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Learning Objectives

By the end of this presentation, you will be able to understand:

* how SAR configurations affect response from soils and crops

* the information content in SAR images relevant to soil and crop conditions
* the optimal sensor parameters for agriculture applications

* how to ingest, pre-process, and process SAR data for use in crop classification and
soil moisture estimation
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SAR System Considerations

« When planning SAR data collections and when interpreting SAR response, the
three fundamental system characteristics must always be considered

* Interpreting SAR response is always done, relative to these characteristics

\/\/frequency or wavelength

geomertry (incidence angle
and look direction)

Image Credits: Polarization & Geometry CCRS/CCT
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Frequency or Wavelength

The best frequency should be selected

« consider the size of the target elements relative to SAR frequency. To maximize scattering,
select wavelengths that are comparable in size or smaller than these elements

* is it important to penetrate into the target or is the goal to maximize surface scattering?
Lower frequency (longer wavelengths) provide greater penetration

* is tThe goal to maximize or minimize sensitivity to surface roughnesse A low frequency wave
will see a surface as smooth while a high frequency wave will see this same surface as
rough

What is the best frequency for agricultural monitoring? It depends!

 soil moisture: longer wavelengths (like L-band) are better as they penetrate deeper intfo the
canopy and interact with soll

» crop classification and biophysical modeling: depends on canopy

* need enough penetration into canopy (L- or C-band for corn, for example) but not too
deep so that we have soil interference (C- or X-band for lower biomass crops like
soybeans)
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The Power of Multiple Frequencies
Integration of data from RADARSAT-2, ALOS and TerraSAR-X, Manitoba (Canada)
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Incidence Angle

SAR incidence angle determines

» the contribution of different target elements
to backscatter. Shallower angles intferact
more with the vegetation canopy; at steeper
angles more of the signal can pass through to
the ground without intferacting with the
canopy

« how rough the target appears to the SAR.
Surfaces appear “smoother” at larger angles.
The most significant incidence angle effects
are observed on smoother surfaces

 how deep the microwave signal penetrates
Info the target

Image Credit: www.radartutorial.eu/20.airborne/ab0é.en.html
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Incidence Angle

backscatter decreases with increasing incidence angle
rate and function of decrease is target specific

as a result, when a radar is viewing the same target at different angles, the

backscatter will be different

CAUTION: for femporal change detection, do not mix angles (use exact repeats)

for biophysical estimation, ok to mix angles if the model accounts for the incident
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Polarization

SAR polarization determines

* how transmitted microwaves interact with the target

— if the target (such as vegetation) has a dominant vertical structure, V-polarized
waves align with this structure and create greater scattering. With H-polarized
waves, less of the energy interacts with the vertically structured target and more
often, waves make their way through the canopy to the ground

* when considering tfransmit and receive signals, the amount of energy that is re-
polarized (from H-transmit to V-receive; from V-transmit to H-receive) to create a
cross-polarized response (HV or VH), depends on the structure of the target

What is the best frequency for agricultural monitoring?

« HV or VH is the single best polarization for either crop identification or crop
biophysical estimation

« next best polarization is usually VV
h NASA's Applied Remote Sensing Training Program 8
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What Target Characteristics Drive SAR Scattering

SARs respond to two fundamental characteristics of a target: (1) structure or
roughness, (2) water content

» Roughness: characterized by two parameters, the root mean square
variance (RMS) and the surface correlation length (I)

* RMS (root mean square): the statfistical variation of the random
component of the surface height relative to a reference surface (in mm or
cm)

» Correlation length (l): autocorrelation function measuring the statistical
independence of surface heights at two points, spatially separated by a
distance x'. The correlation length is equal to the displacement distance x'
for which p(x') is equal to 1/e. If two points are separated by a distance
greater than |, their surface heights are considered statistically
independent

For soils this means
« random roughness caused by fillage (and other farm operations)
modified by soil erosion and weathering effects
» periodic row structures caused by tillage and planting

NASA's Applied Remote Sensing Training Program
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How Does Roughness Affect Backscatter?

« backscatter will increase as soil roughness - exlpfded
increases " geA(; Ve
« rougher soils appear brighter in SAR images response
—
The impact of roughness on backscatter -
depends on the frequency and incident angle w
of the SAR. Roughness is a relative concept. S

According to the Rayleigh Criterion, a soil is

smooth if .
< -

Scosd

where h is surface height variation in cm, A is
the wavelength in cm and 0 is the incident
angle in degrees
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It's All Relative

Roughness less than “h” would be viewed as
smooth by SAR

Incident Angle of 30°
TerraSAR-X (3.1 cm) h<0.45cm
RADARSAT-2 (5.6 cm) h<0.81 cm
PALSAR (23.6 cm) h<3.42cm

Incident Angle of 50°
TerraSAR-X (3.1 cm) h<0.60 cm
RADARSAT-2 (5.6 cm) h<1.09cm
PALSAR (23.6 cm) h <459 cm

Source: Jackson, T.J., McNairn, H., Weltz, M.A., Brisco, B. and Brown, R.J. (1997). First order
surface roughness correction of active microwave observations for estimating soil
moisture. IEEE Transactions on Geoscience and Remote Sensing 35:1065-1069.
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AVERAGE RANDOM ROUGHNESS (s) VALUES: A {_—Y &
BASED ON SINGLE TILLAGE OPERATIONS [12]. S X g
N Q >
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. <
Tillage Operation s (cm)
Large offset disk 5.0
—
Moldboard plow 3.2
Lister 2.5
Chisel plow 2.3
Disk 1.8
Field cultivator 1.5
Row cultivator 15
Rotary tillage 1.5
Harrow 1.5
Anhydrous applicator 1.3
Rod weeder 1.0
Planter 1.0
No {ill 0.7
Smooth 0.6 I

Viewed by SAR as smooth at 50°

Viewed by SAR as rough at 50°



https://arset.gsfc.nasa.gov/

.

Vegetation Effects

The scale is very different from optical Crop structure varies significantly among
Scattering of longer-wavelength soybeans, wheat, and comn
microwaves is driven by Structure also changes as crops grow

a) larger scale structures (size, shape and
orientation of leaves, stems and fruif)

b) the volume of water in the vegetation
canopy (at the molecular level)

So why is SAR sensitive to crop type and
crop development?

« Crop structure changes significantly
from one crop to the next, and as

crops move through their growth
stages

h NASA's Applied Remote Sensing Training Program
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Types of Scattering

« as the microwave signal hits a target, the wave will Number of Scattering Events
undergo one, two or more scattering events 59
* a change from one polarization (i.e. H) fo another 1 2
polarization (i.e. V) is termed re-polarization.
« the number of events determines the type of
scattering, intensity of scattering, and changes in the 7 7
phase '

« scattering events are dependent upon the structure
and geometry of the target

» typically one scattering type dominates

| Vil

 for distributed targets often secondary or tertiary Co"fi—l i’rh COO ﬁ|d in

: : bare
scattering events occur and thus a mixture of | distinct Heal ddi
scattering types often characterizes these targets >0l sTinctverticd PO !ng
stfructure and stage with an
type of scattering + mixture of scattering events + wide row entanglement
phase characteristics + intensity spacing of scatterers

= clues about type and condition of crops
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What About Water in the Target?

SAR is known to be sensitive to moisture, but why?

- water (H,O) is a dipole: oxygen side of the molecule carries a net

negative charge, while the side with the two hydrogen atoms has
a net positive electrical charge

* as such, when an electric field (such as a microwave) is applied,
the water molecule will rotate and align itself to this applied field

Image Credit: socratic.org/questions/to-which-part-of-a-water-molecule-would-li-be-attracted
NASA's Applied Remote Sensing Training Program



https://arset.gsfc.nasa.gov/
https://socratic.org/questions/to-which-part-of-a-water-molecule-would-li-be-attracted

What About Water in the Target?

.

- water (H,O) is a dipole: oxygen side of the molecule carries a net negative charge, while
the side with the two hydrogen atoms has a net positive electrical charge

* as such, when an electric field (such as a microwave) is applied, the water molecule will
rotate and align itself to this applied field

« dielectric constant: a measure of the ease
with which dipolar molecules rotate in
response to an applied field

« dielectric constant (¢): a complex value
which characterizes both the permittivity (¢’)
(real) and conductivity (¢") (imaginary) of a material

e=¢ -j¢”
 real dielectric ranges from ~3 (very dry) to 80 (water)

Image Credit: http://macrotomicro.blogspot.com/2011/02/how-microwaveoven-works.html
NASA's Applied Remote Sensing Training Program 15\t
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What Does This Mean for SAR?

.

a microwave will continue to propagate until a dielectric discontinuity is
encountered, as happens when water is present in the target

 when an electric field is applied, free water molecules (not tightly bound) easily
rotate to align with the field (positive to negative)

o frictional resistance is low and little energy stored in the rotation is lost when the
wave passes and the molecule relaxes. Most of the stored energy is released.

* if many water molecules are present, a significant amount of energy is stored and
released. When little water is present, little energy N
IS stored.

« when this stored energy is released, and
depending on structure of the target, this energy
will be scattered back towards the radar antenna
Image Credit: Anton Paar
h NASA's Applied Remote Sensing Training Program
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What Does This Mean for SAR?

* sfrong positive relationship between real
dielectric constant and backscatter

* sfrong positive relationship between real
dielectric constant and soil moisture

« more water in the target = higher backscatter =
brighter returns

« applies to ANY target (soil, vegetation efc.)

» Penefration depth (6,) info soil and/or crops is A ok
defined by the dielectric (g), wavelength (A), and Mulfi-Date RADARSAT-1
incident angle Composite Outlook,

- . . Saskatchewan (Canadaq)

* penetration increases with wavelength and is iy

greater when the target (soil or crops) is drier Op

2xe"
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https://arset.gsfc.nasa.gov/

A Complication: The Environment

Always, always, always check the environmental conditions at
the tfime of image acquisition before using SAR data

Rule 1: Never use SAR if it was raining at the tfime of the acquisition

« Why? Although SAR is considered "“all weather” this does not
Include imaging during rain events as water in the atmosphere
will cause SAR scattering. In some regions of world, risks are
diurnally dependent.

Rule 2: Never use SAR to estimate soil moisture if the ground is
frozen

 Why? The dielectric constant drops close to zero when water
changes to a frozen state. Thus even if there is water in the soill,
the SAR will view the soil as dry. SAR can detect freeze/thaw
events. Freezing often occurs overnight.

h NASA's Applied Remote Sensing Training Program
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A Complication: The Environment

Rule 3: Consider if dew might be present during early morning

acquisitions

 Why? Presence of water on leaves will increase backscatter (big
problem for biophysical modelling). If water on canopy is
significant (just after rain), contrast between targets can be
reduced. Dew is most prominent in femperate regions in early
morning hours.

 Select orbits (ascending — evening; descending — morning)
carefully

« Always check in with meteorological stations

NASA's Applied Remote Sensing Training Program 19
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Exploiting SAR to Monitor Agriculture
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Learning Objectives

By the end of this presentation, you will be able to understand:
« Classification and Regression Trees (CART)
« Random Forests Advantages

« Random Forests:
— Basics
— Inputs and parameters

« How to implement Random Forests in R

h NASA's Applied Remote Sensing Training Program 21
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Classification and Regression Trees (CART): Basics

« Partitions or “splits” the data based on a set of binary tests
* Produces an easily-interpretable “tree” of tests and outcomes
 Tries to make groups that are as homogeneous as possible

Squeak

a %% /Yes N
“Mouse” \

Barks

}e&

No

“Dog"” \

1] 1
Cat
NASA's Applied Remote Sensing Training Program
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Classification and Regression Trees (CART): Basics

* Important Terms: Squeak

Species Barks Pet Squeeks Meows Collar Afraid Length Height Likes Yes
of Dogs Cheese /
1 Mouse Mo Yes Yes No No Yes 0.14 0.07 Yes N O
2 Mouse No No Yes No No Yes 0.18 0.09 Yes
4 Mouse Mo Yes Yes No No Yes 0.13 0.06 Yes Mouse
4 Mouse Mo Yes Yes No No Yes 0.13 0.06 Yes
5 Mouse Mo No Yes No No Yes 0.13 0.07 Yes
6 Mouse Mo No Yes No No Yes 0.11 0.05 Yes
9 Mouse Mo No Yes No No Yes 0.15 0.08 Yes BO rks
9 Mouse No No Yes No No Yes 0.15 0.08 Yes
12 Cat No Yes No No Yes Yes 0.40 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes Yes
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes /
15 Cat Mo Yes No Yes Yes Mo 0.30 0.16 Yes N O
16 Cat Mo Yes No Yes Yes Yes 0.30 0.16 Yes DO
16 Cat No Yes No Yes Yes Yes 0.20 0.16 Yes g
18 Cat Mo Yes No Yes Yes Yes 0.33 0.22 Yes
18 Cat MNo Yes No Yes Yes Yes 0.33 0.22 Yes
70 Dog _ Yes  Yes  No  No  Yes | No ] 053 035 Ves .
20 Dog Yes Yes No No Yes | No | 053 035 VYes Afraid of Dogs
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes Yes
22 Dog Yes Yes No No Yes Mo 0.16 0.32 Yes
232 Dog Mo MNo MNo No No Mo 0.52 0.26 Yes / N O
24 Dog Yes Yes No No Yes Mo 0.53 0.27 Yes
24 Dog Yes Yes No No Yes Mo 0.53 0.27 Yes COT
27 Dog Mo Yes No No Yes Mo 0.58 0.29 Yes
27 Dog Mo Yes No No Yes Mo 0.58 0.29 Yes

Dog

NASA's Applied Remote Sensing Training Program



https://arset.gsfc.nasa.gov/

.

Random Forests: Basics

« A “forest” of binary decision trees (Breiman, 2001)
* Works well with high-dimensional datasets (continuous or categorical)

 Ensemble learning technique
Data

[ |

A A | I
Models 5 B C
C B C C
A B A
A B
Majority Vote
NASA's Applied Remote Sensing Training Program
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Random Forests: Basics

« Random Forests vs. CART

.

_ CART Random Forests

Numlber of Trees
Pruning

Variables tested for
splitting

Training Set

Accuracy

h NASA's Applied Remote Sensing Training Program

]
Applied

All

All

Independent
required

n>>1

All fully grown
mM<<M (all variables)

= 2/3

Internally estimated
(OOBE)
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Random Forests: Parameters and Important Terms

.

* Nfree — number of trees per forest.

» Probability — number of trees that voted with the majority divided by the total
number of trees.

 mtry — number of variables tested to determine optimal split at each node.

« Qut of Bag Accuracy - infernal validation; based on = 1/3 of the dataset not used
during the construction of a given tree.

« Mean Decrease in Accuracy (MDA) — quantifies variable “importance” by
measuring the change in accuracy after the values of the variable are randomly
permuted.

h NASA's Applied Remote Sensing Training Program
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Random Forests: Basics

.

« Gini Impurity: probability of classifying a data point incorrectly
« Randomly pick data point & randomly classify it according to class distribution
« 25% + 25% = 50%,; Gini Impurity = 0.5

Probability
Choose quarter (50%), classify penny (50%) 50% x 50% = 25%
Choose penny (50%), classify quarter (50%) 50% x 50% = 25%

—9 R =9 @

%Q' O\ éoﬂef Penny Quorf$
‘ Q ‘ ?eﬂﬂj QUfoef penny
‘ (§\® (\\l Pel’my
‘ o> ¢e™ Quarter
NASA's Applied Remote Sensing Training Program
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Random Forests: Basics

.

« Gini Impurity: probability of classifying a data point incorrectly
« Randomly pick data point & randomly classify it according to class distribution
* 16% + 16% = 32%,; Gini Impurity = 0.32

Probability
Choose quarter (80%), classify penny (20%) 80% x 20% = 16%
Choose penny (20%), classify quarter (80%) 20% x 80% = 16%

—9 R =9 R
Q\ / et Penny Quorf$

Qua
Y (
pe™ Quq,. o, ey

O
e OO &
000° 5

a Quarter
e ——
NASA's Applied Remote Sensing Training Program



https://arset.gsfc.nasa.gov/

Random Forests: Basics

 How Gini Impurity is used for splitting:
— Don't know where the perfect split is, but can test all possible splits

— Determine split quality by weighting impurity of subsequent nodes by number of
data points it has

3.50

3.00 A O
2.50

2.00 ¢ O
1.50 A
100 AgA

0.50 O
0.00

0.00 1.00 2.00 3.00 4.00
Variable 1
NASA's Applied Remote Sensing Training Program
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Random Forests: Basics

 How Gini Impurity is used for splitting:
— Don't know where the perfect split is, but can test all possible splits

— Determine split quality by weighting impurity of subsequent nodes by number of
data points it has

3.50
3.00 A
Gini Impurities ®
. ~ 2.50
Before the Split= 0.50 % 200 A O O
Right Note = 0.00 2 1.50 A
- S Ag i
Left Node = 0.28 1.00 O
0.50 O
0.00

0.00 1.00 2.00 3.00 4.00
Variable 1
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Random Forests: Basics

 How Gini Impurity is used for splitting:

.

— Don't know where the perfect split is, but can test all possible splits
— Determine split quality by weighting impurity of subsequent nodes by number of

data points it has

3.50
o . 3.00
Gini Impurities « 2.50
Before the Split=0.50 % 500 N

Right Note = 0.00 2 1.50

leftNode =028 > 100 AgA
0.50
0.00

1.00

h NASA's Applied Remote Sensing Training Program

2.00
Variable 1

3.00

Right node has 40% data
points, left node has 60%

(0.40%0.00) + (0.60%0.28) = 0.17

With this split, the amount of
Impurity removed is:

0.5-0.17=0.33

4.00

31
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Random Forests: Basics

 How Gini Impurity is used for splitting:

.

— Don't know where the perfect split is, but can test all possible splits
— Determine split quality by weighting impurity of subsequent nodes by number of

data points it has

3.50
o . 3.00
Gini Impurities « 2.50
Before the Split=0.50 % 500 N

Right Note = 0.00 2 1.50

leftNode =028 > 100 AgA
0.50
0.00

1.00

h NASA's Applied Remote Sensing Training Program

2.00
Variable 1

3.00

Right node has 40% data
points, left node has 60%

(0.40%0.00) + (0.60%0.28) = 0.17

With this split, the amount of
Impurity removed is:

0.5-0.17=0.33

4.00 /

GINI GAIN
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Random Forests: Basics

 How Gini Impurity is used for splitting:
— Don't know where the perfect split is, but can test all possible splits

— Determine split quality by weighting impurity of subsequent nodes by number of
data points it has

3.50

3.00 A O
2.50

2.00 ¢ O
1.50 A
100 AgA

0.50 O
0.00

0.00 1.00 2.00 3.00 4.00
Variable 1
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Random Forests: Basics

 How Gini Impurity is used for splitting:
— Don't know where the perfect split is, but can test all possible splits

— Determine split quality by weighting impurity of subsequent nodes by number of
data points it has

3.50
3.00 A
Gini Impurities ®
. ~ 2.50
Before the Split=0.50 % 500 A O O
Right Note = 0.44 2 1.50 A
O

leffNode =038 > 100 Aglh
0.50 O
0.00

0.00 1.00 2.00 3.00 4.00
Variable 1
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Random Forests: Basics

 How Gini Impurity is used for splitting:

.

— Don't know where the perfect split is, but can test all possible splits
— Determine split quality by weighting impurity of subsequent nodes by number of

data points it has

3.50
o . 3.00
Gini Impurities « 2.50
Before the Split=0.50 % 500 N

Right Note = 0.44 2 1.50

leftNode =038 > 100 Agla
0.50
0.00

1.00
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2.00
Variable 1

3.00

Right node has 60% data
points, left node has 40%

(0.60%0.38) + (0.40%0.44)=0.42

With this split the amount of
impurity removed is:

0.5-0.42=0.08

4.00

35
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Random Forests: Basics

 How Gini Impurity is used for splitting:

.

— Don't know where the perfect split is, but can test all possible splits
— Determine split quality by weighting impurity of subsequent nodes by number of

data points it has

3.50
o . 3.00
Gini Impurities « 2.50
Before the Split=0.50 % 500 N

Right Note = 0.44 2 1.50

leftNode =038 > 100 Agla
0.50
0.00

1.00
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2.00
Variable 1

3.00

Right node has 60% data
points, left node has 40%

(0.60%0.38) + (0.40%0.44)=0.42

With this split the amount of
impurity removed is:

0.5-0.42=0.08

4.00 /
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Random Forests: Basics

Afraid of . Likes
. Species Barks Pet Squeaks Meows Collar D Length Height
° ogs Cheese
andom ForeSTS |npUTS° Mouse No Yes Yes No No Yes 0.14 0.07 Yes
. . Mouse No No Yes No No Yes 0.18 0.09 Yes
» Labelled classes with associated Mouss No  No  Yes No  No  Yes 013 006  Yes
. . Mouse No Yes Yes No No Yes 0.13 0.06 Yes
predlCTor VO“ObleS Mouse No No Yes No No Yes 0.13 0.07 Yes
. . Mouse No No Yes No No Yes 0.11 0.05 Yes
- CGT@QO”CG' or COHTIHUOUS Mouse No No Yes No No Yes 0.13 0.06 Yes
Mouse No No Yes No No Yes 0.16 0.08 Yes
Mouse No No Yes No NoO Yes 0.15 0.08 Yes
Cat No Yes No Yes Yes Yes 0.31 0.19 Yes

Cat No Yes No Yes No Yes 0.38 0.20 Yes
Cat No Yes No Yes Yes Yes 0.40 0.15 No
Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
Cat No No No Yes No No 0.32 0.22 Yes
Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
Cat No Yes No Yes Yes Yes 0.35 0.24 Yes
Cat No Yes No Yes Yes Yes 0.33 0.22 Yes

NNOONNNNNNNONNOON ——m oo o .
KON ON—-Ovvoo~NoO DWW —O|0000 N A~AWDN

Dog Yes No No No No No 0.58 0.33 Yes
Dog Yes Yes No No Yes No 0.53 0.35 Yes
Dog Yes Yes No No Yes No 0.51 0.33 Yes
Dog Yes Yes No No Yes No 0.16 0.32 Yes
Dog No No No No No No 0.52 0.26 Yes
Dog Yes Yes No No Yes No 0.53 0.27 Yes
Dog Yes Yes No No Yes No 0.37 0.16 Yes
Dog Yes Yes No No Yes No 0.53 0.29 Yes
Dog Yes Yes No No Yes No 0.58 0.29 Yes

NASA's Applied Remote Sensing Training Program
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Random Forests: Example

1. Create the fraining data to grow the tree
— For N number of data points, randomly sample N cases (with replacement)

h NASA's Applied Remote Sensing Training Program
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Random Forests: Example

Original Training Set
Species Barks Pet Squeaks Meows Collar o?flrbo:gs Length Height Cll-:ZZe Species Barks Pet Squeaks Meows Collar o?fg:;s Length Height C:Z:e
Mouse No Yes Yes No No Yes 0.14  0.07 Yes
Mouse No No Yes No No Yes 0.18 0.09 Yes
Mouse No No Yes No No Yes 0.13 0.06 Yes
Mouse No Yes Yes No No Yes 0.13  0.06 Yes
Mouse No No Yes No No Yes 0.13  0.07 Yes
Mouse No No Yes No No Yes 0.11 0.05 Yes

Mouse No No Yes No No Yes 0.13 0.06 Yes |
Mouse No No Yes No No Yes 0.16 0.08 Yes
Mouse No No Yes No No Yes 0.15 0.08 Yes
Cat No _Yes No Yes Yes Yes 031 0.19 Yes
Cat  No Yes No Yes No Yes 0.38 020 Yes |
Cat No Yes No Yes Yes Yes 0.40 0.15 No
Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
Cat No Yes No Yes Yes Yes 036 0.17 Yes
Cat No No No Yes No No 032 0.22 Yes
Cat No Yes No Yes Yes Yes 030 0.16 Yes |
Cat No Yes No Yes Yes Yes 035 0.24 Yes
Cat No Yes No Yes Yes Yes 0.33 0.22 Yes

RO E RIN= O ol Novo & w = [o]° PPN O W IN

Dog Yes No No No No No 0.58 0.33 Yes
Dog Yes Yes No No Yes No 0.53 0.35 Yes
Dog Yes Yes No No Yes No 0.51 0.33 Yes
| Dog Yes Yes No No Yes No 0.16 0.32 Yes |
Dog No No No No No No 0.52 0.26 Yes
Dog Yes Yes No No Yes No 0.53 0.27 Yes
Dog Yes Yes No No Yes No 0.37 0.16 Yes
Dog Yes Yes No No Yes No 0.53 0.29 Yes
Dog Yes Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Original Training Set

Species Barks Pet Squeaks Meows Collar o?fgo:;s Length Height Cll-:ZZe Species Barks Pet Squeaks Meows Collar o?fg:;s Length Height C:Z:e
Mouse No Yes Yes No No Yes 0.14  0.07 Yes 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
Mouse No No Yes No No Yes 0.18 0.09 Yes

Mouse No No Yes No No Yes 0.13 0.06 Yes

Mouse No Yes Yes No No Yes 0.13  0.06 Yes

Mouse No No Yes No No Yes 0.13 0.07 Yes

Mouse No No Yes No No Yes 0.11 0.05 Yes

Mouse No No Yes No No Yes 0.13  0.06 Yes

Mouse No No Yes No No Yes 0.16 0.08 Yes
Mouse No No Yes No No Yes 0.15 0.08 Yes |
Cat No Yes No Yes Yes Yes 0.31 0.19 Yes
Cat No Yes No Yes No Yes 0.38 0.20 Yes
Cat No Yes No Yes Yes Yes 0.40 0.15 No
Cat No Yes No Yes Yes Yes 0.37 0.09 Yes |
Cat No Yes No Yes Yes Yes 036 0.17 Yes
Cat No No No Yes No No 032 0.22 Yes
Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
Cat No Yes No Yes Yes Yes 0.35 0.24 Yes
Cat No Yes No Yes Yes Yes 0.33 0.22 Yes |

X QRID N = S vl o  AwIN — OO P N[O O1 [ WIS

Dog Yes No No No No No 0.58 0.33 Yes
Dog Yes Yes No No Yes No 0.53 0.35 Yes
Dog Yes Yes No No Yes No 0.51 0.33 Yes
Dog Yes Yes No No Yes No 0.16 0.32 Yes
Dog No No No No No No 0.52 0.26 Yes
l Dog Yes Yes No No Yes No 0.53 0.27 Yes |
Dog Yes Yes No No Yes No 0.37 0.16 Yes
Dog Yes Yes No No Yes No 0.53 0.29 Yes
Dog Yes Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Original Training Set
Species Barks Pet Squeaks Meows Collar o?fgo:;s Length Height Cll-:ZZe Species Barks Pet Squeaks Meows Collar o?fg:;s Length Height C:Z:e
Mouse No Yes Yes No No Yes 0.14 0.07 Yes 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
Mouse No No Yes No No Yes 0.18 0.09 Yes 18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
Mouse No No Yes No No Yes 0.13 0.06 Yes
| Mouse No Yes  Yes No No Yes 0.13 006 Yes |
Mouse No No Yes No No Yes 0.13 0.07 Yes
Mouse No No Yes No No Yes 0.11 0.05 Yes

Mouse No No Yes No No Yes 0.13 0.06 Yes
Mouse No No Yes No No Yes 0.16 0.08 Yes |
Mouse No No Yes No No Yes 0.15 0.08 Yes
Cat  No Yes No Yes Yes Yes 031 0.19 Yes |
Cat No Yes No Yes No Yes 0.38 0.20 Yes
Cat No Yes No Yes Yes Yes 0.40 0.15 No
Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
Cat No Yes No Yes Yes Yes 0.36 0.17 Yes |
Cat No No No Yes No No 032 0.22 Yes
Cat  No Yes No Yes Yes Yes 030 0.16 Yes |
Cat No Yes No Yes Yes Yes 035 0.24 Yes
Cat No Yes No Yes Yes Yes 0.33 0.22 Yes

NIK|AIE N = S voloo Jolo|mlw o —|of PR o G N

Dog Yes No No No No No 0.58 0.33 Yes
Dog Yes Yes No No Yes No 0.53 0.35 Yes
Dog Yes Yes No No Yes No 0.51 0.33 Yes
Dog Yes Yes No No Yes No 0.16 0.32 Yes
Dog No No No No No No 0.52 0.26 Yes
Dog Yes Yes No No Yes No 0.53 0.27 Yes

| Dog Yes Yes No No Yes No 0.37 0.16 Yes |
Dog _ Yes Yes No No Yes No 0.53__ 0.29 Yes
Dog Yes Yes No No Yes No 0.58 0.29 Yes |
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Random Forests: Example

Original Training Set
Species Barks Pet Squeaks Meows Collar o?flrbilgs Length Height CI;ZZ; Species Barks Pet Squeaks Meows Collar o?flgzlgs Length Height C:Ziie

1 Mouse No Yes Yes No No Yes 0.14  0.07 Yes 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
2 Mouse No No  Yes No No Yes 0.18 009  Yes 18 Cat No Yes No Yes Yes Yes 033 022 Yes
3 Mouse No No Yes No No Yes 0.13 0.06 Yes 27 Dog Yes Yes No No Yes No 0.58 0.29 Yes
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes 20 Dog Yes Yes No NG Yes NG 053 0.35 Yes
5 Mouse No No Yes No No Yes 0.13 0.07 Yes 24 Dog Yes Yes No NG Yes NG 053 027 Yes
6 Mouse No No Yes No No Yes 0.11 0.05 Yes 21 Dog Yes Yes NoO NoO Yes NoO 0.51 0.33 Yes
7  Mouse No No Yes No No Yes 0.13 0.06 Yes 23 Dog Yes No No No No No 0.52 026 Yes
8 Mouse No No  Yes No No Yes 0.16 0.08  Yes 4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes 9 Mouse No No Yes No No Yes 0.15 0.08 Yes
10 Cat No Yes No Yes Yes Yes 0.31 0.19 Yes 2 Mouse No No Yes No No Yes 0.18 0.09 Yes
11 Cat No Yes No Yes No Yes 0.38 0.20 Yes 18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
12 Cat No Yes No Yes Yes Yes 0.40 0.15 No 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes 22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
15 Cat No No No Yes No No 032 0.22 Yes 13 Cat No Yes No Yes Yes Yes 0.37 0.21 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes 12 Cat No Yes No Yes Yes Yes 0.40 0.15 No
17 Cat No Yes No Yes Yes Yes 035 0.24 Yes 21 Dog Yes Yes No No Yes No 0.51 033 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes 9 Mouse No No Yes No No Yes 0.15 0.08 Yes
19 Dog Yes No No No No No 0.58 0.33 Yes 5 Mouse No No Yes No No Yes 0.13 0.07 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes 4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes 27 Dog Yes Yes No No Yes No 0.58 0.29 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes 20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
23 Dog No No No No No No 0.52 0.26 Yes 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes 22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
25 Dog Yes Yes No No Yes No 0.37 0.16 Yes 6 Mouse No No Yes No No Yes 0O.11 0.05 Yes
26 Dog Yes Yes No No Yes No 0.53 0.29 Yes 24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27

Dog Yes Yes No No Yes No 0.58 0.29 Yes 14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
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Random Forests: Example
Original Training Set

Afraid . Likes . Afraid . Likes
of Dogs Length Height Cheese Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese

Mouse No Yes Yes No No Yes 0.14 0.07 Yes \ Mouse No Yes Yes No No Yes 0.14 0.07 Yes

Species Barks Pet Squeaks Meows Collar

1 1
2 Mouse No No Yes No No Yes 0.18 0.09 Yes 2 Mouse No No Yes No No Yes 0.18 0.09 Yes
| 3 Mouse No No Yes No No Yes 0.13 0.06 Yes | 4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes
4 Mouse No Yes Yes No No Yes 0.13  0.06 Yes 4 Mouse No Yes Yes No No Yes 0.13  0.06 Yes
5 Mouse No No Yes No No Yes 0.13 0.07 Yes 5 Mouse No No Yes No No Yes 0.13  0.07 Yes
6 Mouse No No Yes No No Yes 0.11 0.05 Yes 6 Mouse No No Yes No No Yes 0.11 0.05 Yes
7 Mouse No No Yes No No Yes 0.13  0.06 Yes 9 Mouse No No Yes No No Yes 0.15 0.08 Yes
8 Mouse No No Yes No No Yes 0.16 0.08 Yes 9 Mouse No No Yes No No Yes 0.15 0.08 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes 12 Cat No Yes No Yes Yes Yes 0.4 0.15 No
10 Cat No Yes No Yes Yes Yes 0.31 0.19 Yes 13 Cat No Yes No Yes Yes Yes 0.37 0.21 Yes
11 Caft No Yes No Yes No Yes 0.38 0.20 Yes 1 .. Yes Yes 036 0.17 Yes
12  Cat No Yes No Yes Yes Yes 0.40 0.15 No 14 Rem(jlﬂlﬂg fOI’ Yes Yes 0.3 0.16 Yes
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes q . Yes Yes 0.3 0.16 Yes
14 Cat  No Yes No Yes  Yes Yes 036 0.7  Yes 1 iInternal accuracy Yes Yes 03 016 Yes
15 Cat No No No Yes No No 032 022 Yes | 16 ~ Yes Yes 033 022 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes 18 GssessmenT ] /3 Yes Yes 0.33 0.22 Yes
117 Cat  No Yes No Yes Yes Yes 035 0.24 Yes | 20 Dog Yes Yes No No Yes No 053 0.35 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes 20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
119 Dog Yes No No No No No 0.58 0.33 Yes | 21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes 21 Dog Yes Yes No No Yes No 0.51 033 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes 22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes 22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No No No 0.52 0.26 Yes 23 Dog Yes No No No No No 0.52 0.26 Yes
24 _Dog _Yes Yes No No Yes No 0.53 _ 0.27 Yes 24  Dog Yes Yes No No Yes No 0.53 0.27 Yes
25 Dog Yes Yes No No Yes No 0.37 0.16 Yes 24 Dog Yes Yes No No Yes No 0.53 0.27
26 Dog Yes Yes No No Yes No 0.53  0.29 Yes j 27 Dog Yes Yes No No Yes No 0.58 0.29
27 Dog Yes Yes No No Yes No 0.58 0.29 Yes 27 Dog Yes Yes No No Yes No 0.58 0.29
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Random Forests: Example

2. For M number of variables, randomly select a subset (mM<<M) to determine how
each node is split (mtry)

SpeciesIquks Pet Squeaks Meows Collar Afraid Length Height Likes
Mouse No Yes Yes No No Yes 0.14 0.0/ Yes
Mouse No No Yes No No Yes 0.18 0.09 Yes
Mouse No Yes Yes No No Yes 0.13  0.06 Yes
Mouse No Yes Yes No No Yes 0.13  0.06 Yes
Mouse No No Yes No No Yes 0.13  0.07 Yes

Mouse No No Yes No No Yes 0.11 0.05 Yes
Mouse No No Yes No No Yes 0.15 0.08 Yes
Mouse No No Yes No No Yes 0.15 0.08 Yes

Cat No Yes No No Yes Yes 0.4 0.15 No

Cat No Yes No Yes Yes Yes 037 0.09 Yes
Cat No Yes No Yes Yes Yes 036 0.1/ Yes
Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
Cat No Yes No Yes Yes Yes 030 0.16 Yes
Cat No Yes No Yes Yes Yes 033 0.22 Yes
Cat No Yes No Yes Yes Yes 033 0.22 Yes

NNRNRNONNNNNNNDDR = — = — — _
LUNEEONN—-—OC|lm@moon o PO AN

Dog Yes Yes No No Yes No 0.53 0.35 Yes
Dog Yes Yes No No Yes No 0.53 0.35 Yes
Dog Yes Yes No No Yes No 0.51 0.33 Yes
Dog Yes Yes No No Yes No 0.51 0.33 Yes
Dog Yes Yes No No Yes No 0.16 0.32 Yes
Dog Yes Yes No No Yes No 0.16 0.32 Yes
Dog No No No No No No 0.52  0.26 Yes
Dog Yes Yes No No Yes No 0.53 0.2/ Yes
Dog Yes Yes No No Yes No 0.53 0.2/ Yes
Dog No Yes No No Yes No 0.58 0.29 Yes
Dog No Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Classification
Results Based on
Split Points

Mouse Cat Dog

Yes 8 0 0
No 0 8 11

Gini Gain to Identify
Optimal Split

Variable

Evaluated
Split

Points Gini

Squeaks Yes or No

0.32

Training Set
Species|Barks| Pet | Squeaks|Meows Collar o?flg?:lgs Length Heightlcl;:::ie
1 Mouse No Yes Yes No No Yes 0.14  0.07 Yes
2 Mouse No No Yes No No Yes 0.18 0.09 Yes
4 Mouse No Yes Yes No No Yes 0.13  0.06 Yes
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes
5 Mouse No No Yes No No Yes 0.13 0.07 Yes
6 Mouse No No Yes No No Yes 0.11 0.05 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes
9 Mouse No No Yes NoO No Yes 0.15 0.08 Yes
12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Training Set

Species Barks| Pet | Squeaks |Meows | Collar o’:‘fBC:;JLengttheight Cl;::.:ie Classification
1 Mouse No Yes Yes No No Yes 0.14  0.07 Yes ReSU”S BOSGCI on
2 Mouse No No Yes No No Yes 0.18 0.09 Yes 1 1
4 Mouse No Yes Yes No No Yes 0.13  0.06 Yes Sp“T POIHTS
4 Mouse No Yes Yes No No  Yes 0.3 006 Yes Mouse Cat Dog
5 Mouse No No Yes No No Yes 0.13 0.07 Yes Yes 0 7 0
6 Mouse No No Yes No No Yes 0.11 0.05 Yes No 8 1 11
9 Mouse No No Yes No No Yes 0.15 0.08 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes .. . .
12 Cat No Yes No No Yes Yes 04 015 No Gini Gain to Iden’nfy
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes : :
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes Ophmol Sp“T
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Evaluated
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Splif
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes . . . s
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes Variable Points Gini
18 Cat No Yes No Yes Yes Yes 0.33 022 Yes Squeaks Yes or No 0.32
20 Dog VYes Yes No No Yes No 053 035 Yes Meows YesorNo  0.28
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Training Set

Species Barks Pet Squeaks| Meows| Collar o’:‘fBC:;JLengttheight Cl;::.:ie Classification
1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes RGSUH'S Bosed on
2 Mouse No No Yes No No Yes 0.18 0.09 Yes 1 i
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Sp'IT POIﬂTS
4 Mouse No Yes  Yes No No  Yes 0.3 006 Yes Mouse Cat Dog
5 Mouse No No Yes No No Yes 0.13 0.07 Yes <=0.05 1 0 0
6 Mouse No No Yes No No Yes 0.11 0.0 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes >0.05 / 8 1
9 Mouse No No Yes NoO No Yes 0.15 0.08 Yes .. . .
12 Cat No Yes No No Yes Yes 04 015 No Gini Gain to Iden’rlfy
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes H H
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes Ophmo' SpIIT
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Evaluated
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Splii
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes . . -
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes Variable Points Gini
18 Cat  No Yes No Yes Yes Yes 033 022 Yes Squeaks Yes or No 0.32
20 Dog Yes Yes No No Yes No 053 035 Yes Meows YesorNo  0.28
20 Dog Yes Yes No No Yes No 053 0.35 Yes Height <=0.05 0.03
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

NASA's Applied Remote Sensing Training Program



https://arset.gsfc.nasa.gov/

Random Forests: Example

Training Set
Species Barks Pet Squeaks Meows Collar Afraid Length| Height Likes Classification
of Dogs Cheese

1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes RGSUH'S BCISGd on
2 Mouse No No Yes No No Yes 0.18 0.09 Yes 1 i
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Sp'IT POIﬂTS
4 Mouse No Yes Yes No No Yes 0.13 006  Yes Mouse Cat Dog
2 mouse Eo Eo ies Eo Eo ies 8:1]3 882 ies <=0.06 3 0 0

ouse o o es o} o es . . es
9 Mouse No No Yes No No Yes 0.15 0.08 Yes >0.06 S} 8 1
9 Mouse No No Yes No No Yes 0.15 0.08 Yes .. . .
12 Cat No Yes No No Yes Yes 0.4 0.15 No Gini Gain to Iden’rlfy
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes H H
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes OpTImC” Sp“T
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Evaluated
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Splii
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes . . .
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes Variable Points Gini
18 Cat No Yes No Yes Yes Yes 033 022 Yes Squeaks Yes or No 0.32
20 Dog VYes Yes No No Yes No 053 035 Yes Meows YesorNo  0.28
20 Dog Yes Yes No No Yes No 053 0.35 Yes Height <=0.05 0.03
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes » —
21 Dog Yes Yes No No Yes No 051 033 Yes Height  <=0.06 0.09
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Classification

Results Based on

Training Set
. Afraid . Likes
Species Barks Pet Squeaks Meows Collar of Dogs Length| Height Cheese

1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes
2 Mouse No No Yes No No Yes 0.18 0.09 Yes
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes
5 Mouse No No Yes No No Yes 0.13 0.07 Yes
6 Mouse No No Yes No No Yes 0.11  0.05 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes
9 Mouse No No Yes NoO No Yes 0.15 0.08 Yes
12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

Split Points

Mouse Cat Dog
<=0.07 5 0 0
>0.07 3 8 11
Gini Gain to Identify

Optimal Split

Evaluated
Split

Variable Points Gini
Squeaks YesorNo  0.32
Meows Yes or No 0.28
Height  <=0.05 0.03
Height <=0.06 0.09
Height <=0.07 0.17
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Random Forests: Example

Training Set
Species Barks Pet Squeaks Meows Collar Afraid Length Height Likes HP : :

P d of Dogs "9 9" cheese Gini Gain to Identify
1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes . .
2 Mouse No No Yes No No Yes 0.18 0.09 Yes Op’rlmol Spl”
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Evaluated
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Variable Split Points Gini
S5 Mouse No No Yes No No Yes 0.13 0.07 Yes Squeoks Yes or No 0.32
6 Mouse No No Yes No No Yes 0.11  0.05 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes Iv\e.ows Yes orNo 0.28
9 Mouse No No Yes No No Yes 0.15 0.08 Yes Height <=0.05 0.03
12 Cat No Yes No No Yes Yes 04 0.15 No Height <=0.06 0.09
13 Cat No Yes No Yes Yes Yes 037 0.09 Yes Height <=0.07 0.17
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes .
16 Cat No Yes No Yes Yes Yes 03 0.6 Yes Height  <=0.08 0.26
16 Cat No Yes No Yes Yes Yes 03 0.16 Yes Height  <=0.09 0.28
16 Cat No Yes No Yes Yes Yes 030 O0.16 Yes Height <=0.15 0.25
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes > —
18 Cat  No Yes No Yes Yes Yes 033 022 Yes He!ghT <=0.16 0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes Height <=0.17 0.28
20 Dog Yes Yes No No Yes No 053 035 Yes Height <=0.22 0.27
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes Height <=0.26 0.31
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes : —
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes He!ghT <=0.27 0.22
22 Dog Yes Yes No No Yes No 0.16 032 Yes Height <=0.29 0.18
23 Dog No No No No No No 052 026 Yes Height <=0.32 0.09
24 Dog Yes Yes No No Yes No 053 027 Yes Height <=0.33 0.04
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes : —
27 Dog No Yes No No Yes No 0.58 029 Yes Height <=0.35 0.00
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Training Set
Species Barks Pet Squeaks Meows Collar Afraid Length Height Likes A : ;

P d of Dogs "9 9" cheese Gini Gain to Identify
1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes . .
2 Mouse No No Yes No No Yes 0.18 0.09 Yes OpTImC” Sp“T
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Evaluated
4 Mouse No Yes Yes No No Yes 0.13  0.06 Yes Variable Split Points Gini
S5 Mouse No No Yes No No Yes 0.13 0.07 Yes Squeaks Yes or No 0.32
6 Mouse No No Yes No No Yes 0.11  0.05 Yes
9 Mouse No No  Yes No No Yes 0.15 0.08 Yes Me.OWS Yes or No 0.28
9 Mouse No No Yes No No Yes 0.15 0.08 Yes Height <=0.05 0.03
12 Cat No Yes No No Yes Yes 04 0.15 No Height <=0.06 0.09
13 Cat No Yes No Yes Yes Yes 037 0.09 Yes Height <=0.07 0.17
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes . _
16 Cat No Yes No Yes Yes Yes 03 0.6 Yes Height  <=0.08 0.26
16 Cat No Yes No Yes Yes Yes 03 0.6 Yes Height  <=0.09 0.28
16 Cat No Yes No Yes Yes Yes 030 0.16 Yes Height <=0.15 0.25
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes . —
18 Cat  No Yes No Yes Yes Yes 033 022 Yes He!gm ==0.10 0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes Height <=0.17 0.28
20 Dog Yes Yes No No Yes No 053 035 Yes Height <=0.22 0.27
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes Height <=0.26 0.3]
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes : —
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes He!ghf <=0.2/ 0.22
22 Dog Yes Yes No No Yes No 0.16 032 Yes Height <=0.29 0.18
23 Dog No No No No No No 052 026 Yes Height <=0.32 0.09
24 Dog Yes Yes No No Yes No 053 027 Yes Height <=0.33 0.04
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes : —
27 Dog No Yes No No Yes No 0.58 029 Yes Height <=0.35 0.00
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Squeak
Training Set
Species Barks Pet Squeaks Meows Collar Afraid Length Height Likes . : : Y,es
P a of Dogs ‘eI HeldM cheese  Gini Gain to Identify e No

1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes . .
2 Mouse No No Yes No No Yes 0.18 0.09 Yes Op’rlmol Sp“T Mouse (8)
4 Mouse No Yes Yes No No Yes 0.13  0.06 Yes Evaluated
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Variable Split Points Gini
5 Mouse No No Yes No No Yes 0.13 0.07 Yes Squeoks Yes or No 0.32 CC]T (8)
6 Mouse No No  Yes No No Yes 0.11 005 Yes :
9 Mouse No No  Yes No No Yes 0.15 008  Yes Iv\e.ows Yes or No 0.28 Dog (] ] )
9 Mouse No No Yes No No Yes 0.15 0.08  Yes Height <=0.05 0.03
12 Cat No Yes No No Yes Yes 04 0.5 No Height <=0.06 0.09
13 Cat No Yes No Yes Yes Yes 037 0.09 Yes Height <=0.07 0.17
14 Cat No Yes No Yes Yes Yes 036 0.17  Yes Height <—0.08 0.26
16 Cat No Yes No  Yes Yes Yes 03 016 Yes €9 =Y. -
16 Cat No Yes No Yes Yes Yes 03 0.6 Yes Height  <=0.09 0.28
16 Cat No Yes No Yes Yes Yes 030 0.16 Yes Height <=0.15 0.25
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes : —

<=0. .
18 Caf No Yes No Yes Yes Yes 033 022 Yes He!ghT _O 16 0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes He!ghT <=0.17 0.28
20 Dog Yes Yes No No Yes No 053 035 Yes Height <=0.22 0.27
21 Dog Yes Yes No No Yes No 051 033 Yes Height <=0.26 0.31
21 Dog Yes Yes No No Yes No 051 033 Yes : <=
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes He{ghf _0'27 0.22
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes He!ghT <=0.29 0.18
23 Dog No No No No No No 052 026 Yes Height <=0.32 0.09
24 Dog Yes Yes No No Yes No 053 027 Yes Height <=0.33 0.04
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes : —

<=
27 Dog No Yes No No Yes No 0.58 0.29 Yes Height 0.35 0.00
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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https://arset.gsfc.nasa.gov/

Random Forests: Example

Squeak

ved \
-

Mouse (8)

Training Set
. Afraid . Likes
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese

12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

NASA's Applied Remote Sensing Training Program
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Random Forests: Example

Classification
Results Based on

Squeak

ved \
-

Mouse (8)

Split Points
Cat Dog

Yes 1 0

No 7 11

Gini Gain to Identify
Optimal Split

Evaluated
Split

Variable Points Gini

Cheese Yes or No 0.04

Training Set
Species|Barks | Pet |Squeaks |Meows | Collar o?flg?algs Length{Height Lt:::ie
12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

NASA's Applied Remote Sensing Training Program
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Random Forests: Example

Classification
Results Based on

Squeak

ved \
-

Mouse (8)

Split Points
Cat Dog

Yes O 8

No 8 3

Gini Gain to Identify

Training Set
Species|Barks| Pet] Squeaks|Meows Collarl o’:‘fgcggsllength Height Cl;:::ie
12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

Optimal Split
Evaluated
Split
Variable Points Gini
Cheese Yesor No 0.04
Barks  Yes or No 0.26

NASA's Applied Remote Sensing Training Program
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Random Forests: Example

Classification
Results Based on

Squeak

ved \
-

Mouse (8)

Training Set
. Afraid . Likes
Species Barks | Pet | Squeaks| Meows| Collar of Dogs ength Helghtlcheese

12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

Split Points
Cat Dog
Yes 8 10
No 0 1
Gini Gain to Identify
Optimal Split
Evaluated
Split
Variable Points Gini
Cheese Yes or No 0.04
Barks Yes or No 0.26
Collar Yesor No 0.02

NASA's Applied Remote Sensing Training Program
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Random Forests: Example

Gini Gain to Identify

Squeak

ved \
-

Mouse (8)

Training Set
. Afraid . Likes
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese

12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

Optimal Split
Evaluated
Split
Variable Points Gini
Cheese Yesor No 0.04
Barks  Yes or No 0.26
Collar Yesor No 0.02

NASA's Applied Remote Sensing Training Program

No

Cat (8)
Dog (11)
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Random Forests: Example

Gini Gain to Identify

Squeak

ved \
-

Mouse (8)

Training Set
. Afraid . Likes
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese

12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

Optimal Split
Evaluated
Split
Variable Points Gini
Cheese Yesor No 0.04
Barks YesorNo  0.26
Collar Yes or No 0.02

NASA's Applied Remote Sensing Training Program
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Cat (8)
Dog (11)
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Random Forests: Example

Squeak
Training Set /\
. Afraid . Likes Y.ES
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese / No
Mouse (8) \
Barks
Yes/\
12 Cat  No Yes No  No  Yes Yes 04 015 No Gini Gain to Identify e No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes Op’rlmol SplIT Do (8)
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes g
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Evaluated
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Split
16 Cat No Yes No Yes Yes Yes 030 0.16 Yes Variable Po?nis Gini Cat (8)
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes DOg (3)
18 Cat  No Yes No Yes Yes Yes 0.33 0.22  Yes Cheese YesorNo  0.04
20 Dog Yes Yes No No Yes No 053 035 Yes Barks YesorNo  0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes Collar Yes or No 0.02
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23  Dog No No No No No No 0.52 0.26 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Squeak

ved \
-

Mouse (8)

Training Set
. Afraid . Likes
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese

12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
23  Dog No No No No No No 0.52 0.26 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes

NASA's Applied Remote Sensing Training Program
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Random Forests: Example

Squeak
Training Set /\
. Afraid . Likes Y.e5
Species Barks Pet Squeaks Meows Collar of Dogs_Length Height Cheese / No
Mouse (8) \
Barks
Yes/\
12 _Cal  No Yes No No  Yes Yes 04 015 No / No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes DO (8)
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes g
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes COT (8)
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes DOg (3)

23  Dog No No No No No No 0.52 0.26 Yes
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Example

Squeak
Training Set /\
. Afraid . Likes Y.e5
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese / No
Mouse (8) \
Barks
Yes/\
12 _Cal  No Yes No No  Yes Yes 04 015 No / No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes DO (8)
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes g
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes R
16 Cat No Yes No Yes Yes Yes 030 O0.16 Yes Afraid of Dogs
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes Yes/\
/ N

Cat (8) O\

23 Dog No No No No No No 052 026 Yes Dog (3)
27  Dog No Yes No No Yes No 0.58 0.29 Yes
27 Dog No Yes No No Yes No 0.58 0.29 Yes
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3. Take the mode prediction of all trees (niree) to determine the final classification

Random Forests: Example
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Random Forests: Example

Original S -
i i uea
Species Barks Pet Squeaks Meows Collar o?flr)c:;s Length Height Chzzze 9
Y.es
i " No
Mouse \
Barks

/ No

“Dog \

Afraid of Dogs

%ﬁ Cat No Yes No Yes Yes No 035 024 Yes |
P
No

“COT” \

“Dog”

NASA's Applied Remote Sensing Training Program
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Random Forests: Example

Original
Species Barks Pet Squeaks Meows Collar Afraid Length Height Likes Meows
of Dogs Cheese
Y,es/\
< N

O
“Cat” \ 2 Cat

Afraid of Dogs

Yes
- NoO

“Mouse”

“DOgH

%ﬁ Cat  No Yes No Yes Yes No 035 024 Yes |

NASA's Applied Remote Sensing Training Program
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Random Forests: Example

Original Height
Species Barks Pet Squeaks Meows Collar o?flr)‘fgs Length Height Cﬂzzze ﬁg\
<=0.24 ] Do

' >0.24 .
HCGT” \ 2 COT
3 Cat

Barks

‘/Yes/ \
No
“Mouse” \
“Dog”

%ﬁ Cat  No Yes No Yes Yes No 035 024 Yes |
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Random Forests: Example
Original

Species Barks Pet Squeaks Meows Collar o‘?fl’bfgs Length Height ct\t::e m
Dog |
Cat
Cat
Mouse
Cat
Cat
Cat
Cat
Dog

Majority = Cat /

Final
Classification=
Cat

117 Cat No Yes No Yes Yes No 035 024 Yes |

O 00O N O O A WO —
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Random Forests: Example
Original

Afraid Likes

Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese

Dog
Cat
Cat
Mouse
Cat
Cat
Cat
Cat
Cat

Probability:
=2/3

=67%

117 Cat No Yes No Yes Yes No 035 024 Yes |

]
2
3
4
5
6
/
8
9

NASA's Applied Remote Sensing Training Program
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Random Forests: Example
Original

Afraid Likes

Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese nfree — 9

Dog
Cat
Cat
Mouse
Cat
Cat
Cat
Cat
Cat

117 Cat No Yes No Yes Yes No 035 024 Yes |

Ixooowo\ownoom~
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* Run the Out of Bag Samples down the tree and calculate the Out of Bag Error (for
a given tree)

Random Forests: Example
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Random Forests: Example

Species Barks Pet Squeaks Meows Collar o?fg:;gs Length Height Ct:c.l;:ie Squeok
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes
Mouse No No Yes No No Yes 0.18  0.09 Yes Y,eS
%ﬁv\ouse No No Yes No No Yes 0.13  0.06 Yes | / NO
(1] 1
Mouse No Yes  Yes No No Yes 0.13 006 Yes Mouse
5 Mouse No No Yes No No Yes 0.13 0.07 Yes
Mouse No No Yes No No Yes 0.11 0.05 Yes
Mouse No No Yes No No Yes 0.13 0.06 Yes BCI rI<s
Mouse No No Yes No No Yes 0.16 0.08 Yes
Mouse No No Yes No No Yes 0.15 0.08 Yes
10 Cat No Yes No Yes Yes Yes 031 0.19  Yes Yes
Remaining 11 Cat No Yes No Yes No Yes 0.38 0.20 Yes / NO
for internal 12 Cat No Yes No Yes Yes Yes 040 0.15 No “D "
accuracy < 13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes 09 \
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
9ssessmen’r 115 Cat No No No Yes No No 032 022 Yes |
~1/3 16 Cat No Yes No Yes Yes Yes 030 0.16 Yes Afraid of Dogs
117 Caf  No Yes No Yes Yes Yes 035 024 Yes |
18 Cat No Yes No Yes Yes Yes 0.33  0.22 Yes
|19 Dog Yes No  No No No No 058 0.33  Yes | Yes/\
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes / N
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes “ CO.I.H o
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No No No 0.52 0.26 Yes \
24 Dog _Yes Yes No No Yes No 0.53 __0.27 Yes
25 Dog Yes Yes No No Yes No 0.37 0.16 Yes i Dog "
26 Dog Yes Yes NoO No Yes No 0.53 0.29 Yes
\_27 Dog Yes Yes No No Yes No 058 029 Yes
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Random Forests: Example

. Afraid . Likes Squeak
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese 9
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes
2 Mouse No No Yes No No Yes 0.18  0.09 Yes Y,eS
| 3 Mouse No No Yes No No Yes 0.13 006 Yes | N . NoO
4 Mouse No Yes Yes No No Yes 0.13 006 Yes Mouse
5 Mouse No No Yes No No Yes 0.13 0.07 Yes
6 Mouse No No Yes No No Yes 0.11 0.05 Yes %
7 Mouse No No Yes No No Yes 0.13 0.06 Yes BCI rI<s
8 Mouse No No Yes No No Yes 0.16 0.08 Yes
Mouse No No Yes No No Yes 0.15 0.08 Yes
Cat  No Yes No Yes Yes Yes 0.31 0.19  Yes Yes
Remaining Cat No Yes No Yes No Yes 0.38 0.20 Yes / NO
for internal Cat  No Yes No Yes Yes Yes 040 0.15 No “D "
accuracy < 13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes 09 \
" Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
assessmen Cat  No No  No Yes No |Nok 032 022 Yes |
~1/3 Cat No Yes No Yes Yes Yes " 0.16 Yes Afraid of Dogs
Cat No Yes No Yes Yes Yes  0.35 4 Yes |
Cat No Yes No Yes Yes Yes 0.33
|19 Dog Yes No  No No No No  0.58
20 Dog Yes Yes No No Yes No 0.53
21 Dog Yes Yes No No Yes No 0.51
22 Dog Yes Yes No No Yes No 0.16
23 Dog No No No No No No 0.52
24 Dog Yes Yes No No Yes No 0.53
25 Dog Yes Yes No No Yes No 0.37
26 Dog Yes Yes NoO No Yes No 0.53 .
\_27 Dog Yes Yes No No Yes No 058 029 Yes
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Random Forests: Example

Species Barks Pet Squeaks Meows Collar o?fg:;gs Length Height Ct:c.l;:ie Squeok
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes
2 Mouse No No Yes No No Yes 0.18  0.09 Yes Y,eS
| 3 Mouse No No Yes No No Yes 0.13 006 Yes | N . NoO
4 Mouse No Yes Yes No No Yes 0.13 006 Yes Mouse
5 Mouse No No Yes No No Yes 0.13 0.07 Yes
6 Mouse No No Yes No No Yes 0.11 0.05 Yes %
7 Mouse No No Yes No No Yes 0.13 0.06 Yes BCI rI<s
8 Mouse No No Yes No No Yes 0.16 0.08 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes
10 Cat No Yes No Yes Yes Yes 031 0.19  Yes Yes
Remaining 11 Cat No Yes No Yes No Yes 0.38 0.20 Yes / N
for internal 12 Cat No Yes No Yes Yes Yes 040 0.15 No “D " o
accuracy < 13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes 09 \
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
9ssessmen’r 115 Cat No No No Yes No No 032 022 Yes |
~1/3 16 Cat No Yes No Yes Yes Yes 030 0.16 Yes Afraid of Dogs
17  Cat No Yes No Yes Yes Yes 035 0.24 Yes |
Cat No Yes No Yes Yes Yes 0.33  0.22 Yes
Dog Yes No  No No No No 058 0.33  Yes | Yes/\
Dog Yes Yes No No Yes No 0.53 0.35 Yes / N
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes “ CO.I.H o
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No No No 052 026 Yes % % \
Dog _Yes Yes No No Yes No 0.53 __0.27 Yes
Dog Yes Yes No No Yes No 0.37 0.16 Yes % “DO "
Dog Yes Yes NoO No Yes No 0.53 0.29 Yes
\ Dog Yes Yes No No Yes No 058 029 Yes
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Random Forests: Example

. Afraid . Likes Squeak
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese 9
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes
2 Mouse No No Yes No No Yes 0.18  0.09 Yes Y,eS
| 3 Mouse No No Yes No No Yes 0.13 006 Yes | N . NoO
4 Mouse No Yes Yes No No Yes 0.13 006 Yes Mouse
5 Mouse No No Yes No No Yes 0.13 0.07 Yes
6 Mouse No No Yes No No Yes 0.11 0.05 Yes %
7 Mouse No No Yes No No Yes 0.13 0.06 Yes BCI rI<s
8 Mouse No No Yes No No Yes 0.16 0.08 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes
10 Cat No Yes No Yes Yes Yes 031 0.19  Yes Yes
Remaining 11 Cat No Yes No Yes No Yes 0.38 0.20 Yes / N
for internal 12 Cat No Yes No Yes Yes Yes 040 0.15 No “D " o
accuracy < 13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes 09 \
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
9ssessmen’r 115 Cat No No No Yes No No 032 022 Yes | ' '
~1/3 16 Cat No Yes No Yes Yes Yes 030 0.16 Yes Afraid of Dogs
117 Caf  No Yes No Yes Yes Yes 035 024 Yes |
18 Cat No Yes No Yes Yes Yes 0.33  0.22 Yes
|19 Dog Yes No  No No No No 058 0.33  Yes | Yes/\
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes / N
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes “ CO.I.H o
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No No No 052 026 Yes % % \
24 Dog _Yes Yes No No Yes No 0.53 __0.27 Yes
25 Dog Yes Yes No No Yes No 0.37 0.16 Yes % “DO "
26 Dog Yes Yes NoO No Yes No 0.53 0.29 Yes
\_27 Dog Yes Yes No No Yes No 058 029 Yes
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Random Forests: Example

— —— Squeak Out of Bag Error is
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese q ]O% for ThIS free
f 1 Mouse No Yes Yes No No Yes 0.14  0.07 Yes
2 Mouse No No Yes No No Yes 0.18  0.09 Yes YeS -m-m
| 3 Mouse No No Yes No No Yes 0.13  0.06 Yes y 3
4 Mouse No Yes Yes No No Yes 0.13 0.06  Yes MOUS@
5 Mouse No No  Yes No No Yes 0.13 007 Yes - 0 3 ]
6 Mouse No No Yes No No Yes 0.11 0.05 Yes % 0 0 3
7  Mouse No No Yes No No Yes 0.13 0.06 Yes DUI -
8 Mouse No No Yes No No Yes 0.16 0.08 Yes
9 Mouse No No Yes No No Yes 0.15 0.08 Yes
10 Cat No Yes No Yes Yes Yes 0.31 0.19 Yes Ye
Remaining 11 Cat No Yes No Yes No Yes 0.38 0.20 Yes /
for internall 12 Cat No Yes No Yes Yes Yes 0.40 0.15 No “D
accuracy .< 13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes 09 \
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
?ssessmen’r 115 Caf No No No Yes No No 032 022 Yes | a '
~1/3 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes Afraid of Dogs
117 Caf  No Yes No Yes Yes Yes 035 024 Yes |
18 Cat No Yes No Yes Yes Yes 0.33  0.22 Yes
[79 Dog Yes No _ No No No _ No 058 033  Yes | Yes/\
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes /
21 Dog Yes Yes No No Yes No 0.51 0.33 Yes “CCIT”
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No No No 052 026 Yes %ﬁ % \
24 Dog Yes Yes No No Yes No 0.53  0.27 Yes
l 25 Dog Yes Yes No No Yes No 0.37 0.16 Yes % “DO "
26 Dog Yes Yes No No Yes No 0.53 0.29 Yes
\_27 Dog Yes Yes No No Yes No 058 029 Yes

NASA's Applied Remote Sensing Training Program
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Meows

Yes

Collar

Random Forests: Example 7\

“Mouse”

« Calculate the overall Out of Bag Error N

/
“Dog” \ "Dog” \

nTree (=9) Majority Vote

Species 1 2 3 4 5 6 7 9 Mouse  Cat Dog
Yes Yes <=0.08
1 Mouse.
I % - / No / No / >0.08

1

—— TS
oues |

oog

/
Cat | Dog | Error |
1

0 10%

NASA's Applied Remote Sensing Training Program
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“Cat" \

Yes

/

No
“Mouse”
Ye&
/ No
“Dog” \

“Caf

No

“Cat”

“Dog"

<=0:24
>0.24
“Mouse”
Height
<=0.22
/ >0.22
‘Cat”

“Dog"

“cat”



https://arset.gsfc.nasa.gov/

Random Forests: Example

Decrease in Accuracy
= 90% — 40%

5. Calculating the Mean Decrease in Accuracy (MDA) = 50%
— Values permuted across all tfrees
— Average decrease in accuracy; normalize by standard deviation

Originall Original Out of Bog Accuracy 90%
. Afraid . Likes Le N g Th
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese
1 Mouse No Yes Yes No No Yes 0.07 Yes

Mouse  No No Yes No No Yes 0.09  Yes <=024
Mouse No No Yes No No Yes 0.31 0.06 Yes |
Mouse No Yes Yes No No Yes 0.06 Yes
> 0.24

Cat No Yes No Yes Yes Yes 0.15 No
Cat No Yes No Yes Yes Yes 0.17 Yes

Cat No No No __ Yes No No 035 022  Yes | Yes

Cat No Yes No Yes Yes Yes 0.16 Yes / m O 3 O

Cat No Yes No Yes Yes Yes 0.13 0.24 Yes | NO

Cat No Yes No Yes Yes Yes 0.22 Yes qu- '| 3 O
Dog Yes No No No No No 058 033 Yes |

Dog Yes Yes No No Yes No 0.35 Yes 2 O -I
Dog Yes Yes No No Yes No 0.33 Yes 1 Dog ikl

5 Mouse No No Yes No No Yes 0.07 Yes
Mouse No No Yes No No Yes 0.05 Yes
Mouse No No Yes No No Yes 0.32 0.06 Yes
Mouse No No Yes No No Yes 0.38 0.08 Yes
Mouse  No No Yes No No Yes 0.08 Yes i Mouse”
Cat No Yes No Yes Yes Yes 0.37 0.19 Yes .
Cat  No  Yes No  Yes No  Yes 053 020 Yes Barks Out of Bay Accuracy After Permutation 40%
13
21

22 Dog Yes Yes No No Yes No 0.32 Yes
2 Dog No No No No No No 0.26 Yes
Dog Yes Yes No No Yes No 0.27 Yes
Dog Yes Yes No No Yes No 0.13 0.16 Yes 0 COT”
Dog Yes Yes No No Yes No 0.16 0.29 Yes
Dog Yes Yes No No Yes No 0.29 Yes

T RuigiwhlgRetmDiatd

Length Data
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Random Forests: Hands on Demonstration of Crop Classification ﬂ

1. Install the latest version of R and RStudio
— https://cran.r-project.org/bin/windows/base/
— hitps://www.rstudio.com/products/rstudio/download/

2. Open Rstudio

h NASA's Applied Remote Sensing Training Program
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Random Forests: Hands on Demonsiration

3. Install (raster, randomForest, sp, rgdal)
4. Load (raster, randomForest, sp, rgdal)

@ Rstudio - O %
File Edit Code View Plots Session Build Debug Profile Tools Help
O - 0gls H P unction « Addins * B project: (None) =
©] untitied1* —[T]  Environment History Connections =0
i (sourceonsave | @ /- +Run | " Source - #* |3 | 52 Import Dataset ~ | & List - -
1 7} Global Enviranment ~
D predictions Formal class RasterLayer -
D Predictor_bata Formal class Rasterstack
r_tree List of 18
D Training Formal class spatialPointsDataFrame
Training_pata num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034 ...
D validation Formal class spatialpointsDatarrame
validation_Data num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...
values
c 6L
confusiomnMatrix "table' int [1:6, 1:6] 37 01 04 805000 ...
kappa 0.788 -
Files Plots Packages Help Viewer =0
Ol install | @ update
o Tz & Gerie Mame Description Version
User Library
Console  Terminal Jobs -] R
i . assertthat Easy Pre and Post Assertions 021
;"{‘1. br a;_;"‘(?f;dompora:t) backporis Reimplementations of Functions Introduced Since R-3.0.0 114
basefdenc Tools for basef4 encoding 01-3
BH Boost C++ Header Files 1.69.0-1
cli Helpers for Developing Command Line Interfaces 110
coin Conditional Inference Procedures in a Permutation Test 13-0
Framework
colarspace A Toolbox for Manipulating and Assessing Colors and Palettes  14-1
crayon Colored Terminal Qutput 134
crosstalk Inter-Widget Interactivity for HTML Widgets 100
datatable Extension of "dataframe” 1122
digest Create Compact Hash Digests of R Objects 06.19
dplyr A Grammar of Data Manipulation 0481
ot A Wrapper of the JavaScript Library ‘DataTables 06
dtphyr Data Table Back-End for ‘dplyr’ 003
evaluate Parsing and Evaluation Tools that Provide More Details than the 014
Default
fansi ANSI Control Sequence Aware String Functions. 04.0
FGalh Evtamcinn +n nnnlnt? 140 -
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Random Forests: Hands on D

5. Set the Working Directory

emonstration

eRStudlo
File Edit Code View Plots Session Build Debug Profile Toels Help
O -0l - R = A 6o

e/function - Addins ~

@] Untitled1*

- (sourceansave | G, A =

14 #4) 1dentify which columns contain coordinate information
15 coordinates(Training)<- ~Point_X+Point_Y
16 coordinates(validation)<- ~Point_x+Point_v

19 #5) set the projection of the point data

24 #6) Extract training data from the raster
25 Training_pata <- raster::extract(inraster, Training)

EH | (Top Level) &
Console  Terminal Jobs

C:/NASA_COURSE/
> #1) set the working directory
> setwd('C: /NASA_COURSE ")

s

20 proj4string(Training)<- CRS("+proj=utm +zone=14 sdatum=WGS84 +units=m +no_defs +ellps=wGs84 +towgs84=0,0,0
21 projdstring(validation)<- CRS("+proj=utm +zone=14 +datum=wWG584 +units=m +no_defs +e11ps=wGS84 +towgs84=0,0

o | Environment  History  Connections

*Run | % Source ~

1 #1) set the working directory ~ | | i Global Environment =
2 setwd('C:/NASA_COURSE") = =
3 pata

4 ©inraster

5 #2) Create a raster object

6 dinraster <- raster::stack( 0_RASTER/RS2_TSX_Sentinel_1_30m_utM.tif ')

o

7

8 #3) set the path to the training data; a csv file containing class Tlabels (class)

9 #and Easting (POINT_X) and Northing (POINT_Y) information

10 Training <- read.csv("1_TRAIN_VAL_FINAL_FINAL/TRAINING.csv', header=TRUE, sep = ",")

11 walidation =- read.csv('1_TRAIN_WAL_FINAL_FINAL/WVALIDATION.csv', header=TRUE, sep = ",")

12

13

Files Plots  Packages
B 6 install | @ Uodate
) g,") Mame
User Library
assertthat
- backports
BEands baseddenc
== BH
di

coin

colorspace
crayon
crasstalk
data.table
digest
dplyr

oT

dtphyr

evzluate

fansi
GRalhe

2 | | B2* import Dataset ~ |

’

Formal class Rasterstack

Help Viewer

Description

Easy Pre and Post Assertions

Reimplementations of Functions Introduced Since R-2.0.0
Tools for based enceding

Boost C++ Header Files

Helpers for Developing Command Line Interfaces

Conditional Inference Procedures in a Permutation Test
Framework

A Toolbox for Manipulating and Assessing Celors and Palettes
Colored Terminal Output

Inter-Widget Interactivity for HTML Widgets

Extension of ‘data.frame”

Create Compact Hash Digests of R Objects

A Grammar of Data Manipulation

A Wrapper of the JavaScript Library 'DataTables

Data Table Back-End for 'dplyr’

Parsing and Evaluation Tocls that Provide More Details than the
Default

AMSI Control Sequence Aware String Functions

Evtenszinn tn 'nanlnt?

Version

0z
114
01-3
1.69.0-1
110
13-0

141
124
100
1122
0.6.19
0.8.1
0.6
003
014

04.0
140

O X

S Project: (None) =

=0

List = =

=0
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Random Forests: Hands on

6. Create araster object

emonstration

eRStudlo
File Edit Cede View Plots Session Build Debug Profile Tools Help
O - 08 & HRI = A cotofie

unction - Addins ~

@] Untitled1*

i (Clsourceonsave | G #° =

#1) set the working directory
setwd('C:/NASA_COURSE ")

#2) Create a raster object

[N T I SN

#and Easting (POINT_X) and Northing (POINT_Y) information

11 wvalidation <- read.csv("1_TRAIN_VAL_FINAL_FINAL/VALIDATION.cCsV",

14 #4) rdentify which columns contain coordinate information
15 coordinates(Training)<- ~Point_X+Point_y
16 coordinates(validation)<=- ~Point_x+Point_Y

19 #5) set the projection of the point data

24 #6) Extract training data from the raster
25 Traiming_pata <- raster::extract(inraster, Training)

&l (Top Level) &
Console  Terminal Jobs

C:/NASA_COURSE/S

> #1) set the working directory

= setwd('C: /NASA_COURSE ')

= #2) Create a raster object

> inraster =- raster::stack({ O_RASTER/RSZ_Tsx_Sentinel_1_30m_uUTM.tif")
>

inraster <- raster::stack( 0_RASTER/RS2Z_TSx_sentinel_1_30m_uTM.Tif")
E32) set the path to the training data; a csv file containing class labels (class)

10 Traiming <- read.csv('1_TRAIN_VAL_FIMAL_FINAL/TRAINING.csv', header=TRUE, sep = ",

20 proj4string(Training)<- CRS("+proj=utm +zone=14 +datum=WGSB4 +units=m +no_defs +ellps=wWGS84 +towgs84=0,0,0"
21 proj4string(validation)<- CRS("+proj=utm +zone=14 +datum=wGS84 +units=m +no_defs +ellps=wEs84 +towgs84=0,0,

o | Environment

= Run | (= Source =

pata
@ inraster

)

Files  Plots

= 5 #* Import Dataset = | &

History  Connections
’

1 Global Environment ~

Formal class Rasterstack

Packages Help  Viewer

Ol install | @ update

é_‘) MName
User Lil
assertthat
- backports
R Seript £ basefidenc
=0 BH
cli

coin

colorspace
crayon
crasstalk
data.table
digest
dplyr

oT

diphyr

evaluate

fansi
GGalhe

Description

Easy Pre and Post Assertions
Reimplementations of Functions Introduce
Tools for based encoding

Boost C++ Header Files

Helpers for Developing Command Line Inte)

Conditional Inference Procedures in a Perm|
Framework

A Toolbox for Manipulating and Assessing
Colored Terminal Cutput

Inter-Widget Interactivity for HTML Widget!
Extension of ‘data.frame’

Create Compact Hash Digests of R Objects
A Grammar of Data Manipulation

A Wrapper of the JavaScript Library 'DataTa)
Data Table Back-End for 'dphyr'

Parsing and Evaluation Teols that Provide M
Default

ANSI Contral Sequence Aware String Functi

Futenzinn ta ‘nanlat 2
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Random Forests: Hands on Demonsiration

/. Read tfraining and validation data (csv files)

Barley,579287.
Barley,588921.
Barley,588873.
Barley,578554.

92700500000, 5522104 98185000000
47843908000, 5521307. 70286000000
839083000008,5519735. 12168000000
09194800008, 5521235, 22894000000

) Rstudio m] s
File Edit Code View Plots Session Build Debug Profile Tools Help
O - - H Go e/function = Addins = & project: (None) =
@ | Untitled1* =] Environment  History  Connections =
[H CJSourceonsave | G #° « +Run | Source v = = [ | 77 import Dataset ~ | & List * -
1 #1) set the working directory " Global Envi ..
2 setwd('C:/MASA_COURSE') 1 ool Enuronment
3 Data
4 ) b Dinraster Formal class Rasterstack
5 #2) Create a raster object = P :
6 inraster <- raster::stack(’ 0_RASTER/RS2_Tsx_sentinel_1_30m_utM.Tif") GTraining 132 obs. of 3 variables
7 @validation 300 obs. of 3 variables
8 #3) Set the path to the training data; a csv file containing class Tabels (Class)
9 #and Easting (POINT_X) and Northing (POINT_Y) information
10 Training <- read.csv('1_TRAIN_VAL_FINAL_FIMNAL/TRAINING.csv', header=TRUE, sep = '
11 validation <- read.csv("1_TRAIN_VAL_FINAL_FINAL/VALIDATION.csv', header=TRUuE, sep = ",") |
12
13
14 #4) Identify which columns contain coordinate information
15 coordinates(Training)<- ~Point_x+Point_v
16 coordinates(validation)<- ~Point_x+Point_Y
18 Files Plots Packages Help Viewer =
19 #5) set the projection of the point data . Bl install QUEda:e
20 proj4string(Training)<- crs("+proj=utm +zone=14 sdatum=wGs84 +units=m +no_defs +ellps=wGS84 +towgs84=0,0,C
21 proj4string(validation)<- CRS("+proj=utm +zone=14 +datum=wG584 +units=m +no_defs +ellps=wG584 +towgs84=0,0) 7 TRAINING - Notepad ] X
22
23 File Edit Format View Help
24 #B6) Extract training data from the raster 'klaSS.PDi“t_X.PDi“t_Y ~
25 Training_pata <- raster::extract(inraster, Training) Barley,571228.62604700000,5516387. 57217000000
1791 Top LE\Irél] - Barley,573654.53761200000,5519554, 46566000000
: Barley,573534.36171600000,5519458 . 88559000000
Console  Terminal Jobs Barley,573512.37732300000,5519589. 39045000000
T, BT Barley,579210.63736600000,5521301. 38413000000
‘.#].) é * th. orki di t Barley,579383.19567906000,5521339. 72647000000
z 'setwdi‘C,K:A"S‘?C;BES;.;QC ory Barley,579272. 99965400008, 5521249 . 23472600008
> #2) Create a raster object Barley,580160.04255600000,5521221. 61765808000
> inraster <- raster::stack( 0_RASTER/RS5Z_Tsx_sentinel_1_30m_utM.tif') Barley,5800894. 146626808000, 5521159. 34324800000
> #3) set the path to the training data; a csv Tile containing class labels (cClass) Barley,580024.44461900000,5521284. 84166000000
> #and Easting (POINT_X) and Northing (POINT_¥) information Barley,581088. 24412400000,5515604 . 72256000000
= Training <- read.csv('1_TRAIN_VAL_FIMAL_FINAL/TRAINING.csv', header=TRUE, sep = ",") Barley,574437.94387000000,5519484 . 989a%a0a000
> validation <- read.csv("1_TRAIN_VAL_FINAL_FINAL/VALIDATION.csv', header=TRUE, sep = ",") Barley,574439.60313100000,5519629. 23260000000
=S

evaluate

fansi
GfRalle

Parsing and Evaluation Tools that Provide Mare Details than the

Default
ANSI Control Sequence Aware String Functions

Futancinn tn ‘nonlat 2

014

0.4.0
140
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Random Forests: Hands on Demonsiration

8. Identify which columns from the csv files contain coordinate information

¢ RStudio - m] *
File Edit Code View Plots Session Build Debug Profile Tools Help
o -0k - H B Go to fileffunction = Addins = Bl project: (None) =
@ | Untitled1* =] Environment  History  Connections =]
H SourceonSave | O - +Run | Source ~ =yl | #* Import Dataset * ¥ List = -
1 #1) set the working directory o
Global Environment =
2 setwd({'C:/NASA_COURSE') =
3 pata
4 D inraster Formal class Rasterstack
5 #2) Create a raster object - . A
6 dinraster <- raster::stack(’'0_RASTER/RSZ_Tsx_sentinel_1_30m_umm.Tif") Training Formal class spatialpointspatarrame
7 Dvalidation Formal class spatialpointsDatarrame
8 #3) set the path to the training data; a csv file containing class Tabels (Class)
9 #and Easting (POINT_X) and Northing (POINT_Y) information
10 Training <- read.csv('1_TRAIN_VAL_FINAL_FIMNAL/TRAINING.csv ', header=TRUE, sep = "
11 wvalidation <- read.csv("1_TRAIN_VAL_FINAL_FINAL/VALIDATION.csv', header=TRUE, sep = ",")
12
13
14 #4) Identify which columns contain coordinate information
15 coordinates(Training)<- ~Point_x+Point_v " TRAINING - Notepad — [m] x
16 coordinates(validation)<- ~Point_x+Point_Y
17 File Edit Format View Help
18 | Ik1ass,Point_X,Point_Y A =
19 #5) set the projection of the point data Barley,571228.62604700000@,5516307.57217000000

20 proj4string(Trainingl<- CrRS("+proj=utm +zone=14 +datum=wGs84 +units=m +no_defs +ellps=wGs84 +Towgs§Barley,573654.53761200000,5519554. 46566000000
21 proj4string(validation)<- CRS("+proj=utm +zone=14 +datum=wG584 +units=m +no_defs +ellps=wG584 +towliBarley,573534.36171000008,5519458. 88559000000

22 Barley,573512. 37732300000, 5519589 . 39945000000
= . ) . ) Barley,579210. 53736680008, 5521301 . 38413000000
24 #6) Extract training data from the raster Barley,579303. 19567980088, 5521339, 72647600060

25 Training_pata <- raster::extract(inraster, Training)

== Barley,579272.99966400000,5521249. 23472000000
181 (Top Level) 3

Barley,580100.04255600000,5521221. 61705000000
Barley,580094.14662600000,5521159. 34324000000
Barley,580024.44461900000,5521284. 84166000000
Barley,581088.24412400000,5515604. 72286000000

Console  Terminal Jobs

C:/NASA_COURSE/

= #1) Set the working directory Barley,574437.94387600000,5519484. 98969800000

> setwd('C:/NASA_COURSE") Barley,574439.60631310006@,5519629. 23268000000

> #2) Create a raster object Barley,579207.927085808000, 5522104 . 93185600008

> inraster <- raster::stack('0_RASTER/RSZ_T5X_sentinel_1_30m_UTM.tj Barley,580921.4734390000@, 5521307 . 70236000000

> #3) set the path to the training data; a csv file containin 55 labels (class) Barley,589873. 83908300000, 5519735 . 12168000000

> #and easting (PoINT_x) and northing (PoINT_¥) informati ’ ) ’ )

> Training <- read.csv( 1_TRATN_VAL_FINAL_FINAL/TRAT #Csv’, header=TRUE, sep = °,") E::}fz’gzﬁi' 222‘;’222222' 223&232'23?282222

= validation <- read.csv( 1_TRAIN_VAL_FINAL_FINA| IDATION.csv', header=TRUE, sep = ",") Banlee o Rdld ARSI ARRRA0AR.222 0040 2201 AAAARAD

= #4) Identify which columns contain coordi Tnformation digest Create Compact Hash Digests of R Objects 0.6.1%

> coordinates(Training)<- ~Point_X+Point_Y dilyr A Grammar of Data Manipulation 0.8.1

> coordinates(validation)=<- ~Point_x+Point_y P p - ,

> oT A Wrapper of the JavaScript Library 'DataTables 0.6
dtplyr Data Table Back-End for 'dplyr’ 0.03
evaluate Parsing and Evaluation Tools that Provide Mare Details than the  0.14

Default

fansi ANSI Control Sequence Aware String Functions 0.4.0
GEally Extancinn tn 'nonlnt? 140 e
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Random Forests: Hands on Demonsiration

9. Define the projection of the point data in the csv files

C:/NASA_COURSE/

#1) Set the working directory

setwd(C:/NASA_COURSE')

#2) Create a raster object

inraster <- raster::stack{ 0_RASTER/RS2Z_TSX_sentinel_1_30m_uTM.tif")

#3) set the path to the training data; a csv file containing class Tabels (class)

#and Easting (POINT_x) and Northing (POINT_Y) information

Training <- read.csv{'1_TRAIN_VAL_FINAL_FINAL/TRAINING.csv', header=TRuUE, sep = ",")
validation <- read.csw("1_TRAIN_VAL_FINAL_FINAL/VALIDATION.csv", header=TRuE, sep = ",")

#1) Tdentify which columns contain coordinate information

coordinates (Training)<- ~Point_x+Point_y

coordinates{validation)<- ~Point_x+pPoint_Y

#5) Set the projection of the point data

projdstring(Trainingl<- CRS("+proj=utm +zone=14 +datum=wGs84 +units=m +no_defs +ellps=wGs84 +towgs84=0,0,0")
proj4string(validation)<- CRS{"+proj=utm +zone=14 +datum=wGS84 +units=m +no_defs +ellps=wG584 +towgs84=0,0,07)

VOOV WY W WY Y WY VWY

= Run

() Rstudio
File Edit Code View Plots Session Build Debug Profile Tools Help
Q- HBEH o G unction ~ Addins ~
97 Untitled1*
: [H [scurceonsave | O A -
11 walidation <- read.csv( 1_TRAIN_VAL_FINAL_FINAL/WALIDATION.cCsv', header=TRUE, sep = ",")
12
13
14 #4) Identify which columns contain coordinate information
15 coordinates(Training)<- ~Point_x+Point_y
16 coordinates(validation)<- ~Point_x+Point_Y
17
18
19 #5) set the projection of the point data
20 proj4string(Training)<- CRS("+proj=utm +zone=14 +datum=wG584 +units=m +no_defs +ellps=wGs84 +towgsB4=0,0,0")
21 proj4string(validation)<- CRS("+proj=utm +zone=14 +datum=wGs84 +units=m +no_defs +ellps=wGs84 +towgs8fi=0,0,0")
22
23
24 #6) Extract training data from the raster
25 Training_pata <- raster::extract(inraster, Training)
26 Training_response <- as.factor(Trainingiclass)
27
28
29 #7)select which variables from the raster stack to use in your model
30 selection <- c(1:22)
31 Predictor_pata =<- Training_patal,Selection]
32
33
34 #8) create and save the forest
35 r_tree <- randomrorest(Predictor_pata, y=Training_rResponse, ntree = 1000, keep.forest=TRUE, importance = TRUE
21:102 | (Top Level) =
Console  Terminal Jobs

= ] Environment  History

il d Source = Tl |

- Tk Global Enviranment

pata

D inraster
D Training

D validation

Files  Plots Packages

@ Update

Bl insta
Name

User Library
assertthat

na.action=na.omit) - backports

R Seript =

=0

basefdenc
EH
cli

coin

colorspace
crayon
crosstalk
data.table
digest
dplyr

CoT

diplyr

evaluate

fansi
GGalhy

Connections.

"2

#* Import Dataset = | &

Formal class RasterStack
Formal class spatialPointsDataFrame
Formal class spatialpointspataFrame

Help  Viewer

Description

Easy Pre and Post Assertions

Reimplementations of Functions Introduced Since R-3.0.0
Tools for base64 encoding

Boost C++ Header Files

Helpers for Developing Command Line Interfaces

Conditional Inference Procedures in a Permutation Test
Framework

A Toolbox for Manipulating and Assessing Colors and Palettes
Colored Terminal Cutput

Inter-Widget Interactivity for HTML Widgets

Extension of "dataframe’

Create Compact Hash Digests of R Objects

A Grammar of Data Manipulation

A Wrapper of the JavaScript Library ‘DataTables

Data Table Back-End for ‘dplyr'

Parsing and Evaluation Tools that Provide Mare Details than the
Default

ANSI Control Sequence Aware String Functions

Futensinn tn ‘nanlnt?

Version

0z
114
01-3
1.69.0-1
11.0
13-0

14-1
134
100
1122
0.6.19
081
0.6
003
0.14

04.0
140

O

X

R Project: (None) =

List =

=0

=0
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Random Forests: Hands on Demonsiration

10. Extract the training data (values of each raster band coincident with point data)

RStudio - m] *
File Edit Code View Plots Session Build Debug Profile Tools Help
o - OR - H B = Addins = Bl project: (None) =
@ | Untitled1* =] Environment  History  Connections =]
H SourceonSave | O - = Run | " Source * 2 & | 77 import Dataset = | & List = -
23 e I
L. Global Env te
24 #6) Extract training data from the raster G
25 Training_Data <- raster::extract(inraster, Training) Data
26 Training_Response <- as.factor(Trainingiclass) O inraster Formal class RasterStack
-
g'B O Training Formal class spatialpointsbDatarrame
29 #7)select which variables from the raster stack to use in your model Training_bata num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034
30 selection <- c(1:22) . O validation Formal class spatialpointspatarrame
31 pPredictor_pata =- Training_batal,selection]
32 values
32 Training_Response Factor w/ 6 levels "Barley","canola",..: 11111111
34 #B) Ccreate and save the forest
35 r_tree <- randomForest(Predictor_pata, y=Training_response, ntree = 1000, keep.forest=TrRUE, importance = TRUE, na.action=na.omit)
36
37
38 #9) see the out of Bag Confusion Matrix
39 r_tree
40 Files Plots Packages Help Viewer =
41 O instal Update
42 #10) print the variable importance (Mean Decrease in Accuracy; for Gini Index type = 2) @ upas: - —
43 dimp <- importance(r_tree, type = 1) [ Descaplion LEE
44 imp User Library
45
46 assertthat Easy Pre and Post Assertions 021
47 #11) Extract values to be used for independent validation .. - backports Reimplementations of Functions Introduced Since R-3.0.0 114
2848 | (Top Level) < R Seript ¢ base@denc Tools for baseéd enceding 0.1-3
Console  Terminal - Jobs - BH Boost C++ Header Files 1.69.0-1
C:/NASA COURSE/ cli Helpers for Developing Command Line Interfaces 1.1.0
> se:cwd( "C:/NASA, COUESE D) ’ a coin Conditional Inference Procedures in a Permutation Test 1.3-0
> #2) Create a raster object Framewark
> inraster <- raster::stack("0_RASTER/RS2Z_TSx_sentinel_1_30m_utm.tif') colarspace A Toolbox for Manipulating and Assessing Colors and Palettes 14-1
> #_3) set the path to the treﬂmngldata; a csv f1.'le containing class Tlabels (class) crayen Colored Terminal Cutput 134
> #and Easting (POINT_X) and northing (POINT_Y) information
> Training <- read.csv('1_TRATN_VAL_FTINAL_FTNAL /TRATNING. csv", header=TRUE, sep = ",") crosstalk Inter-Widget Interactivity for HTML Widgets 1.00
= va])id‘:-j\tionf<— ;eaﬂ. cs;-‘('l_TRAIN_VAL_FI\SL_FII\AL/:ALIDATION. csv', header=TRUE, sep = ",") data.table Extension of ‘dataframe” 112.2
= #4) Identify which columns contain coordinate information " .
> coordinates(Training)<- ~Point_x+Point_¥ digest Create Compact Hash Digests of R Objects 0.6.19
> coordinates(validation)<- ~Point_x+Point_y dplyr A Grammar of Data Manipulation 0.8.1
> #5) set the projection of the point data oT AW ; T p
. : s s " . . " the JavaScript Libs DataTabl 0.6
> projd4string(Training)<- crs{"+proj=utm +zone=14 +datum=wGs84 +units=m +no_defs +ellps=wWGS84 +towgs84=0,0,0") TAPPET OTINe Javascript Library Latalabies
> proj4string(validation)<- CRS("+proj=utm s+zone=14 +daTum=wGs84 +units=m +no_defs +ellps=wGsS84 +TowgsB84=0,0,0") diplyr Data Table Back-End for ‘dplyr' 00.3
> #6) Extract training data from the raster . evaluate Parsing and Evaluation Tools that Provide More Details than the .14
> Training_bata =- raster::extract(inraster, Training) Default
z Training_Response <- as.factor(Training§class) fansi ANSI Control Sequence Aware String Functions 0.4.0
GEally Extancinn tn 'nonlnt? 140 e
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11. Select which variables to use in the model

VH_TSX_20160726_mst_26Jul2016

Random Forests: Hands on Demonsiration

VH_S1A 20160731 slv19_31Jul2016

RStudio
File Edit Code View Plots Session Buld Debug Profile Tools Help VV_TSX 20160726 _mst_26Jul2016
O -l%ml&-H B Go to file/function - Addins ~
9] Untitled1* VH—TSX—20160726—S|V1—26Ju|2016 o | Environment  History  Connections
L, s R VV_TSX_20160726_slv2_26Jul2016 |~ 70 “reowes
24  #6) Extract training data from the raster Dat?wal Frrenmern:
25 Training_pata <- raster::extract(inraster, Training)
26 Training_Response <- as.factor(Trainingiclass) HH_RSZ_20160703_S|V3_01J3n2000 @ inraster Formal class RastersStack
27 : -
Predictor_bData num [1:132, 1:22] 0.0374 0.
28
29 #7) select which variables from the raster stack to use in your HV—RSZ—ZO160703—SIV4—01Jan2000 @ Training Formal class spatialpointsD
30 selection <- c(1:22) . Training_bata num [1:132, 1:22] 0.0374 0.
i% Predictor_pata <- Training_pata[,selection] VH_RSZ_ZO160703_S|V5_01Jan2000 D validation Formal class spatialPointsD
33 values
34 #8) create and save the forest VV RSZ 20160703 S|V6 Oljanzooo selection int [1:22]1 1234567 8
35 r_tree <- randomForest(Predictor_pata, y=Training_response, ntr — — — — na. omit) Training_response Factor w/ 6 levels "Barley”
36
37 HH_RS2_ 20160727 _slv7_01Jan2000
38 #9) see the out of Bag Confusion Matrix — — — —
39 _ Tl
3 rres HV_RS2_20160727_slv8_01Jan2000 Fles Pt paciges b viewer >
41 B instal | @ update
a he variable i [( se i N
1 Ten < mportancecwres, ype 5y (EE peerease i acras ] VH_RS2_20160727_sIv9_01Jan2000 e
44 dmp User Library
45
46 VV_R52_20160727_SIV10_O 1Ja n 2000 assertthat Easy Pre and Post Assertions
4? *l}} IE?(‘FI'RCE values tD_ be USer.d fD'_" ,-! ndep_endent - ITdE_lt-i‘m: . - backports Reimplementations of Functions Introduce:
321 | (lop Leve) ¢ HH_R52_20160820_S|V11_01.]3n2000 RSaript ¢ basebdenc Tools for base64 encoding
Console  Terminal Jobs 0 BH Boost C++ Header Files
C:/NASA_COURSE/ HV_RSZ_20160820_S|V12_0 1Ja n2000 = cli Helpers for Developing Command Line Intg
> #7) select which varial rom the raster stack to use in your mod coin Conditional Inference Procedures in a Pen
> selection < c(1:22) , VH_RS2_20160820_slv13_01Jan2000 Framework
> Predictor_pata <- Training_pata[,selection] — — — — colorspace A Toolbox for Manipulating and Assessing
>
VV_RS2_ 20160820 _slvl4 01Jan2000 rayon Colored Termins] Output
— — — - crosstalk Inter-Widget Interactivity for HTML Widget
VH_S1A_20160613_slv15_13Jul2016 Eroon ot dwine
— — — — digest Create Compact Hash Digests of R Objects
VV SlA 20160613 SIV16 13Ju|2016 dplyr A Grammar of Data Mani{:u\at-icn
= — — = CT A Wrapper of the JavaScript Library 'DataTa
VH_S1A_20160707_slvl7_07Jul2016 e peta Teble Beckofml for davr
= = = = evaluate Parsing and Evaluation Tools that Provide
Default
VV_S].A_ZO160707_S|V18_07JU|2016 fansi ANSI Cantrol Sequence Aware String Funct§ |
GRalle Evtensinn tn 'nnnlntd

VV_S1A 20160731 slv20 31Jul2016
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Random Forests: Hands on Demonsiration

12. Create your Random Forest Model

|Class

VH_TSX_20160726_
mst_26Jul2016

VV_TSX_20160726_
mst_26Jul2016

VH_TSX_20160726_

slvl 26Jul2016

RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help
CERRAN -+ § 3 - ' Go to file/function ~ Addins -
9] Untitled1*
Source on Save | | -
Training_Response Mext | Prev || Al Replace Rezplace || Al

In selection Match case ‘Whole word Regex |+ Wrap

33
34 #8) create and save the forest

36

37

38 #9) see the out of Bag Confusion Matrix

39 r_tree

40

41

42 #10) print the variable importance (Mean Decrease in Accuracy; for Gini Index type = 2)
43 dmp <- importance(r_tree, Type = 1)

35 r_tree <- randomForest(Predictor_Data, y=Training_Response, ntree = 1000, keep.forest=TRUE, importance = TRUE,

=+ Run

na. act

IBarley

0.037364677

0.133464038

0.037364677

|Bar|ey

0.013369569

0.067057364

0.013369569

|Bar|ey

0.020673014

0.074069843

0.020673014

|Bar|ey

0.029688779

0.08695662

0.029688779

|Bar|ey

0.033956379

0.109707654

0.033956379

|Bar|ey

0.0146865

0.052232202

0.0146865

0.018100204

0.06887947

0.018100204

0.018511023

0.051729776

0.018511023

0.01569712

0.045542698

0.01569712

|Bar|ey

0.015248202

0.05094168

0.015248202

44 dmp
e ICanoIa 0.039782844 0.145142376 0.039782844
47 #11) Extract values to be used for independent validation
48 wvalidation_Data =<- ra.stér"::extract{'inlrastelr, validation) [,selection] ICanOla 0.040325992 0.161023989 0.040325992
49  wvalidation_Response <- as.factor(validationiclass)
» ICanoIa 0.055418897 0.135640427 0.055418897
52 #12) classify the independent wvalidation data
§3 va‘l-idation_F:fechtw'onsp-c— predw‘ct{r_tree‘,vaTTdatw‘on_nata) ICanO|a 0066946477 0154822439 0066946477
35130 | (Top Level) =
co ICanoIa 0.094055369 0.140497714 0.094055369)
Console  Terminal Jobs
C./NASA COURSE ICanoIa 0.084282458 0.166150674 0.084282458
= #7) Se1lect which variabhles from the raster st
> selection <= c(1:22) |Cano|a 0.09123531 0.211286813 0.09123531
> Predictor_bata <- Training_Data[,Sele = T CaTTaT PR AT A e es T GG a S P AETES .
= #8) Create and save the forest 8
> r_tree <- randomForest(Predictorfbata, y=Training_fEsponse, ntree = 1000, keep.forest=TRUE, importance = TRUE, na.action=na.omit) crayon Colored Terminal Output 134
= crosstalk Inter-Widget Interactivity for HTML Widgets 1.0.0
data.table Extenszion of "dataframe’ 1122
digest Create Compact Hash Digests of R Cbjects 0.6.19
dplyr A Grammar of Data Manipulation 0.81
CT A 'Wrapper of the JavaScript Library ‘DataTables 0.8
diplyr Data Table Back-End for ‘dplyr' 0.03
evaluate Parsing and Evaluation Tools that Provide More Details than the 0.4
Default
fansi ANSI Contrel Sequence Aware String Functions 04.0
GeEally Extansinn ta 'aanlnt? 140 -
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Random Forests: Hands on Demonsiration

13. Print the Out of Bag confusion matrix

) RStudio — O x
File Edit Code View Plots Session Build Debug Profile Tools Help
LR+ S T Go to file/function ~ Addins ~* & project: (None) ~
@ | Untitled1* Q| final.R | Environment  History  Connections |
Sourczon Save | O 7 - =+Run | *= Source * 2 I3 | 5% import Dataset = | & List = -
33 . 3 o "
Global Environment =
gé #8) Create an‘tjl save th? fDE?Stl . 1000, K f . . o TNy _udid NUM LLIL3Z, LiZs] W.US/4 U.UL3S UL UZU/ U.UeY/ U, U34 N
- — - =TRU = =
» r_tree <- randomForest(Predictor_bata, y=Training_Response, ntree , keep.forest=TRUE, importance = TRUE, na.action=na.omit © validation Formal class spatialpointsbataFrame
37 validation_Data num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...
38 #9) See the out of Bag Confusion Matrix values
ig r_tree c 6L
41 confusiommatrix ‘table” int [1:6, 1:6] 37 01 0 4 8 0 49 0 1
42  #10) print the variable importance (Mean Decrease in Accuracy; for Gini Index type = 2) kappa 0.788
43 imp <- importance(r_tree, type = 1) n_classes 6L
44 dmp n_obs 300L
ié QutputRaster "3_RESULTS/RS2_TsX_Sentinel_1_30m_uUTM_RandomForest.tif"
47 #11) Extract values to be used for independent validation overallaccuracy 0.823333333333333
48 walidation_bata <- raster::extract(inraster, validation)[,selection] rowColsumProdsum 150000 =
49 validation_response <- as.factor(validationiclass)
50 Files Plots Packages Help Viewer =1
51 0 instal Update
52 #12) Classify the independent validation data ® Upcet . B
53 validation_Predictions <- predict(r_tree,validation_pata) Mame Descriptian Versian
User Library
Al d o oo g M assertthat Easy Pre and Post Assertions 0.2.1
cript &
backparts Reimplementations of Functions Introduced Since R-3.0.0 114
Console  Terminal Jobs =0 basefdenc Tools for base64 enceding 0.1-3
C:/NASA_COURSE/f BH Boost C++ Header Files 1.69.0-1
> #9) see the out of Bag confusion matrix - di Helpers for Developing Command Line Interfaces 1.1.0
> rtree coin Conditional Inference Procedures in 2 Permutation Test 1.3-0
call: Framework
randomForest(x = Predictor_Data, y = Training_Response, ntree = 1000, importance = TRUE, keep.forest = TRUE, na.action = na.omit) colorspace A Toolbox for Manipulating and Assessing Colors and Palettes 1441
Type of random forest: classification crayon Colored Terminal Qutput 134
Number of trees: 1000 R o X
No. of variables tried at each split: 4 crosstalk Inter-Widget Interactivity for HTML Widgets 1.0.0
data.table Extension of "data.frame” 1122
. 008 EST.:.I mate of error rate: 17.42% digest Create Compact Hash Digests of R Objects 0.6.19
Confusion matrix: - :
Barley Canola Corn Oats Soybeans Spring wheat class.error dplyr A Grammar of Data Manipulation 0.8.1
Barley 3 2 0.22727273 CT A Wrapper of the JavaScript Library 'DataTables 0.6
canola o 21 0 1 o 0 0.04545455 . X
corn o 0 0 0 > 0 0.09090909 diplyr Data Table Back-End for ‘dplhyr’ 003
0ats o 0 0 19 o 3 0.13636364 evaluate Parsing and Evaluation Tools that Provide More Details than the 014
soybeans 1 0 5 0 16 0 0.27272727 Default
Epr"l ng Wheat 1 0 0 3 2 16 0.27272727 fansi AMNSI Control Sequence Aware String Functions 04.0
- e el Eutensinn ta ‘nanlatd 14n s
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14. Print the variable importance values

) RStudio — O x
File Edit Code View Plots Session Build Debug Profile Tools Help
LR+ T ffunction ~ Addins = ®] Project: (None) =
@ | Untitled1* Q| final.R | Environment  History  Connections |
Sourczon Save | O 7 - =+Run | *= Source * 2 I3 | 5% import Dataset = | & List = -
ii &) 4 he £ - b Global Environment -
#8) Create and save the forest .
35 r_tree <- randomForest(Predictor_Data, y=Training_rResponse, ntree = 1000, keep.forest=TRUE, importance = TRUE, na.action=na.omit) mp num [1:22, 1] 18.7 23 19.6 23.9 10.4 ... -
36 Vinraster Formal class Rasterstack
37 . . D predictions Formal class RasterLayer
38 #9) see the out of Bag confusion Matrix . .
39 r_tree D Predictor_Data Formal class Rasterstack
40 r_tree List of 18
i; 10) . h iable § . . £ .. d 2 D Training Formal class SpatialPointsDataFrame
# Print the variable importance (Mean Decrease in Accuracy; for Gini Index type = — . ) =
43 dimp <- importance(r_tree, type = 1) Training_Data num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034 ...
44 qmp Dvalidation rFormal class spatialpointsbatarrame
45 validation_Data num [1:300, 1:22] ©.043 0.0249 0.0352 0.0329 0.0206 ...
46
47 #11) extract values to be used for independent validation - palues s
- . ST - -
43:37 (Top Level) = R Script & ¢ -
Console  Terminal Jobs =0 Files Plots Packages Help  Viewer =]
C:./NASA_COURSE/ 0 Install @ Update
' 3 . . . . P N Descripti Versi
> #10) print the variable importance (Mean Decrease in Accuracy; for Gini Index type = 2) o ame SN sEen
> imp =- importance(r_tree, type = 1) User Library
> im
P MeanDecreaseACCUracy assertthat Easy Pre and Post Assertions 0.2.1
RS2_TsX_Sentinel_1_30m_uTM.1 18.706235 backports Reimplementations of Functions Introduced Since R-3.0.0 114
RS2_TSX_sentinel_1_30m_uTm.2 22.983380 .
RS2_TsX_sentinel_1_30m_UTH. 3 19. 562008 basefdenc Tools for base64 Emc.odmg 0.1-3
RS2_TSX_Sentinel_1_30m_UTM.4 23.879731 BH Boost C++ Header Files 1.69.0-1
RSZ_TS)LSenU_ne]_l_st_UTl‘-'. 3 10. 365050 cli Helpers for Developing Command Line Interfaces 1.1.0
R52_TsX_Sentinel_1_30m_UTM.& 16.029312 -
RS2_TSX_Sentinel_1_30m_UTM.7 18.290303 coin Conditional Inference Procedures in 2 Permutation Test 1.3-0
RS2_TSX_Sentinel_1_30m_UTM. 8 15. 935196 Framework
RS2_TSX_sentinel_1_30m_utm.9 17.161803 colorspace A Toolbex for Manipulating and Assessing Colars and Palettes 141
RS2_TSX_sentinel_1_30m_utm.10 23.430637
RS2_TSX_Sentinel_1_30m_UTM.11 23.996702 crayen Calored Terminal Output 124
RS2_TsX_sentinel_1_30m_uUTM.12 18.072785 crosstalk Inter-Widget Interactivity for HTML Widgets 1.0.0
RSZ_TS)LSem:ine}_1_30m_u‘|'lv.13 4.783384 data.table Extension of "data.frame’ 1122
R52_Tsx_senti 1 30m_uUTM. 14 4,348962
R527T5£5§2t}::]71730m7UW 15 5. 540269 digest Create Compact Hash Digests of R Objects 0.6.19
RS2_Tsx_sentinel_1_30m_uTM.16 17.624666 dplyr A Grammar of Data Manipulation 0.1
RS2_TSX¥_Sentinel_1_30m_UTM.17 8.3594696 P .
: oT AW f the JavaScript Lib DataTabl 0.6
RS2_TSX_Sentinel_1_30m_UTN.18 8. 847014 fapper of the -avaseript Hbrary batalanies
RS2_TSX_Sentinel_1_30m_uTM.19 11.240187 dtplyr Data Table Back-End for ‘dplyr 003
RE2_TSX_Sent 1 nel_1_30m_uTM.20 11.835973 evaluate Parsing and Evaluation Tools that Provide More Details than the 014
RS2_TSX_sentinel_1_30m_uTm.21 20.294629 Default
ESE’TS)LSEH‘” nel_1_30m_uTw. 22 19.942409 fansi AMSI Control Sequence Aware String Functions 04.0
el Eutensinn ta ‘nanlatd 14n s

NASA's Applied Remote Sensing Training Program



https://arset.gsfc.nasa.gov/

Random Forests: Hands on Demonsiration

15. Extract the validation data

A Validation
X Training

) RStudi

> #11)
> vali
= vali
=

C:/NASA_COURSE/

o

File Edit Code View Plots Session Build Debug Profile Toels Help
CERR TR R = A Go to file/function ~ Addins *
@] Untitled1*
I [JSourceansSave | O 4 =
Training_Response Nest || Prev || An Replace Repisce || Al

In selection Match cass || Whole word Regex [¥] Wrap
. o
45
46
47  #11) Extract values to be used for independent validation
48 wvalidation_pata <- raster::extract(inraster, validation)[,selection]
49 validation_response <- as.factor(validationiclass) |
50
51
52 #12) classify the independent validation data
53 wvalidation_Predictions <- predict(r_tree,validation_pata)
54
55
56 #13) Generate a confusion matrix from the independent validation data
B S T S, e e FaieSdmieieTeo o

4952 (Top Lew

Console  Terminal Jobs

=+ Run

o

=] Environment  History = Connections

Source | = = I | F#* import Dataset ~ '
1 Global Environment -
0 inraster Formal class Rasterstack
N predictor_pata num [1:132, 1:22] 0.0374 0.0
r_tree List of 18
D Training Formal class spatfalpointspal
Training_pata num [1:132, 1:22] 0.0374 0.0
D validation Formal class spatialpointspal
validation_pata num [1:300, 1:22] 0.043 0.02
values
selection int [1:22] 1 234567 8 9]
Training_Response Factor w/ 6 levels "Barley”,
validation_response Factor w/ 6 levels "Barley”,
R Seript & Files Plots Packages Help Viewer >

el B

Name

Extract values to be used for independent validation
dation_pata =- raster::extract(inraster, validation)[,selection]™
dation_Response <- as.factor(validationiClass)

User Library
assertthat
backports
basefdenc
BH
cli

cain

colorspace
crayon
crosstalk
data.table
digest
dplyr

oT

deplyr

evaluate

fansi
=iG5alhy

Descriptien

Easy Pre and Post Assertions
Reimplementations of Functions Introduced|
Tools for base64 enceding

Boost C++ Header Files

Helpers for Developing Command Line Inte:

Conditional Inference Proceduresin a Perm
Framework

AToolbox for Manipulating and Assessing (J
Colored Terminal Qutput

Inter-Widget Interactivity for HTML Widgets
Extenzion of "dataframe’

Create Compact Hash Digests of R Chjects
A Grammar of Data Manipulation

A Wrapper of the JavaScript Library 'DataTa
Data Table Back-End for ‘dplyr’

Parsing and Evaluation Tools that Provide M|
Default

ANSI Control Sequence Aware String Functi

Fytensinn tn 'nnnint?
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16. Classi

fy the independent validation data

) Rstudi

[+
File Edit Code View Plots Session Build Debug Profile Tools Help
O-0p - H B Go to file/function ~ Addins =
Q7 Untitled1*
H Sourceon Save | |4 7 - =+ Run |
Training_Response Mext | Prav | Al Replace Replace || All

In selection Match case || Whole word Regex ] Wrap
49  validation_Response <- as.factor(validationiclass)
50
51
52 #12) classify the independent validation data
53 wvalidation_predictions <- predict(r_tree,validation_pata)
54
55
56 #13) Generate a confusion matrix from the independent validation data
57 wvalidation_Response <- as.factor(validationiclass)
58 confusiomMatrix <- table(validation_predictions,validation_Response)
59 confusiomatrix
60

53:58 (Top Level) &

Console  Terminal Jobs

C:/NASA_COURSE/
#11) Extract values to be used for independent validation
validation_Data =- raster::extract(inraster, validation)[,selection]
validation_Response <- as.factor(validation$Class)
#12) classify the independent walidation data

vali

WO WOV WY

dation_predictions <- predict{r_tree,validation_pata)

=0

Source

R Script 2

=0

Environment History

Tl | #* Import Dataset =

1 Global Environment =

Dinraster
Predictor_pata
r_tree

D Training
Training_Data

D validation
validation_pata

values
selection
Training_rResponse

Connections

- a =

R project: (None) =

validation_predictio.. Factor

Files Plots  Packages

bl Install @ Update
Name

User Library
assertthat
backports
basebdenc
BH
cli

coin

colorspace
crayon
crosstalk
data.table
digest
dplyr

oT

diplyr

evaluate

fansi
Gialh:

=0
¥ List = =
Formal class Rasterstack -
num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034
List of 18
Formal class spatialpointspataFrame
num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034
Formal class spatialpointspatarrame
num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...
int [1:22]1 1 234567 8910 ...
Factor w/ 6 levels "Barley”,"canola",..: 11111 11
w/ 6 levels "Barley”,"canola",..: 11111116 -
Help  Viewer =]
Description Version
Easy Pre and Post Assertions 0.2.1
Reimplementations of Functions Introduced Since R-3.0.0 114
Tools for basebd enceding 01-3
Boost C++ Header Files 1.69.0-1
Helpers for Developing Command Line Interfaces 1.1.0
Conditional Inference Procedures in a Permutation Test 13-0
Framework
AToolbox for Manipulating and Assessing Colors and Palettes 14-1
Colored Terminal Qutput 134
Inter-Widget Interactivity for HTML Widgets 1.00
Extension of ‘dataframe” 1122
Create Compact Hash Digests of R Cbjects 0.6.19
A Grammar of Data Manipulation 081
A'Wrapper of the JavaScript Library ‘DataTables 0.6
Data Table Back-End for 'dplyr’ 0.0.3
Parsing and Evaluation Tools that Provide More Details than the  0.14
Default
AMS| Control Sequence Aware String Functions 0.4.0
Futansinn ta ‘nanlnt? 140 M
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Random Forests: Hands on Demonsiration

17. Generate a confusion matrix

e RStudio - m} s
File Edit Cede View Plots Session Build Debug Profile Tools Help
O -Cgla-HR o Go inction = Addins - &l project: (None) -
@7 untitled1* = Environment  History  Connections =
H Source on Save || L4 S - =+Run | *% Source *| = = | | 52 Import Dataset - 'l List = -
Training_Response Next | [ Prew |[ Replace Repizce || Al b Global Environment =
P -
In selection Mztch case Whole word Regex ] Wrap O inrasrer Formal class Rasterstack
= G g T . Predictor_bata num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034
53 wvalidation_pPredictions <- predict(r_tree,validation_bata) - .
sa r_tree List of 18
55 D Training Formal class spatialpointsDatarrame
56 fél%}dcenerate a confusion ?atrixffr_?mdthe w‘gdipenglent validation data Training_bata num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034
7 validation_mresponse «- as.factor(validationiclass ; ; H .
58 confusiomMatrix <- table(validation_predictions,validation_Response) Va'l'!danlon Formal class spatialpointspatarrame
59 confusiormatrix | validation_Data num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...
60 values
& . i . confusionMatrix "table' int [1:6, 1:6] 37 01 04 8050 0 0 ...
62 #14) calcualte overall accuracy, user's and producer’s accuracy and kappa statistic selection int [1:22] 1234567 89 10
63 n_obs <- length(validation_Response) # number of observation in validation set o : 2Rr RS A
64 n_classes <- length(levels(validationsclass)) # number of classes . Training_Response Factor w/ & levels "Barley”,"canola”,..: 11111111. ~
3917 (Top Level) & R Script 3 Files Plots Packages Help Viewer =
Console  Terminal Jobs == Ol install | @ updste
C:/NASA_COURSES Name Description Version

> #11) Extract values to be used for independent validation User Library
> validation_pata <- raster::extract(inraster, validation)[,selection] .
> validation_response «<- as.factor(validation$class) assertthat Easy Pre and Post Assertions 0.2.1
> *122 cl assi fy tle '!”depe”de”t ‘:'"31 idation daTE_l . backports Reimplementations of Functions Introduced Since R-3.0.0 114
= validation_Predictions =- predict({r_tree,validation_Data) basefd Tools for base64 i 013
> #13) Generate a confusion matrix from the independent validation data asesasnc ocls far basebs encoding -1
> validation_Response <- as.factor(validation$class) BH Boost C++ Header Files 1.69.0-1
> mnfuspnwatr‘w_x <- table{validation_predictions,validation_Response) i Helpers for Developing Command Line Interfaces 11.0
> confusiomMatrix
validation_Response coin Conditional Inference Procedures in a Permutation Test 13-0
validation_Predictions Barley Canola Corn 0Oats Soybeans Spring wheat Framework
Barley 37 0 Q 4 0 9 colarspace A Toolbox for Manipulating and Assessing Colors and Palettes 14-1
canola o 50 a 1 0 1 Colored T | Outout 134
Corn 1 o 6 1 a 1 crayon olore: ermina utpus ==
dats s} 0 2 33 1 1 crasstalk Inter-Widget Interactivity for HTML Widgets 1.00
Soyl?eans 4 0 1 0 43 o data.table Extension of "data.frame” 1122
spring wheat 8 0 1 11 2 38 - - -
> digest Create Compact Hash Digests of R Objects 0.6.19
dplyr A Grammar of Data Manipulation 0.1
1) A Wrapper of the JavaScript Library 'DataTables 0.8
diplyr Data Table Back-End for 'dphyr’ 003
evaluate Parsing and Evaluation Tools that Provide More Details than the  0.14
Deefault
fansi ANSI Control Sequence Aware String Functions 04.0
el Evtenzian to 'nanlat? 140 -
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Random Forests: Hands on Demonsiration

18. Calculate the independent accuracies and kappa statistic

n_obs <- length{validation_Response) # number of observation in validation set

n_classes <- length{levels(validation3Class)) # number of classes

overallaccuracy =<- sum({diag(confusiorMatrix ))/n_obhs

classAccuracy =<- matrix{NAa,nrow=2,ncol=n_classes,dimnames=11st(c( 'users", 'producers’),levels(validationiclass)))
for (c in 1:n_classes){

classaccuracy['users”, c] <- confusiommatrix[c,c]/sum{confusiomarrix[c, 1)

classaccuracy[ 'producers’,c] <- confusiomMatrix[c,c]/sum(confusiomatrix] ,cl)

rowcolsumProdsum <- sum{apply{confusienmatrix,2,sum)*apply(confusiomvatrix,1l,sum)}
kappa <- ( n_obs*sum{diag(confusiomatrix ))-rowcolsumprodsum )} / ( n_obsA2-rowcColsumprodsum )

LA AR S R R 4

overallaccuracy
[1] 0.8233333
> classAccuracy

Barley canola corn oats soybeans spring wheat
users 0.74 0.9615385 0.8679245 0.8918919 0.8958333 0.6333333
producers 0.74 1.0000000 0.9200000 0.6600000 0.8600000 0.7600000

> overallaccuracy
[1] 0.8233333

= kappa

[1] 0.788

=

RStudic
File Edit Code View Plots Session Build Debug Profile Tools Help
LRI § = - |J B Go to file/function ~ Addins *
| Untitled1* |
= Source on Save | (O /- =+ Run | Source =
Training_Response Nest || Prev || A Replace Replace || All
In selection Match case [_| Whole word Regex (/] Wrap
62 #14) calcualte overall accuracy, user's and producer’'s accuracy and kappa statistic -
63 n_obs <- Tength(validation_Response) # number of observation in validation set
84 n_classes <- length(levels(validationiclass)) # number of classes
65 overallaccuracy <- sum(diag(confusiommatrix ))/n_obs
66 classaccuracy <- matrix(na,nrow=2,ncol=n_classes,dimnames=1ist(c( users’, "producers’'),levels(validationiclass)))
7+ for (c in 1:n_classes){
[i1:] classaccuracy[ 'users’,c] <- confusiomMatrix[c,c]/sum{confusionMatrix[c, 1)
69 classaccuracy['producers’,c] <- confusiomMatrix[c,cl/sum(confusiomnmatrix[ ,cl)
70 }
7 rowColsumprodsum <- sum(apply(confusiommatrix,2,sum)“apply(confusionmatrix,1,sum))
7 kappa <- ( n_obs*sum(diag({confusionMatrix ))-rowColsumProdsum ) / ( n_obsA2-rowColSumProdsum )
-
7
7. overallaccuracy
75 classaccuracy
76 overallaccuracy
77 kappa
T6:16 (Top Level) + R Script 2
Console  Terminal Jobs =]
C./NASA_COURSE/
#14) calcualte overall accuracy, user's and preducer's accuracy and kappa statistic -

Environment  History

& I | 5 Import Dataset =

1 Global Environment -
R S ETNNT)

Training_pata
Dvalidation

validation pata
values

- O

Connections

;
¥ Ust =

FUNmAT Lrass spaliarruiniisatan ans
num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034 ...
Formal class SpatialpPointsDataFrame

num [1:300, 1:22] ©.043 0.0249 0.0352 0.0329 0.0206 ...

= 6L
confusiomnMatrix "table” int [1:6, 1:6] 37 01 04 8 03000 ..
kappa 0.7B88
n_classes 6L
n_obs 300L
overallaccuracy 0.823333333333333
rowcolsumprodsum 15000L
Files Plots Packages Help  Viewer
bl Install @ Update
Name Description Version
User Library
assertthat Easy Pre and Post Assertions 0.2.1
backpaorts Reimplementations of Functions Introduced Since R-3.0.0 114
basefdenc Tools for base64 enceding 01-3
EH Boost C++ Header Files 1.69.0-1
cli Helpers for Developing Command Line Interfaces 1.1.0
coin Conditional Inference Procedures in a2 Permutation Test 130
Framewark
colorspace A Toolbox for Manipulating and Assessing Colors and Palettes 14-1
crayon Colored Terminal Qutput 134
crosstalk Inter-Widget Interactivity for HTML Widgets 100
data.table Extension of “dataframe’ 1122
digest Create Compact Hash Digests of R Objects 0.6.19
dplyr A Grammar of Data Manipulation 0.8.1
CT A Wrapper of the JavaScript Library 'DataTables 0.6
diplyr Data Table Back-End for 'dplyr' 003
evaluate Parsing and Evaluation Tools that Provide More Details than the 0,14
Default
fansi AMSI Contral Sequence Aware String Functions 04.0
Gialh: Fetensinn tn nnnlnt? 140

X

R project: (None) ~

=M

=M
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Random Forests: Hands on Demonsiration

Barley

19. Classify the whole raster

Corn

e RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help Oats

In

69

selection

s ~ res e o e s Ly e e e e TR
classaccuracy['producers”,c] <- confusiormatrix[c,c]/sum(confusionmatrix[ ,cl)

Match case ‘Whole word Regex | Wrap

O Training
Training_pata
D validation

Formal class SpatialPointso)
num [1:132, 1:22] 0.0374 0
Formal class SpatialPointso)

QO -0 - H B & A cotofiefunction ~ Addins =
Soybeans ;
@ | Untitled1* =] Environment  History  Connections £
k4 [IScurceonsave | [Q A« +Run | %% | P source | = 2 kd | 5 import Dataset = | &
Training_Response Next || Prev || Al Replace Repisce || Al Tk Global Environment =

70 %
7 rowColsumProdsum <=- sum{apply(confusiomMatrix,2,sum)“apply(confusionMatrix,1,sum)) validation_pata num [1:300, 1:22] 0.043 0.0
7 kappa <- ( n_obs*sum{diag(confusionMatrix ))-rowColSumProdsum ) / ( n_obs Z-rowColSumProdsum ) valnes
Z
7
7. overallaccuracy < 5L
7 classAccuracy confusiomMatrix "table” int [1:6, 1:6] 37 0O
76 overallaAccuracy kappa 0.788
77 kappa n_classes 6L
ﬁ,g n_obs 300L
7
OuTpUTRAasSTEr "3_RESULTS/RS2_TSX_Sentinel

80 #15) Classify the whole raster
81 oOutputRaster =<- '3_RESULTS/RSZ_TS¥_sentinel_1_30m_uTM_RandomForest.tif’

82 Predictor_bata =- subset(inraster, Selection) Files Plots Packages Help Viewer

83 predictions <- predict(inraster[[selection]],model=r_tree,file=Outputraster) Ol instal | @ updszte
ik I M Name Description
341 (Top Level) + R Seript
User Library

Console  Terminal Jobs =] R
assertthat Easy Pre and Post Assertions

ST LD ® backport R I itati f Funct Introd

> #15) classify the whole raster ackports eimplementations o _unc ions Intreducd

> OutputRaster <- '3_RESULTS/RS2_TSX_Sentinel_1_30m_UTM_RandomForest.tif’ basefdenc Toals for bazef4 encading

> Predictor_pata «- subset{inraster, Selection) BH Boost C+=+ Header Files

> predictions <- predict(inraster[[Selection]],model=r_tree,file=0utputRaster) .
cli Helpers for Developing Command Line Inij
coin Conditional Inference Procedures in a Per

Framework
calorspace A Toolbox for Manipulating and Assessing
crayon Colored Terminal Qutput
crasstalk Inter-Widget Interactivity for HTML Widge]
data.table Extension of "dataframe’
digest Create Compact Hash Digests of R Object:
dplyr A Grammar of Data Manipulation
CT A Wrapper of the JavaScript Library 'DataT]
diplyr Data Table Back-End for ‘dplyr'
evaluate Parsing and Evaluation Tecls that Provide
Default

fansi ANSI Control Sequence Aware String Fung
sl Futensinn ta ‘nanint?
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Exploiting SAR to Monitor Agriculture



.

Learning Objectives
* By the end of this presentation, you will be able to understand:

— how to estimate soil moisture from RADARSAT-2 data
— how to process multi-frequency data for use in crop classification
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SNAP: Sentinel’s Application Platform

=» SNAP | Sentinels Application Platform

- Done loading modules.

 ESA SNAP is the free and open-source toolbox for processiné and analyzing ESA
and 3rd part EO satellite image data

 You can download the latest installers for SNAP from:
: — http://step.esa.int/main/download/snap-download/

NASA's Applied Remote Sensing Training Program
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Estimating Soil Moisture from RADARSAT-2 Data



RADARSAT-2

Satellite Velocity Vector

m ScanSAR Wide
= Ocean Surveillance
# 5canSAR Narrow

e = Wide g Ship Detection
o W T S = Extended Low
e ., o & P = Standard
i . T | # Wide Standard Quad-Pol
i i T # Standard Quad-Pol
‘ . N \\;‘@_\\‘} L o lard Quad-Po
i i - S ‘ 2 Wide Fine Quad-Pol
! g 1T ! Fine Quad-Pol
: P | | * Wide Fine
i A" a . * Fine
. o S 5 ] 1 Wide Multi-Look Fine
i : 8. 25:1.krn\\ FOeS ik lJzMuIti-Lonk Fine
’ /.Fj - ‘ -7 " Extra-Fine
" =Wide Ulra-Fine
, m:(N,:" # Ultra-Fine
0° = Spotight All RADARSAT-2 beam modes available in right-looking (shown) or left-looking (not shown)
Resolution
Highest Lowest
Spotlight ScanSAR Wide 11350-4R11-CW

RADARSAT-2 SAR Beam Modes — Revisit time: 24 days

Image Credits: MDA RADARSAT-2 Product Description
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Pre-Processing RADARSAT-2 Data with SNAP

Extract Backscatter

Speckle Terrain

Calibration Filter Correction

NASA's Applied Remote Sensing Training Program 102 NG
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Pre-Processing RADARSAT-2 Data with SNAP

Read Image

« RADARSAT-2 Wide Fine Quad-Pol single "
look complex(SLC) product:
— Nominal Resolution: 5.2m (Range) *

/.6 m (Azimuth)

— Nominal Scene Size: 50 Km (Range) *
25 Km (Azimuth)

— Quad (HH, HV,VH and VV)
polarizations + phase

— Slant range single look complex,
contains both amplitude and phase
information

RADARSAT-2 Wide Fine Quad-Pol FQ16W descending
SLC data acquired on May 12, 2016, over Carman,
Manitoba, Canada

103
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Pre-Processing RADARSAT-2 Data with SNAP

Cadlibration: Convert Pixel Values to Radar Backscatter

[ (2] Pauli RGE - RS2-5LC-FO/6W-DES- 12-May-2016_12.45-PDS_05057630_Cal - C:AUsers\jiacs\NASA_training!\R52-5LC- FO/16W-DES-12-May-2016_12.45-PDS_05057630_Cal.dim - SNAP - o X
File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help
af LBG AT B 75T Awyose AN ESews ((MEED
| Radi i 2 Calibrate =
mmw L=
NEJH[E]-‘PD'H * (A | Speckle Filterning ¥ Radiometric Terrain Flattening - - =)
[ 1] RS2-5LCFQ16W-DES-12-May-2016_12.45-PD5_0! Coregistration i o
-8 [RSZSLCFQIOWDES-12May- 2016 124550500 | L B e %
43 Metadata rbeErmEnC 5-1 Thermal Moise Removal a3
il (23 Vector Data Polanimetric 5
420 Tie-Point Grids Geometric i
=23 Bands Sentinel-1 TOPS
@ Soman_HH ENVISAT ASAR s
[ somen_rv SAR Applications | 2
£ : 59!"\!3_:}\-" Biomass 1 E
- Soil Moisture 2
SAR Utilities -
SAR Wizards

Complex to Detected GR.
Multlocking

asbeueyy yeel B

RSP

% | Colour Manipul... Uncertainty Vis... | World View
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Speckle Filtering

1
—
)
)

« Speckle filtering is not an
exact science — image
and target dependent

Frost

« An ideal speckle filter will: Gamme-Map

— reduce speckle il Adaptive
Filtering

— preserve edge sharpness 0l Intensity Drive Adaptive
— preserve line and point Neighborhood (IDAN)

target conftrast
Speckle |1
Filtering

Multi-Temporal

Refined Lee

— retain mean values in
homogeneous regions

— retain texture information

2
H 5
O &
s>

Lee Sigma

a Mean

Non-
a Adapftive
Filtering

= Median

2 Mode
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Pre-Processing RADARSAT-2 Data with SNAP
Speckle Filter - 5 by 5§ Gamma Map

B stap - o X
File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help Q. search (Ctrl+]
&% LBIE AT B L] AevosnRe rENvEQeR: «MEED

s . y

Product Explorer X | Pixel Info TR e Siogle PraciickSpeckle Filtes PafiRGE X | =n
i e o T B
il i it e ) Interferometric : - &
=@ [3] RS2-SLCFQ16W-DES-12-May-2016_12.45PD5_0! : bl
i 1 Metadata Polarimetric S
- [ vector Data Geometric 3
- 31 Tie-Point Grids Sentinel-1 TOPS =
& sands ENVISAT ASAR s
& signen i+ SAR Applications 1 g
a srg'waU_H'v Biomass | z
B sigma0_w i 5
s ' Sigman_vy il Moisture | &

SAR Utilties

SAR Wizards

Complex to Detected GR
Multilocking

iebeuel ysei B

f ©
File Help
Processing completed in & seconds (37 MB/s 25 MPixel/s)

10 Parameters Processing Parameters

Sigma0_HH
Sigmal_HV
Sigmal_VH
Sigmal_W¥V

Filter:
Flter Size X (odd number): 5

Alter Sze ¥ (odd number): 5

Estimate Equivaient Mumber of Looks (3

Number of Looks: 1.0
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Pre-Processing RADARSAT-2 Data with SNAP

Terrain Correction

3 [4] Pauli RGE - R52-5LC-FO16W-DES-12-May-2016_12.45-PD5_05057630_Cal_Spk_Gamma3_TC - C:A\Users\jiacs\ MASA,_training\R52-5LC-FC/IEW-DES-12-May-2016_12.45-PD5_05057630_Cal Spk_GammaS_.. — o *® ! ]
- @& Range Doppler Terrain Correction X
File Edit View Analysis Layer Vector Raster Optical Radar| Tocls Window Help Qv»q 0
r H B P 9 i Eil b ac i i i T )y .
SH ARTATRN] wowwe  LE\UBYewz \ ISHD Fie el
Radiometric 3
Product Explorer % Pixellnfo Speckde Filtering » PauinGB [ [4] PauiiRGE x| vB g _
7@ [1] R52-5LC-FQ16W-DES-12-May-2016_12.45-PD5_0! oA 3 1f0 Parameters Processing Parameters
-8 [2] RS2-5LCFQLEW-DES-12-May-2016_12.45-PDS_0! . B g
* Interferometric B . -
-5 (7] RS2-5LC-FQUEW-DES-12-Msy-1016_12.45-PD5_D! o c Source Bands: Sigma0_HH
i G [4] RE2-5LCFQLEW-DES- 12 May-2016_12.45-PD5 01 p“""!“‘e_"" = Sigmal_HY
Geometric Terrain Comrection Range-Doppler Terrain Cormection i Si D_II'H
Sentinel-1 TOPS Ellipsoid Correction e
P! S&R Simulation = Sigma0 W
: 3 =
ENVISAT ASAR SAR-Mosaic SAR-Simulation Tesrain Correction 5 amat-
SAR Applications ALOS Deskewing 3
Biomass Slant Range to Ground Range H
Soil Moisture Update Geo Reference i
SAR Utilities i ol
SAR Wizands - iai i '
* & Digital Elevation Model: SRTM 1Sec HGT (Auto Download) v
Complex to Detected GR i
Multilooking 3 DEM Resampling Method: BILINEAR_INTERPOLATION v
£
] ]
3 Image Resampling Method: BILINEAR_INTERPOLATION v
Source GR. Pixel Spacings (@z xrg):  5.49(m) x 8.0(m)
Pixel Spadng (m): 10
Pixel Spacing (deg): 8.9831528411952156-5
Mavigation - [4] ... | Colour Manipul... | Uncertainty Vis... World View x — I
Map Projection: £ LTM Zone 14 / World Geodetic System 1984
Mask out areas without elevation Output complex data
Output bands for:
Selected source band []oEM [ Latitude & Longitude

[ Incidence angle from ellipsoid [ ] Local incidence angle [ | Projected local incidence angle

[ Apply radiometric normalization
Save Sigmal band Use projected local inddence angle from DEM
Save Gammal band Use projected local inddence angle from DEM

Save Betal band

Auxiliary File (ASAR only): Latest Auxiliary File

Run Close

X =¥ - Lt —lon - Zoom — Level

G RULPZ R R R LR =
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Pre-Processing RADARSAT-2 Data with SNAP

NASA's Applied Remote Sensing Training Program

RapidEye natural color image
acquired on July 4, 2016

RGB color composite of
RADARSAT-2 image acquired
May 12, 2016

(R=HH, G=HV, B=VV)
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Pre-Processing RADARSAT-2 Data with SNAP

« Graph builder: used for batch processing and customized processing chains

| File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help Q- Search (Cri+)
A% ANBATe XExC QAT VRO R:  DEED
i

| Product Explorer % _Pixel Info — ||E [ Pauinge x| [ [APavircs * o
-l [1] RS2-5LCFQAW-ASC-13May-2015_00.07DS_DSI57640
433 metadata
| il (33 vector Data
|| © = E3 me-Point Grids
il (33 Quicklocks
=13 Bands
fEl [2] RS2-5LCFQ2W-ASC-13-May-2016_00.07-9D5_0S057640_Cal_Spk_TC
F+3 metadaa
i} [3 Vector Data
=& Bonds
@ sigmad_HH
[l sigman_Hv
- H sigman_w
L@l siran W

-' Geaph Huilder X

() B

File  Greghs

ARG 1INpodd 5

Iebevey 1oAeT ()

Buml Calil sl illlﬂlll-lllil'l—i-Twuhwnl——p Wrhe |

JaBEURL e

£ ¥

Fead ¥iile Calbration Spechefiter Temsm-Correcton
Target Product

| Wavigation - [7] ... | Colour Manipul... | Uncertainty Vis... | World View X
| 4 =

by

Hame:
RE2-SLCFQIN-ASC- L-May-2005_D0OT-FDS _CE0E7e+4D_Cal_Spk TC
ES-‘\-FH} EEAM DIHar w

Dwectory:

C-Ysers s AT _reining

5] Opanin SHAF

Srocessing completeciin 30 saoonds (7 HB/s 1 MAxelf)

Eed Bz | Bocew | i moe || e E [=mn

N = Lat - Lon - Zoom — Level —

NASA's Applied Remote Sensing Training Program



https://arset.gsfc.nasa.gov/

Physical Modeling Approach for Soil Moisture Estimation

Data Processing

RADARSAT-2 Data
" | SNAP SO|I M0|s’rure TooI Box

P ORWE W VR MR PR O

§ ol |1 B RrEOWda =Wy ekl 1A%

TRV ROV TO Ml TheE PO TR e ShT4 M

Radar Data
(HH and VV Backscatter)
(Radar Angle)
Soils Data « Uses Integral Equation Model
(Clay and Sand Frochons) IQIE;ECI]\A) L o
_ — | . priori information is
needed

only SAR data (backscatter
and incidence angle)
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« Soil moisture is retrieved using

Ou’rpu’r and Validation

Soil Moisture
B 1

2%

ih
=

7
\\.\-r

Reriirsa sl s (%)
F 3 F 3 A 3
¥
+ ‘,.,‘

*

$ 9 ¢8558 33

H
e 0% 20% M0% AFs 50% 20fs TO% Ml%

kaarured coll molkshare (8]

Image Source: Merzouki
and McNairn, 2015
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Backscatter Model Inversion Schemes

Two Images
Acquired at different incidence angles
(61 & 62) with HH and VV polarizations

One Image
Acquired at incidence angle 61 with
HH and VV polarizations (HHg;, VV g)

IEM

Hybrid inversion
HHg, — VVg, — HHg,
HHg, — VVg, = VVg,
HHg, — VVg, — HHg;
HHg, — VVgo — VVy,

HHg, — VVg, — HHg, — VVg,

Calibrated IEM

Two Images
Acquired at different incidence angles
(61 & 62) with HH or VV polarizations

Multi-polarization inversion
HHg, & VVg,

Calibrated IEM

NASA's Applied Remote Sensing Training Program

Multi-angles inversion
HHe] - HHGQ
VVg1 = Vg

11
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Soil Moisture Processing with the Soil Moisture Toolbox in SNAP -
Hybrid Scheme

« Soil moisture map derived from one a.m. RADARSAT-2 acquisition and one p.m.
RADARSAT-2 acquisition, 12 hours apart

2016-05-12 RADARSAT-2 Acquisition Pair (FQT16-FQ2)

Image acquired on May 12, 20156, Image acquired on May 13, 2016,
FQ16W Descending pass FQ2W Ascending pass

NASA's Applied Remote Sensing Training Program



https://arset.gsfc.nasa.gov/

Soil Moisture Processing with the Soil Moisture Toolbox in SNAP -
Hybrid Scheme

* USing a hybrid inversion approach, the inversion method is performed on the
overlapping geographic area

Calibration Speckle Filter —>

CreateStack

AddLandCover

Sm-Dielectric-Modeling
Read (2) g Calibration (2) g Speckle Filter (2) g Terrain Correction (2)

Land-Cover-Mask

Write

I

NASA's Applied Remote Sensing Training Program 113 \Tmig
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Soil Moisture Processing with the Soil Moisture Toolbox in SNAP -
Hybrid Scheme

.

o . . . . €2 Graph Builder : Hybrid_FullGraph.xml ®
« Spatial alignment of images acquired in the
morning and evening

. C re O Te S 'I'O C k: | Read |>—)|l:alibration HSpeckle-Fiﬂ.er |.—>|-Terrain.currectiun mmﬂ
. N . [ Read(2) |->{catibration(2) |..,| Speckle-Filter(2) |—> Terrain-Correction(2) ;

1. Resampling Type: Bilinear Interpolation

2 . C | i C |< Fi n d O p 'I'i m q I Mq s -l-er |Land-cmr-msu |-(—‘5M-Dielectric-rﬂodeling |-<—|nddLand::mr HIEM-Mrid-Imrsion |

1 Read(?) Calibration(2) Speckle-Fiter Speckle-Filter(2) Terrain-Correc tion Terrain-Correc tion(2) CreateStack ’J
Master:

RS2-5LC-FQ2W-ASC-13-May-2016_00.07-PDS_05057640_Cal_spk_TC
BILINEAR._INTERPOLATION
Initial Offset Method: Orbit

Output Extents:

Resampling Type:

HE

o

Master R

Find Optimal Master

NASA's Applied Remote Sensing Training Program
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Soil Moisture Processing with the Soil Moisture Toolbox in SNAP -

Hybrid Scheme

I[EM Hybrid Inversion
1. Select calibrated IEM LUT

2. Use the default setting for the other parameters

h NASA's Applied Remote Sensing Training Program

.

@ Graph Builder : Hybrid_FullGraph.xml
File Graphs

| Read |>—)|Calibration HSPeckle-Fiﬂ.er HTerrain-Currecﬁun
CreateStack
| Read(2) |>—)|Calihrationt2] HSpeckle-FiIlertZI |>—)|-Terrain-Corre:tiontZl

|Land-!:wer-nlnsll |-(—‘5M-Dieler.tric-rﬂodeling |-<—|jlddLandl:mrer HIEM—Mrid-Imrsion |

g

IEM LUT:

rrrrrr tion(2) CreateStack AddlandCover SM-Dielectric-Modeling Land-Cover-Mask Write  IEM-Hybrid-Inversion | ¢

Eilzersliaot.enap lauxdataiem IUEHEM ch nt RDGC FSATS QP v

[] output rms
[] output correlation length
# dosest sigma match from LUT search (N): |5

Diameter of neighbourhood to average (M): |5

RDC threshald: 1.0

1156
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Soil Moisture Processing with the Soil Moisture Toolbox in SNAP -
Hybrid Scheme

& Graph Builder : Hybrid_FullGraph.xml *
Add Land Cover

1. Select the land cover file
. | Read |._>|::a|ibr:tion I—;.|.5peck|e.ﬁrter '.—>|-Terrain-l:urre:tiun
2. Select sand and clay fractions maps e
|Land—Emr—Mlsl¢ |-(—‘5M—Diele:tri:—rﬂndelirlg |-(—|nddLInd!:mr H IEI\I'I—I-thril.“I—Inversion

“orrection(2) CreateStack AddLandCover sM-Dielectric-Modeling  Land-Cover-Mask  Write  IEM-Hybrid-Inversion 4 J

Land Cover Model:  AAFC Canada 2000 Crop -
AAFC Canada 2003 Prairies Crop
AAFC Canada 2010 Prairies Crop
AAFC Canada 2011 Crop
AAFC Canada 2013 Crop
nada Clay Pct

GLC2000
GlobCover

MODIS 2007 Tree Cover Percentage

MODIS 2010 Tree Cover Percentage

MFI KNN Biomass Stem Wood

NFI KMN Biomass Total Live AGE

MFI KMNM Merchantable Volume

MNFI KNN Stand Height

NFI KMN Total Volume

NFI KNN Vegetation 2

Load &l Save %\} Clear @ Mote @ Help

NASA's Applied Remote Sensing Training Program
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Soil Moisture Processing with the Soil Moisture Toolbox in SNAP -
Hybrid Scheme

. o . €2 Graph Builder : Hybrid_FullGraph.xml ®
SM Dielectric Modeling:

File Graphs

1. Select Hallikainen mixture model h
| Read |._-| Calibration HSpeckle-Fiﬂ.er |.—>|-Terrain.currectiun
2. Use the default values for the other parameters el

| Read(2) |>—)|Calihrationt2] HSpeckle-FiIlerIZI |>—)|-Terrain-!:orrection121

|Land-Cmr-Maal¢ |-(—‘5M-Dielectric-nﬂodeling |-<—|nddLand!:mrer HIEM—Mrid-Imraion |

The Haillkainen model was used 1o estimate the a
volumetric soil moisture, which is based on refrieved | - i

>

. . . . . Zorrection(2) CreateStack AddLandCover SM-Dielectric-Modeling | Land-Cover-Mask Write  IEM-Hybrid-Inversion 4] |
dielectric values. This model requires the soll texture | e mie= -

HEYS

information (clay and sand fractions)

Maxx 5M; 0.55|m"3/m*3

Output RDC
Output Land Cover

Effective soil temperature: 12 .0 | Celsius

NASA's Applied Remote Sensing Training Program



https://arset.gsfc.nasa.gov/

Soil Moisture Processing with the Soil Moisture Toolbox in SNAP -

Hybrid Scheme

Land Cover Mask

1. Select land cover valid agriculture classes
2. Check Exclude all other bands

NASA's Applied Remote Sensing Training Program

9 Graph Builder : Hybrid_FullGraph.xml X

File Graphs

| Read |>—)|Ealibrltion HSpe:kle-Fihr '.—>|-Terriin-!:urrectiur|
CreateStack
| Read(2) |>—)|Calihr:tiont2] Hspeckle—FiIlertZI |>—)|-Terriin-torre:tiont!l
A
|Lind-l:mr-Mlsll Hsm-nielemi:-mueling |-(—|nddLIndl:mr HIEM-Mrid-Imrsion |

=

W
£

>

Correction(2) CreateStack AddlandCover SM-Dielectric-Modeling Land-Cover-Mask  write  IEM-Hybrid-Inversion <J_J

UGty ToeEx A
RDC

outlier

debug

land_cover_AAFC Canada 2012 Crop
land_cover_AAFC Canada Clay Pct
land_cover_AAFC Canada Sand Pct

Land Cover Band: land_cover_AAFC Canada 2012 Crop

Valid land cover dasses: 110 Grazsland

120 Agriculture {(undifferentiated)
121 -

127 Hay / Pasture

124 -

125 -
130 Too Wet to be Seeded
131 Fallow

Include all other bands

Load &l Save ?} Clear @ Mote @ Help D Fun
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Soil Moisture Processing with the Soil Moisture Toolbox in SNAP -

Hybrid Scheme :

o €2 Graph Builder : Hybrid_FullGraph.xml ®
Write Output

File Graphs

1. Browse and name the output file

| Read |>—)|l:alibration HSpeckle-Fiﬂ.er |.—>|-Terrain.currectiun |.|I
2 * S e | e CT -I- h e G p p rO p rl G Te fo rm G -I- fo r T h e re 1T| eV e d | Read(2) |’_’|Calihraﬁnnt21 |"’|Speckle-FiIlertZI |>—)|-Terrain—!:orrectiontz: cremﬂ
soll moisture product

| Land-Cover-Mask |.(—‘ SM-Dielectric-Modeling AddLandCover IEM-Hybrid-Inversion |
3. Run the module A -

Zorrec tion(2) CreateStack AddlLandCover SM-Dielectric-Modeling Land-Cover-Mask Write  IEM-Hybrid-Inversion 4
Target Product

Mame:
R52-5LC-FQ2W-ASC-13-May-2016_00.07-PD5_0505 ?64D_Ca|_5|3k_TC_5tad&_5M_l|

Save as: | BEAM-DIMAP w
Directory:

NASA's Applied Remote Sensing Training Program
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oil Moisture Processing with the Soil Moisture Toolbox in SNAP -
Hybrid Scheme

8 [3] sm - RS2-5LC-FQ2W-ASC-13-May-2016_00.07-PDS_05057640_Cal_Spk_TC_Stack_SM - C:\Users\jiaox\NASA_training\RS2-SLC-FQRW-ASC-13-May-2016_00.07-PDS_05057640_Cal_Spk_TC_Stack_SM.dim - SNAP - O X
File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help
N Gep ogo Gop AN
aB aniEeer XExC s QA AINVEGORE
Product Explorer X | Pixelinfo | - =%
RSZ-5LCFQ2Vi-ASC-13-May-2016_00.07-FD5_05057640_Cal_5F , E
23 Metadata g
E3 Index Codings E
33 vector Data =
-3 Bands =
B
8 quality index =
RDC 5
outer =
debug %
land_cover_AAFC Canada 2012 Crop ]
land_cover_AAFC Canada Clay Pct
land_cover_AAFC Canada Sand Pct
=
sm_masked =
quality index_masked B
ROC_masked z
outlier_masked 3
debug_masked &
land_cover_AAFC Canada 2012 Crop_masked
land_cover_AAFC Canada Clay Pct_masked
land_cover_AAFC Canada Sand Pct_masked v
< >
-L..| Colour M... x [uncertainty ... |World view | —
Editor: (O Basic @) Slders () Table 2 lﬁ‘
=
Hame: o &
Unit: m~3water/m~3eail | 9% 100
Min: 0.029 TE&E
Max: 0.55 =
Rough statistics!
0
w N o o o
= 3 - - r
F @ om o3 =
nohR
MW
2 More Options @
X 5482Y 538 Lat 49°40°21" N Lon §7°43 28" W Zoom 1308.9:1 Level 2

Soil moisture map obtained by inverting the IEM and using a pair of RADARSAT-2 images
acquired May 12/13, 2016, in Southern Manitoba

NASA's Applied Remote Sensing Training Program
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Processing Multi-Frequency Data for Use in
Crop Classification



TerraSAR-X

Overview of the TerraSAR-X Scanning Modes - Revisit time: 11 days

Image Credits: DLR
NASA's Applied Remote Sensing Training Program 122 N\
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https://www.dlr.de/dlr/en/desktopdefault.aspx/tabid-10382/570_read-431/#/gallery/356

TerraSAR-X StripMap Dual Pol Data

TerraSAR-X StripMap dual polarization Multi-
Look Ground Range Detected (MGD) product

« Nominal Resolution: 1.2 m (range) * 6.6 m
(azimuth)

« Nominal Scene Size: 15 km (range) * 50 km
(azimuth)

 Dual Polarization: HH& VYV, HH&HV, or VV and
HH

NASA's Applied Remote Sensing Training Program

File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help |Q' Search (Ctrl+)
= = GCP (] GCP v
aB INnBLee T INVERDe@:

| - ual Pol Ratio ¥ O

Product Explorer X | Pixel Info

= [1] TSX1_SAR_MGD_RE_ SM_D_SRA_201¢
-2 Metadata
Cl Vector Data
G- (@3 Tie-Point Grids
I:l Quicklooks
E}a Bands

...... B Amplitude_vH

[ ntensity_vH

------ @l Amplitude_vv

) Intensity_wv

X —-Y - Lat Zoom — Level —

TerraSAR-X StripMap dual pol MGD data

acquired on July 27, 2016, over Carman,

Manitoba, Canada
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Pre-Processing RADARSAT-2 Data with SNAP

Extract Backscatter

Speckle Terrain

Calibration Filter Correction

NASA's Applied Remote Sensing Training Program [PZ i
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Pre-Processing TerraSAR-X Data with SNAP

Graph Builder
* Import the data

« Calibrate pixel value to radar backscatter

« Gamma map filtering,
/ by 7 window size
 Terrain Correction:
— bilinear interpolation
resampling
— 5 m pixel spacing
— UTM zone 14 projection

File Graphs

[ Read Hcmihraﬁnn|.—>|Spe=u|=-rin.=r).—:{Temin-t:nm:uonH Wirite ‘

<

Read Write Calibration Speckle-Filter Terrain-Correction
Target Product

Name:
TSX1_SAR_MGD_RE__SM_D_SRA_20160726T 125458_20 160726T 125506_Cal_Spk_TC

Save as: BEAM-DIMAP ~
Directory:

C:Wsers\jiaox\MASA_training

Open in SNAP

Processing completed in 60 seconds (11 MB/s 2 MPixelfs)

tod | Wsave | %ycer | [Frwoe | @) rep

[> run

E [2] Dual Pol Ratic Sigmal VW+VH RGBE - TSX1_SAR_MGD_RE_ SM_D_SRA_20160726T125438_20160726T125506_Cal_Spk_... — O *
File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help |Q‘ Search (Ctrl+1)

= N Gep ago GeP - .
aPZ B Lsee TEmQrOAANNTEYOR: v
Product Explorer X | Pixel Info | - m [2] Dual Pol Ratio Sigmal VW+VHRGE X ¥ 0O =
=B [1] TSX1_SAR_MGD_RE_ SM_D_SRA_201€ g
(- (30 Metadata £
- (E3 Vector Data =
i o
G- (33 Tie-Point Grids i
=

I:l Quicklooks
E}a Bands
B Amplitude_vH
Intensity_VH
i Amplitude_vv
e [F] Intensity_wv
- [2] TSX1_SAR_MGD_RE_ SM_D_SRA_201€
#-E Metadata
I:l Vector Data
E}a Bands

------ B siomao_wH

------ B sigmao_w

< >

x| =

Navig... |Colou... |I.Inoer... |
- A

500 Km

Off Globe

X —¥ — lat —lon — Zoom — Level —

Jabeuely 1a4e [m

I2BELE|] HSEl @

NASA's Applied Remote Sensing Training Program
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Sentinel-1

° C OverG g e Extra Wide Swath 7 (EW) Isr:z:;ero{mtric Wide Stripmap 7 (SM) Wave 7 (WV)
: M M Acquired with TOPSAR using 5 sub- Acquired Used in rare circumstances Default mode over
- S e n TI n e |_ ] C O n S I STS Of TWO S O -I-e | | I -I-es : A swaths instead of 3, resulting in with Tt;P':'\.ﬁ.F{. Default mode to support emergency- oceans; VV polarization.

lower resolution (20m-x-40m). over land; 250km swath management services, 5m-x-  Data acquired in 20km-x-
(20 ] 4) G n d B (20 ] 6) ntended for maritime, ice, and pola width; 5m-x-20m ground 5m resolution over an 80km  20km vignettes, 5m-x-

zone services reguiring wide resolution. swath width. 20m resolution, every

coverage and short revisit times. 100km along the orbit.

— Each Sentinel-1 satellite has a 12 day

repeat cycle Product Type for IW Mode:
— The two satellites offer a 6-day exact Resolution -2

Acg. Praduct Type Reséll]::smn [Rng x Azi] 1 No. Looks

repeat cycle af the equator in the Mode > 8201° | [Rug < Al
interferometric wide swath mode of p
acquisition - e _

ME

Satellite Image Credit: ESA/ATG medialab

NASA's Applied Remote Sensing Training Program
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https://www.esa.int/spaceinimages/Images/2014/02/Sentinel-1

https://vertex.daac.asf.alaska.edu/

I.lé\f ALASKA SATELLITE FACILITY

the Alaska Satellite Facility's da ensed imagery

poartal for remotely

Vertex Interactive Tours « Help - ASF Home

Geospatial Granule Missions

v Geographic Region

I

Option 1: Click on map and move cursor

Option 2: Enter coordinates:

|—98_28, 45.71,-96.73,49.06.-97.44,49.06,-97 52,49.7,-96.28.45 |
e.g., -102,37.99,-94,37,-94,39,-102,39,-102,37.59
Counterclockwise, decimal degrees, (long,fat)

¥ Date

I

[l seasonal Search

Start Date (yyyy-mm-dd)

2016-06-01 2
End Date (yyyy-mm-dd)
2016-08-01 =

v Dataset

Select: All | None

Copyright € 2018 Alaska Sateflite Facility
Wertesx: ASF's Data Portal V2.58.00-45
Phone: {(007) 474-5041 %4 Contact

NASA's Applied Remote Sensing Training Program

o]

Access Sentinel-1 SAR Data from Vertex

Number of Frames

Vertex

2 Earthdata Login Download Queue [f]  Contact

Find

World Map | South Polar

Imagery 2018 T

Showing 1 to 35 of 36 entries

Sentinel-1A EW 2016-08-01 4
S1A_EW RAW_ 0.

Path 85, Frame 423, HH+HY

Flight Direction Descending

Absolute Orbit 12407

Data source ESA

@ Details | * Queus | F Baseline

Sentinel-1A IW 2016-07-31
S1A_IW_RAW_ 0.
Path 63, Frame 159, VW+WVH
Flight Direction Ascending
Absolute Orbit 12385
Data source ESA
3@ Details | * Queue | /F Baseline

Sentinel-1A IW 2016-07-31
S1A_IW_RAW_0... — g
Show| 100 w | entries Previous Mext

21+

Add to Queue by Type a

U is an AAED employer and educational institution and prohibits illegal discrimination sgainst any individual:
www.alaska.edwnondiscrimination. y,
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Sentinel-1 Ground Range Detected Data

Sentinel-1 IW mode ground range detected
product:

 Nominal Resolution: 20 m (range) * 22 m
(azimuth)

250 km swatch
Dual Polarization: HH /HV, or VV/VH

GRDH:

— ground range detected

— high resolution

— Multi-Looked: 5§ (range)*1 (azimuth)

— Number of looks and project to ground range

Phase information is lost

NASA's Applied Remote Sensing Training Program

H [1] Dual Pol Ratio Intensity VW+VH RGE - 51A_IW_GRDH_15DV_20160707T001531_20160707T001556_012035_01298D_10F...  — O x
1

File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help

Qur Search (Ctrl+)
SR nEsazaex<Exl 0 AN VEY@R:

Product Explorer X | Pixel Info | — | | [1) bual Pol Ratio Intensity WW+VHRGE X > O g

=8 [1] S1A_IW_GRDH_1SDV_20160707T0015

nnnnnnnnnn

Sentinel-1 GRDH dual pol data
acquired on July 7, 2016, over
Carman, MB, Canada
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Pre-Processing Sentinel-1 SAR GRDH Data with SNAP

Extract Backscatter

Calibration
Apply-Orbit- (DN to

Terrain

Speckle-Filter Correction

File Backscatter
Conversion)

NASA's Applied Remote Sensing Training Program 129 NG
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Apply the Precise Orbit File

* For Sentinel-1:

— During the acquisition the satellite position is recorded by a Global Navigation Satellite

System (GNSS)
— To assure fast delivery of Sentinel-1 products orbit information generated by an on-board
navigation solution are stored within the Sentinel-1 Level-1 products

— The orbit positions are later refined by the Copernicus Precise Orbit Determination (POD)

Service

— Precise orbit files have less than 5 cm accuracy and are delivered within 20 days after
data acquisitions

— The accuracy of restituted orbit files is less than 10 cm. The files are available 3 hours after
data acquisitions

— The orbit information of Sentinel 1 can be downloaded from the ESA website
(hitps://gc.sentinell.eo.esa.int/)

SNAP downloads orbit files and stores these into the folder .../auxdata/Orbits/Sentinel-1/

hitps://www.asf.alaska.edu/sentinel/data/
NASA's Applied Remote Sensing Training Program 130 \ ;
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https://qc.sentinel1.eo.esa.int/
https://www.asf.alaska.edu/sentinel/data/

Pre-Processing Sentinel-1 SAR GRDH Data with SNAP

Graph Builder
{38 Graph Builder: Sentinal_single.xml . B T : —
« Import the data

Fas Window Help Q- Search (Ctrl+)
GCP

1 (S enBLTe XEwL A BAAT N VE OB |

. . Product Explorer | Pixel Info - 'ﬂ [2] Dual Pl Ratio Sigmal VV-+VH RGE x| O
L Ap ply OrbIT fl | e |5 & [1] S1A_TW_GRDH_15DV_20 160707T0D15]
@ (3 Metadata
()33 Vector Data
&[22 Tie-Point Grids

* C O | i b rO Te p ixe | V O | U e TO ‘ Read anpu—nrbit—ﬁle Hc:librlﬁon I-—_.}Specm.rmer H'lenlin-(:oned.ion | i

ter Optical Radar Tools

«
A prpold (|

=-E8 Bands
[l Ampitde_vH

[ Intensity_v4
radar backscatter b e

S-E [2) S1A_IW_GRDH_15DV_20160613T0015]

« Gamma Map filtering, 3 l | e

Jabeuey take ([

=4 &
< > = Bands z
. . il sigmad_vH 8
y WI n OW S Ize Raad Apply-Orbit-File Calibration Speckle-Filter Terrain-Correction  Write B siomeo_w
Source Product < 3 g
Name: :

Mavig... .Calo e | B e x —.
[1] 51A_IW_GRDH_15DV_20160707T001531_20160707T001556_012035_012980_10FB o[- ... | Colou... [Uncer... | |

e Terrain Correction:

— Bilinear interpolation
resampling

— 30 m pixel spacing
— UTM Zone 14 Projection S B (e b [ @ | Do

Data Format: Any Format

B = Lat - Lon = Zoom — Level —

NASA's Applied Remote Sensing Training Program 131
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.

« RADARSAT-2 Wide Fine Quad-Pol images acquired on July 3rd 2016, July 27th and
August 20th 2016

» TerraSAR-X StripMap dual pol MGD images acquired on July 26th and August 17th,
2016

« Sentinel-1 IW mode GRDH images acquired on July 13th, July 7th and July 31th,
2016

Images Feed Into the Classifier

h NASA's Applied Remote Sensing Training Program 132 53
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File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help
SR ONGASR HEERC P 0A AT VVEYOR: \ DBED

Product Explorer % Pixelinfo |
I [1] TSX1_SAR_MGD_RE__SM_0_SRA_I01607267 125456_20160 7257 125506 _Cal_Spkc7_TC
=[O Metadata
(31 Vector Data
= 3 Bands
- VH_TSY_20180736
B v rsi_meare
S8 [2 rs2 backecatter_20150727
#-[0 Memtaclsta
& 0 vectw Data
#=-[ Bands
= @[3 514_TW_GRDH_15DV_20150707T001531_20160707T001556_012035 012960 _10F8_Orb_Ca
& (3 Metadam
=[O Vectsr Data
&3 Bands
<@l sigma0_v
-~ sigme0_yv

—|[@are =

<

-Nmnmon-IJJ... X -;:olourl!lnnula‘u... !-UI'W.el‘Ilinl‘l' Ui!ull...‘\\lorl-d\fuw

T SSSH|

1:65.26 I o=

TerraSAR-X StripMap
dual pol MGD images
acquired on Jul 26
and Aug 7, 2016

NASA's Applied Remote Sensing Training Program

T F[ﬂﬂmlpdmmsgranwwunm x|

RADARSAT-2 Wide Fine

Quad-Pol images

acquired on Jul 3, Jul

27, and Aug 20, 2016

. ] =)

i Lat — Lon =

Sentinel-1 IW mode
GRDH images
acquired on Jul 13, Jul
/7, and Jul 31, 2016
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Subset Raster to AOI

File Edit View Analysic Layer Vector Raster Optical Radar Tools Window Help Qr Sea 1
285 v ANy Edes «MEHD

« Go to Raster Menu >>
Subset:

a) Spatial Subset tab — |
enfer the upper left and el il e —

North latitude bound:

u x
@@ [5] TSK1_SAR_MED RE_5M _D_SR
i 6] S14_IW_GRDH_15DV_2016070

ARIT 0

sbeueiome ) | mbeus mien )

lower right coordinate _ ok s

Seene step X:

under geo coordinates “othiles ==

Seurce scene width:
Source scene height:

[ Fic fidkl widith

b) Band Subset — select — BN o
bands you wish to '
subset

c) Metadata Subset:
leave as defaulf — - B

FhEepRp
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Co-Registration of Subset Images

2
§%

indow Help Search (Ctri+]
ORIkl > AR BLSBNERr0AASNVEOORE ¢ UV IEZETAos

« Spatial alignment of images

« Go to Radar Menu >> Coregistration
>> Coregistration:

a) ProductSet-Reader: Click Plus
sign with line over top adds all
open imagery — Click Revolving —__. r— .
Arrows refreshes metadata * : =

b) Create Stack: Resampling Type
— Bilinear_Interpolation — Click
Find Optimal Master

c) Other tabs: leave as default; S e e
ensure Write folder is not over-
writing previous files

d) Click Run and Close window
when completed

BOwe 247 )

sy o) Gy
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Exporting Data Stacks Out of SNAP

File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help (Q Search (Chrl4)

* SDCITICH Olignmen’r of @ oo JAIDE & ;..Jm.xmeamﬂticliz RBELSEXEm L 0QA A\ VEYORE BV OTETA

2
i

| S Product Library = 5
y L : v E
. Close Product LUt g
I I I l G g eS Cloge Al Products 5
g
Close Other Preducts 5

Save Product st_26ul2016

— Go to Radar Menu >> = ik

1abeURyy 40T ()

»
Projects ' v3 oanzo00
. Impon £
e >>export >> a ’
P SAR. Formats ¥

] ; Hv—;;‘)—;l:m—; SMOS EE Files to NetCDF...

L4 .
select file format .fif
o B W_rs2 20150727 5l SMOS Grid Points ...
@ HH_rsz_20150820 = JPEG-2000
B Hv_Rs2_20160820 5 csv
@ vH_Rs2_20150820

« Canuse fif inR, Python &=

bouy yeel )

EB SNAP - Export Product

[ Navigation - [8... x | Colour Mani ENVI iew -
e G Save in: MNASA_training
) HDF5
.

MNetCOF4-BEAM
MNetCDF4-CF
MetCDF-BEAM
MetCDF-CF

Subset...

processing_1

=
Recent Items Raw
R52-5LC-FO2W-ASC-13-May-2016_00.07-PD5_05057640_Cal_Spk_Ti

RS2-5LC-FO2W-ASC-13-May-2016_00.07-PDS_05057640_Cal_Spk_T
[l RS2-5LC-FQ16W-DES-12-May-2016_12.45-PDS_05057630_Cal.data
Desktop RS2-5LC-FQ16W-DES-12-May-2016_12.45-PDS_05057630_Cal_Spk_G
RS2-5LC-FQ16W-DES-12-May-2016_12.45-PDS_05057630_Cal_Spk_G
RS2-5LC-FO16W-DES-12-May-2016_12.45-PDS_05057630_Cal_Spk_G

= S1A_IW_GRDH_15DV_20160613T001530_20160613T001555_011685_01
Documents TSX1_SAR_MGD_RE_SM_D_SRA_20160726T125458_20160726T125508
= R52-5LC-FO2W-ASC-13-May-2016_00.07-PDS_05057640_Cal_Spk_Tt
[‘ 5| R52-5LC-FOQ16W-DES-12-May-2016_12.43-PD5_03057630_Cal_Spk_G
~= Zoom - Level —
This PC
< >
Y Ferore  [Rs2 TS senmne 1 som U
Netwark )
stwar Files of type: | GeoTIFF [ BigTIFF data product (=.tif, % tiff)  « Cancel
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