Machine Learning in Remote Sensing
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Why ML and RS?

Many pixels / bands

* E.g.Sentinel-2 images (100 x 100 km) for
13 bands (4x10m, 6x20m, 3x60m) =
558,333,333 data points = 750 MB

Multiple data types
* Terrain, lidar, hyperspectral, SAR

Multi-temporal data

* Timeseries, change detection, seasonal
changes

Large areas
* Provincial, National, Global




Image Recognition Semantic Segmentation

Object Detection Instance Segmentation



Deep Learning

* Extract patterns from data
with learning algorithms

* Typically with the
optimization of neural
networks

* Challenge:
* Training data!
* Sensible questions!

Artificial Intelligence:
Mimicking the intelligence or
behavioural pattern of humans

or any other living entity.

Machine Learning:
A technique by which a computer
can "learn" from data, without
using a complex set of different
rules. This approach is mainly
based on training a model from
datasets.

Deep Learning:
A technique to perform
machine learning
inspired by our brain's
own network of
neurons.




Why now

* We’ve always wanted to understand
intelligence and create Al

Problems are digital

* Moore’s law
* NDVIA shares
* High performance computing

Open tools

Py G |tH u b = Convolutional Encoder-Decoder

* TensorFlow, Python and pyTorch | &
Many models, non-expert usage |
* Convolutional neural network (CNN) | RGB Image

* Multi-task learning technology (MTL)
* Transfer learning technology (TL)

329.85 USD Nov 19, 2021

Output

Pooling Indices

I Conv + Batch Normalisation + Rell Segmentation




Convolutional neural networks

* Good for detecting patterns in images

* Model has convolutional (or hidden) layers Pixels of image fed as input
* CNNs reduce images so that they are easier to Output Layer
process
* Each layer receives input from previous layer, e B
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Problems being worked on

e Land cover and land use

* Object detection

-

-3
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Study target

@ S eg m e n ta t i O n Fig. 2. Number of publications for different study targets.

* Scene recognition

* Change detection
* Fusion
_I!'\'\_'. g

Fig. 3. Distribution of DL model used in the studies.

Fig. 5. Distribution of application area.

Ma et al. 2019



First Stage - Semantic Segmentation

DNN
) — -.

Second stage - Polygonization

Province/Territory Number of Buildings
Alberta 1,777.439
British Columbia 1,359,628
Manitoba 632,982
New Brunswick 350,989
Newfoundland and Labrador 255,568
Northwest Territories 13,161
Nova Scotia 402,358
Nunavut 2,875
Ontario 3,781,847
Prince Edward Island 76,590
Quebec 2,495,801
Saskatchewan 681,553
Yukon 11,395

https://github.com/microsoft/CanadianBuildingFootprints
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An unexpectedly large count of trees in the west
African Sahara and Sahel
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Abstract

A large proportion of dryland trees and shrubs (hereafter referred to collectively as trees)

/ R T e O 30 53 ——— o grow inisolation, without canopy closure. These non-forest trees have a crucial role in

biodiversity, and provide ecosystem services such as carbon storage, food resources and
shelter for humans and animals'2. However, most public interest relating to trees is devoted

g e : to forests, and trees outside of forests are not well-documented?. Here we map the crown size
AT DR s - ; s of each tree more than 3 m?in size over a land area that spans 1.3 million km? in the West

B L A .. = o7 e S o i : ; African Sahara, Sahel and sub-humid zone, using submetre-resolution satellite imagery and
® K] b @ " o0 & .' : ¥ : deep learning®. We detected over 1.8 billion individual trees (13.4 trees per hectare), witha
. * ® : % median crown size of 12 m?, along a rainfall gradient from 0 to 1,000 mm per year. The canopy
‘. . ; & '.‘ o @ cover increases from 0.1% (0.7 trees per hectare) in hyper-arid areas, through L.6% (9.9 trees
o ‘o & e . ... @ : per hectare) in arid and 5.6% (30.1 trees per hectare) in semi-arid zones, to 13.3% (47 trees per
.' ° 9o N L4 ° . hectare) in sub-humid areas. Although the overall canopy cover is low, the relatively high
.. e », ® o P ‘. = : j 5 ; density of isolated trees challenges prevailing narratives about dryland desertification’47,
L] g iyt :
. «, 0. ° .' ® * Ok AL PA IR and even the desert shows a surprisingly high tree density. Our assessment suggests a way to
LIPS ’. [ e o ° .’ s ‘4' ; _A'- P i . ’. A monitor trees outside of forests globally, and to explore their role in mitigating degradation,
P o ... © . P St e R g climate change and poverty.
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https://ai.googleblog.com/2019/09/an-inside-look-at-flood-forecasting.html



TensorFlow -

DATA

Which dataset
do you want to

use?
2y

Training data
percentage: 50%
-

Noise: 20
- —

Batch size: 10
—_——————

REGENERATE

https://developers.gqv?gle.com/machine-Iearning[crash-course/introduction-to-neural-networks/plavground-exercises

example

This s the output
from one neuron
Hover to see it
larger

FEATURES + — 2 HIDDEN LAYERS
Which
properties do
you want to " * =
feed in? 3 neurons 2 neurons
i | —~—
- <
-3 e~
/’I ,’7""
/ 20 A
X2 . -_‘4—/ " The outputs are

TensorFlow

mixed with varying
weights. shown
by the thickness of
the knes

OUTPUT

Test loss 0.098
Training loss 0.079

Colors shows

data, neuron and \ :J 3

weight values

[ showtestdata [ Discretize output

Source on GitHub
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