological neuron Artificial neuron

dendrites

@

\

Neuron
Output

Bias
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1.3. Artificial Neural Networks

Biological neuron Artificial neuron

dendrites

: Inputs — ‘ L
axon > synapses Q/“/ Neuron | Output
—-—'—'_'_'_'_._._—._- .

Bias
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1.3. Artificial Neural Networks

Biological neuron Artificial neuron

dendrites

g @/ Neuron | ot
W, X ,‘ Output

Bias
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1.3. Artificial Neural Networks

Biological neuron Artificial neuron

dendrites W

w

’”’17/ \ Neuron o

w,

-
- @
@

®

Bias
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1.3. Artificial Neural Networks

Biological neuron Artificial neuron

dendrites

o
Output

Bias
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1.3. Artificial Neural Networks

Biological neuron Artificial neuron

dendrites

Inputs - ‘ Neuron e
w, A / Output

Bias
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1.3. Artificial Neural Networks

Biological neural network
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1.3. Artificial Neural Networks

Biological neural network Artificial neural network
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1.3. Artificial Neural Networks

Biological neural network Artificial neural network

---

Input Output
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layer Hidden layers ayer
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1.3. Artificial Neural Networks

Inputs - Neuron |

Bias

Wiy,
FCANTS

a

o,}& % Technische ) - -
3 %’: Universitit Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 62

+i ¥ Braunschweig
Oy san®

L



1.3. Artificial Neural Networks

U = Z ijxj

j=1

Inputs

Output Vi = @(ug + by)
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o WiLa,
,,9";3_& % Technische - - - —
i %: Universitit Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 63 e
"e,?ﬁ {.:" Braunschweig ’gp

NS



1.3. Artificial Neural Networks

Inputs f \ -
// Output
~
Activation
Function

Sigmoid

tanh ‘

Bias tanh(z)
RelLU N
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j=1

Vi = @(ug + by)

Maxout
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ELU
x x>0
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Leaky RelLU
max(0.1z, z)
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1.3. Neural Networks and Deep Learning

Neural Network

\\//
.V’ \V‘VI \‘V .

\\ ’lr
'Ilh \ ,I;. 4\\‘//.
0

S9i(sa% Technische ) - -
:':;E %’: Universitit Dr. Pedro Achanccaray Diaz | Deep Learning | Seite 65
AL

o Br aunschweig
“wscu®
5C




1.3. Neural Networks and Deep Learning
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1.4. Computer Vision

Computer Vision

how computers can understand digital
images or videos and extract information
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1.4. Computer Vision

Computer Vision

how computers can understand digital
images or videos and extract information

Autonomous driving [Source
DeeplLab V3 xception_cityscapes_trainfine (GTX980M) mfﬁw/.sls .
Prediction time: 403ms (2.5 fps) AVG: 356ms (2.8 égs /4 I
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1.4. Computer Vision

Computer Vision

how computers can understand digital
images or videos and extract information

Abnormalities identification

[Source]
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Autonomous driving [Source]

Prediction time: 403ms (2.5 fps) AVG: 356ms (2.8 égs
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1.4. Computer Vision

Computer Vision

how computers can understand digital
images or videos and extract information

Abnormalities identification Land Use, Land Cover | Road extraction [Source]

[Source]

Autonomous driving [Source]
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Prediction time: 403ms (2.5 fps) AVG: 356ms (2.8 ?gs
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https://www.youtube.com/watch?v=ATlcEDSPWXY
https://www.topbots.com/semantic-segmentation-guide/
https://developers.arcgis.com/python/guide/how-unet-works/

Autonomous driving [Source]

1.4. Computer Vision e S S
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Computer Vision "

how computers can understand digital
images or videos and extract information

@D
(ool )
(woman}{"stson |

A man and a woman sit on a park
bench along a river.

Park bench is made of gray
weathered wood

Abnormalities identification Land Use, Land Cover | Road extraction [Source] Scene understanding | Visual Question and

[Source] Answer (VQA) [Source]
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1.5. Remote Sensing

Remote Sensing
acquisition of information about an object or

phenomenon without making physical contact
with it
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15 Rem Ote Sens'”g Digital Cameras [Source]

RGB camera NIR camera

Remote Sensing

acquisition of information about an object or
phenomenon without making physical contact
with it
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15 RemOte Sens'”g Digital Cameras [Source]

RGB camera NIR camera

Remote Sensing

acquisition of information about an object or
phenomenon without making physical contact
with it

Lidar [Source]
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15 Rem Ote Sens'”g Digital Cameras [Source]

RGB camera NIR camera

Remote Sensing

acquisition of information about an object or
phenomenon without making physical contact
with it

Lidar [Source]

Satellites [Source]
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1.6. Computer Vision tasks
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1.6. Computer Vision tasks

Classification
Cat

g

http://cs231n.stanford.edu/slides/2020/le

“assign a label to the
whole image”
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Computer Vision tasks

Semantic

Classification Segmentation

Cat

http://cs231n.stanford.edu/slides/2020/lecture_12.pdf

“assign a label to the “‘assign a label to each
whole image” pixel in the image”




1.6. Computer Vision tasks

Semantic Object
Segmentation Detection

Classification
Cat

‘%

http: //c5231n stanford. edu/shdes/2020/lecture 12.pdf

“assign a label to the “‘assign a label to each “find where an object is in
whole image” pixel in the image” the image”
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1.6. Computer Vision tasks (remote sensing)

Classification

whole image”
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1.6. Computer Vision tasks (remote sensing)

Semantic

Classification Segmentation

[ ] Hall
Il Background

‘assign a labe/ to the “‘assign a label to each

whole image” pixel in the image”
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1.6. Computer Vision tasks (remote sensing)

e 4 Semantic i
Classification . ObJGCt (Regression)
Segmentation Detection
[ ] Hall
Il Background (x1,y1, W1, he) (xz'z'Wz.hz)
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2. Application

Mass Monument Industrial Hall?
Classification of steel construction system halls of the High Modernism period and their attribution for an
automated airborne image-based acquisition

P. Achanccaray - M. Gerke - L. Wesche - S. Hoyer - K. Thiele - U. Knufinke - C. Krafczyk

Deutsch :
DF F;L;;Cusgsgememschaft 2 Niedersachsisches Landesamt , o
g\ fUr Denkmalpflege
Sk 2258 ) e sigp

KULTURERBE KONSTRUKTION

Site: https://kulturerbe-konstruktion.de/spp-2255-teilprojekt/massenphaenomen-gewerbehalle-c3/
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2. Industrial Halls — Types

» Turnhalle — KT 60 L Turnhalle — KT 60 L
AN “i (]
g | |“]| ARl
* Bogenhalle — Ruhland
» Other types

Bogenhalle — Ruhland
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2. Industrial Halls — Locations
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2. Dataset

Images:

« Digital Orthophotos — DOP
(appearance, texture)

» Digital Elevation Model — DEM
(height)

« 20 cm spatial resolution

Labels:
« Supervised learning
« Manually delineated

DEM
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3. Task

er o Semantic :
Classification : Object
Segmentation Detection
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“assign a label to the “‘assign a label to each “find where an object is in

whole image” pixel in the image” the image”
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3. Task ﬁ

Semantic l/ Object

Segmentation Detectlon .
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Source: Ronneberger O., Fischer P., Brox T. (2015) U-Net: Convolutional Networks
for Biomedical Image Segmentation. https://doi.org/10.1007/978-3-319-24574-4 28

4. Deep Learning model
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https://doi.org/10.1007/978-3-319-24574-4_28

Source: Ronneberger O., Fischer P., Brox T. (2015) U-Net: Convolutional Networks
for Biomedical Image Segmentation. https://doi.org/10.1007/978-3-319-24574-4 28
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https://doi.org/10.1007/978-3-319-24574-4_28

Source: Ronneberger O., Fischer P., Brox T. (2015) U-Net: Convolutional Networks
for Biomedical Image Segmentation. https://doi.org/10.1007/978-3-319-24574-4 28

4. Deep Learning model
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https://doi.org/10.1007/978-3-319-24574-4_28

Source: Ronneberger O., Fischer P., Brox T. (2015) U-Net: Convolutional Networks
for Biomedical Image Segmentation. https://doi.org/10.1007/978-3-319-24574-4 28

4. Deep Learning model performance
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Source: Ronneberger O., Fischer P., Brox T. (2015) U-Net: Convolutional Networks
for Biomedical Image Segmentation. https://doi.org/10.1007/978-3-319-24574-4 28
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Source: Ronneberger O., Fischer P., Brox T. (2015) U-Net: Convolutional Networks
for Biomedical Image Segmentation. https://doi.org/10.1007/978-3-319-24574-4 28
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5. Results

Detection rate

(not use during training, we know if there are halls or not)

System halls — Testing

Detected Missed False positives
25 1 2

(not use during training, we do not know if there are halls or not)

System halls — Blind testing
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5. Results — Testing

Reference (orange)
Prediction (blue)

0.4 km x 0.4 km Processing time: ~6 s
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5. Results — Testing

0.4 km x 0.4 km Processing time: ~6 s

Reference (orange)
Prediction (blue)
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Prediction (blue)

5. Results — Blind Testing

1kmx1km Processing time: ~24 s
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Prediction (blue)

5. Results — Blind Testing

1kmx1km Processing time: ~24 s
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Outline
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3. Lab

* Create a folder in your Google Drive and upload the files.

My Drive > Colabs » Summer_School ~
My Drive > Colabs > Summ

chool

> data -

My Drive > ==

Name T

> data > images ~

image_01.npy

Name 1
> Name
B data
BB images -~
Deep_Learning.ipynb
BB labels

B modelhs

11,

image_02 npy
image_03.npy
image_04.npy
image_05.npy
image_06.npy
image_07 npy

image_08.npy

My Drive > e

Name T

> data > labels ~

labels_01.npy

labels_02.npy
labels_03.npy
labels_04.npy
labels_05.npy
labels_06.npy
labels_07.npy

labels_08.npy
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3. Lab

@ Search for Colaboratory app and select it.
® Google ColabOI‘atOI‘y = 0 Google Workspace Marketplace ~ @ Colaboratory X

Right click on the Deep_Learning.ipynb file. Go Search results for Colaboratory
. Google doesn't verify reviews or ratings. Learn more about reviews and results &
to Open with => Connect more apps.

' Installed
Deep_Learning.ipynb me X : —

B modelhs @ Preview
< Openwith >
co  Google Colaboratory
2+ share W TextEditor
GO Getlink prge— Colaboratory
onnect more apps
3 Show file location Colaboratory team
1 Apps on your Computer This allows Google
@ Add shortcut to Drive Colaboratory to open and C I 3 k I | I
create files in Google Drive. Iti... ICK ONn nsta
Move to .
¢ Add to Starred * 4.7 + & 10,000,000+
2 Rename Colaboratory [ e |
‘ This allows Google Colaboratory to open and create files in
€D Manage versions J Google Drive. It is automatically installed on first use;
|_|:| Make a copy uninstalling this will not prevent access to Colaboratory.
4, Download By: Colaboratory team (3
Listing updated: June 16, 2022
[] Remove

Works with: & kA 3,464 O & 10,000,000+
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3. Lab

* (Google Colaboratory

Right click on the Deep_Learning.ipynb file. Go
to Open with => Google Colaboratory.

My Drive > Colabs » Summer School -

Name Owner
BB  data me
Deep_Lea me
B modelhs © Preview me
<& Openwith >

€0 Google Colaboratory

2+ Share B TextEditor
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