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Why do you want What ML How to prepare
to do ML? technique to use? the data?



What is ML

ARTIFICIAL INTELLIGENCE Robotic System

A program that can sense, reason,

ok S ekt Computer Vision

Audio Processing

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data



Person

Person

Why Al/ML?

How do you program an object?

Credit: https://blog.tensorflow.org/2020/07/tensorflow-2-meets-object-detection-api.html



Programming based on physics, dynamics, etc.

New Observation Data Numerical Model New Forecast Data
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Historical Obs. Data

New Forecast Data

New Observation Data




k-Nearest Neighbors

Find K Nearest Neighbors @ =mean(/5, 75, 74)=74.7
Weighted
(2) =W1*75+ W2*75+ W3*74
=74.9




k-Nearest Neighbors
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Yesibudak et al. https://doi.org/10.1016/j.enconman.2016.12.094
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Decision Trees
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Decision Trees

Camel

Fins? no no yes
Goat Dolphin



Decision Trees

no
Horns? no yes no
Fins? no no yes

Goat Camel



Decision Trees

Goat Dolphin Goat Camel



Decision Trees

Idea: Randomizing training data or selected features
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Decision Trees
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How to split the data?
Information Gain
Gini Impurity

Class 2

N\

Class 3

Pruning - generalizing the tree




Decision Trees
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Fig. 4. An example view of decision tree for model 5.
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Pradhan https://doi.org/10.1016/j.cageo.2012.08.023



https://doi.org/10.1016/j.cageo.2012.08.023

Support Vector Machine

POD

An SVMs with a high value for C (hard margin)
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An SVMs with a low value for C (soft margin)
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Ko 2020, https://ams.confex.com/ams/2020Annual/meetingapp.cgi/Paper/364456



https://ams.confex.com/ams/2020Annual/meetingapp.cgi/Paper/364456

Support Vector Machine

2001
Distance to Distance to Distance to Distance to city
highways main roads A sreets centers
] Distance to Distance to Distance to Distance to rail
green spaces water bodies ] built areas roads
Population Potential lands LULC type of Neighborhood's
density for change cell LULC type

:l predicted built area in 2018 0 27588 1 s 2

wio meters
B voitareain 2011
unbufit area Datum: D_North_American_1983

Karimi et al. (2019) https://doi.org/10.1016/j.compenvurbsys.2019.01.001
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Convolutional Neural Networks (CNN
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What We See What Computers See

Reference: https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-Networks/



https://adeshpande3.github.io/A-Beginner's-Guide-To-Understanding-Convolutional-Neural-Networks/
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Pixel representation of filter

Visualization of the filter on the image

Visualization of a curve detector filter
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Visualization of the Pixel representation of the receptive Pixel representation of filter

receptive field field

Multiplication and Summation = (50*30)+(50*30)+(50*30)+(20*30)+(50*30) = 6600 (A large number!)
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Visualization of the filter on the image
Pixel representation of the receptive Pixel representation of filter
receptive field field
Multiplication and Summation = (50*30)+(50*30)+(50*30)+(20*30)+(50*30) = 6600 (A large number!)
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Visualization of the filter on the image

Pixel representation of receptive field

Pixel representation of filter

Multiplication and Summation=10




C3: 1. maps 16@10x10
INPUT %é«gemamrnaps S4;l.ng93 16@5x5

Ful conAecﬁon | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

A Full Convolutional Neural Network (LeNet)

When it goes to higher level, CNN is able to capture more complicated features



C N N Zeiler and Fergus (2014)
https://link.springer.com/chapter/10.1007/978-3-319-10590-1_53

CNN captures more complicated features with deep networks



https://link.springer.com/chapter/10.1007/978-3-319-10590-1_53

C N N Zeiler and Fergus (2014)
https://link.springer.com/chapter/10.1007/978-3-319-10590-1_53

CNN captures more complicated features with deep networks



https://link.springer.com/chapter/10.1007/978-3-319-10590-1_53

Zeiler and Fergus (2014)
ringer.com/chapter/10.1007/978-3-319-10590-1_53
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https://link.springer.com/chapter/10.1007/978-3-319-10590-1_53
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Concepts of ML
ML Algorithms:
KNN, DT, RF, SVM, ANN, CNN, and K-means



Data Preprocessing Demo



