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Objetivos de Aprendizaje

Al finalizar esta presentacion podran entender:

« cOmo las diferentes configuraciones de SAR afectan la sefial en relacion a los
suelos y cultivos

» el contenido informatico en las imagenes SAR relevante a las condiciones del
suelo y los cultivos

* los parametros optimos de los sensores SAR para aplicaciones agricolas

e« cOMoO asimilar, pre-procesar y procesar datos SAR para la clasificacion de cultivos
y la estimacion de la humedad del suelo
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SAR- Aspectos por Considerar

o Al planificar la recoleccion de datos SAR y al interpretar la sefial de SAR, siempre
hay que considerar tres caracteristicas del sistema

» La interpretacion de la sefial de SAR siempre se hace en relacion a estas
caracteristicas

\/\/frecuencia o longitud de onda

polarizacion

@ CCRS | CCT

geometria (Angulo de incidencia
y direccion de mirada o look
== direction)

Fuente de las Imagenes: Polarization & Geometry CCRS/CCT
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https://arset.gsfc.nasa.gov/

Frecuencia o Longitud de Onda

Seleccion de la frecuencia mas efectiva

» considere el tamarfio de los elementos en la superficie en relacion a la frecuencia del SAR.
Para maximizar la dispersion, elija ondas con longitudes de tamano comparable o menor
a estos elementos

* ¢(esimportante penetrar a traves del medio (vegetacion, suelo), o es la meta maximizar la
dispersion en la superficie? Las frecuencias bajas (ondas de mayor longitud) ofrecen mayor
penetracion

 ¢esla meta maximizar o minimizar la sensibilidad a la rugosidad de la superficie? Una
onda de frecuencia baja vera una superficie como lisa mientras que una onda de
frecuencia alta vera la misma superficie como rugosa

¢ Cual es la mejor frecuencia para el monitoreo agricola? jDepende!

 humedad del suelo: las ondas de mayor longitud (como Banda-L) son mejores porque
penetran la vegetacion mejor e interactuan con el suelo

 clasificacion de cultivos y modelacion biofisica: depende de la vegetacion

e es necesario penetrar lo suficiente a traves de la vegetacion (por ejemplo, utilizando
Bandas L- o C para maiz,) pero no demasiado ya qgue puede haber interferencia del suelo
(Bandas C o X para cultivos de menor biomasa como soya)
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El Poder de Utilizar Multiples Frecuencias
Integracion de datos de RADARSAT-2, ALOS y TerraSAR-X, Manitoba (Canada)

X (3,1 cm)
C (5,5 cm)
L (22,9 cm)

maiz

B RADARSAT-2 VH 10 de julio de 2016
I TerraSAR-X W 10 de julio de 2016
B ALOS VH 9 de julio de 2016
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Angulo de Incidencia

El Angulo de incidencia determina

,/ N * la contribucion de diferentes elementos de la
superficie a la retrodispersion. Los angulos
menores interactuan mas con el follaje de la
P vegetacion; los angulos mayores permiten
gue la senal pase de largo hasta el suelo sin
iInteractuar con el follaje

e cuan aspero o rugoso el SAR percibe los
elementos en la superficie. Las superficies se
ven “mas lisas” desde un angulo mayor. Los
efectos mas significativos del angulo de
iIncidencia se observan en las superficies mas
lisas

 |a profundidad de |la penetracion de la sefal
a traveés del medio

AN
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Angulo de Incidencia

 |a retrodispersion disminuye al incrementar el angulo de incidencia

la tasa y funcion de la disminucion dependen de las caracteristicas de la superficie

por lo tanto, cuando un radar observa la misma superficie en diferentes angulos, la
retrodispersion sera diferente

PRECAUCION: para detectar cambios a través del tiempo, no mezcle angulos
(utilice repeticiones exactas)

para estimaciones biofisicas, esta bien mezclar angulos si es que el modelo toma en
cuenta el angulo de incidenciT ____________

SMOOTH SURFACE (ROUGHNESS
MUCH SMALLER THAN RADAR
E /_ WAVELENGTH)
2 -
w INTERMEDIATE |
= /_ SURFACE )
[+ g8 ROUGH SURFACE
@ B o (ROUGHNESS MUCH
2 ': LARGER THAN RADAR
& g WAVELENGTH)
< i W
w e
@ o \...__‘.
e mas aspero mas liso _
RADAR INCIDENCE ANGLE, degrees menor tasa de cambio mayor tasa de cambio

Fuentes de Imagenes: (izq.) Ulaby et al. (1981a); (der) SOEST University of Hawal’i

con el angulo con el angulo
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Polarizacion

La polarizacion determina

« cOmMo las microondas transmitidas interactuan con la superficie

— si la superficie (por ejemplo, vegetacion) tiene una estructura vertical dominante, las
ondas en polarizacion vertical (V) se alinean con esta estructura y crean mas
retrodispersion. Con las ondas de polarizacion horizontal (H), menos de la energia

interactua con la estructura vertical de la vegetacion y mas ondas llegan al suelo a
traves del follaje

« al considerar las sefiales de transmision y recepcion, la cantidad de energia que es
repolarizada (se transmite H pero se recibe V: se transmite V pero se recibe H) para crear
polarizaciones cruzadas (HV o VH), depende de la estructura de la superficie

¢ Cual es la mejor polarizacion para el monitoreo agricola?

 HV o0 VH es la mejor polarizacion para la identificacion de cultivos o para la estimacion
biofisica de cultivos

* la segunda mejor polarizacion normalmente es VV
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Caracteristicas de la Superficie y su Influencia sobre la Dispersio

Los SARs responden a dos caracteristicas fundamentales de la superficie: (1)
estructura o rugosidad, (2) contenido de agua

 Rugosidad (o aspereza) : es caracterizada por dos parametros, la
varianza de la media cuadratica (root mean square o RMS) y la longitud
de correlacion (I) de la superficie

* Raiz de la media cuadratica (RMS o root mean square): la variacion
estadistica del componente aleatorio de la altura de la superficie relativo
a una superficie de referencia (en mm o cm)

* Longitud de correlacion (1): funcidon de autocorrelacion que mide la
independencia estadistica de la altura de la superficie en dos puntos,
separados por una distancia x’. La longitud de correlacion es igual a la
distancia de desplazamiento x’ para la que p(x’) esigual a 1/e. Silos dos
puntos estan separados por una distancia mayor a |, sus alturas se

consideran estadisticamente independientes.
Para los suelos esto significa

* rugosidad aleatoria causada por la labranza (y otras operaciones
agricolas) modificada por la erosion y fendmenos meteoroldgicos
» estructuras periodicas lineales son causadas al arar o sembrar
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Efectos de la Rugosidad sobre la Retrodispersion

« |la retrodispersion incrementa con la rugosidad del — La senal de

suelo radar

; 3 , anticipada
* |os suelos mas rugosos se ven mas brillantes en las

imagenes SAR T ——

Elimpacto de la rugosidad en la retrodispersion w
depende de la frecuencia y el angulo de -
incidencia. La rugosidad es un concepto relativo.

Incident Wave Incident Wave

Segun el criterio de Rayleigh, un suelo es liso si es que \ :“ N

1 — Py o N\

Scosd

h <

donde h representa la variacion en la altura de la
superficie en cm, A es la longitud de onda encmy©6
es el angulo de incidencia en grados
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Todo es Relativo

Una rugosidad menor que “h” seria “vista”

como lisa por el SAR

Angulo de incidencia de 30°

TerraSAR-X (3,1 cm) h<0,45cm
RADARSAT-2 (5,6 cm) h<0,81cm
PALSAR (23,6 cm) h<3,42 cm
Angulo de incidencia de 50°
TerraSAR-X (3,1 cm) h<0,60cm
RADARSAT-2 (5,6 cm) h<1,09cm
PALSAR (23,6 cm) h <459 cm

Fuente: 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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TABLE I | , N
AVERAGE RANDOM ROUGHNESS (s) VALUES: A {_—Y &
BASED ON SINGLE TILLAGE OPERATIONS [12]. R & ¥
N Q =
P, P\ S
q <&
Tillage Operation s (cm)
Large offset disk 5.0
e
Moldboard plow 3.2
Lister 2.5
Chisel plow 2.3
Disk . 1.8
Field cultivator 1.5
Row cultivator 1.6
Rotary tillage 1.5
Harrow 1.5
Anhydrous applicator 1.3
Rod weeder 1.0
Planter 1.0
No till 0.7
Smooth 0.6 |

Viewed by SAR as smooth at 50°

Viewed by SAR as rough at 50°
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Efectos de la Vegetacion

La escala es muy diferente a la que se usa La estructura de los cultivos de soya, trigo

para imagenes opticas y maiz varia de manera significativa
La dispersion de microondas de mayor La estructura también cambia segun el
longitud es afectada por crecimiento del cultivo

a) estructuras de cierta escala (tamano,

formay orientacion de las hojas, tallos y
frutos)

b) el volumen de agua en la vegetacion (a
nivel molecular)

¢Por qué SAR es tan sensitivo al tipo de
cultivo y el desarrollo de estos?

e La estructura de los cultivos varia de
manera significativa de un tipo de cultivo

a otro y durante sus diferentes etapas de
crecimiento
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Tipos de Dispersion

« cuando la senal de microondas llega a una Numero de Eventos de Dispersion
>2

superficie, la onda experimentara uno, dos, 0 mas
eventos de dispersion

1 2
 un cambio de polarizacion (ej. de H a V) se conoce
como repolarizacion.

* el nimero de eventos determina el tipo de dispersion,
la intensidad de esta y los cambios en fase

* |los eventos de dispersion dependen de la estructura y
geometria de la superficie

 normalmente hay un tipo de dispersion dominante

v ) hor e

» en superficies distribuidos a menudo ocurre dispersion maizal con cultivo de

. o . suelo
secundaria o terciaria y una mezcla de tipos de canola en
dispersion a menudo caracteriza estas superficies expueslo estruciura
| | | | | vertical definiday €tapade
tipo de dispersion + mezcla de eventos de dispersion + un espaciado formacion

caracteristicas de la fase + intensidad

o . . . amplio entre las
= indicaciones sobre tipos y condiciones de cultivos

filas
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¢, Cual es la Influencia del Agua?

Se sabe que SAR es sensitivo a la humedad, pero ¢ por qué?

« el agua (H,0) es un dipolo: el lado de la molécula donde esta el
oxigeno lleva una carga neta negativa mientras que el lado con
los dos atomos de hidrogeno tiene una carga neta positiva

e por lo tanto, cuando se aplica un campo eléctrico (por ejemplo,
microondas), la molécula rotara y se alineara con este campo
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¢, Cual es la Influencia del Agua?

» el agua (H,0) es un dipolo: el lado de la molécula donde esta el oxigeno lleva
una carga neta negativa mientras que el lado con los dos atomos de hidrégeno
tiene una carga neta positiva

e por lo tanto, cuando se aplica un campo eléctrico (por ejemplo, microondas), la
molécula rotara y se alineara con este campo aplicado

e constante dieléctrica: una medida de la facilidad
con la que las moléculas dipolares rotan en
respuesta a la aplicacion de un campo

« constante dieléctrica (€): un valor complejo
que caracteriza tanto la permitividad (g’)
(real) como la conductividad (g”) (imaginaria) de un material

e=¢ -jg"
* |a constante dieléctrica real varia entre ~3 (muy seco) y 80 (agua)
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¢, Qué Significa Esto para SAR?

* una microonda continuara a propagarse hasta encontrar una discontinuidad
dieléctrica, como sucede cuando hay agua en la superficie

 cuando se aplica un campo eléctrico, las moléculas de agua que estan libres (no
fuertemente entrelazadas entre si) rotan facilmente para alinearse con el campo
eléctrico (positivo a negativo)

 hay poca resistencia y poca de la energia almacenada en la rotacion se pierde
cuando la onda pasa y la molécula se relaja. La mayor parte de la energia
almacenada se libera.

e si hay muchas moléculas de agua presentes, se almacena vy libera una gantidad
significativa de energia. Cuando hay poca agua presente, poca
energia es almacenada.

e cuando esta energia almacenada se libera (y
dependiendo de la estructura) esta energia sera
dispersada de vuelta hacia la antena del radar

Fuente de la Imagen: Anton Paar
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¢, Qué Significa Esto para SAR?

* una fuerte relacion positiva entre la constante
dielectrica real y la retrodispersion

« una fuerte relacion positiva entre la constante
dieléctrica real y la humedad del suelo

* mas agua en la superficie = mayor retrodispersion
= retornos mas brillantes

 aplica a CUALQUIER superficie (e.g. suelo, vegetacion)

- La profundidad de penetracion (5,) en el suelo y/o §
cultivos es determinada por la dieléctrica (), Ch> W i e
longitud de onda (A) y angulo de incidencia Vista Compuesta Multi-

., : fecha de RADARSAT-1,
* la penetracion aumenta con la longitud de onda Y saskatchewan (Canada)
es mayor cuando la superficie (suelo o cultivo) esta
mas seca Sy e

=2EF'

% : ._._:n
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Una Complicacion: El Medio Ambiente

Antes de utilizar datos SAR siempre, siempre, siempre revise las
condiciones meteorologicas en el momento de adquisicion de la
imagen

Regla No. 1: Nunca utilice SAR si estuvo lloviendo en el momento de

adquisicion

« ;Por que? Aungue SAR supuestamente funciona bajo cualquier
condicion meteorologica, no incluye la recoleccion de datos durante

precipitaciones porque el agua en la atmaosfera causa que la senal de
SAR se disperse. En algunas regiones del mundo este riesgo es diurno.

Regla No. 2: Nunca utilice SAR para estimar la humedad del suelo si el
suelo esta congelado

e ;Por queé? La constante dieléctrica se reduce a casi cero cuando el
agua se congela. Por lo tanto, aunque haya agua en el suelo, el SAR
vera el suelo como seco. SAR puede detectar eventos de

congelamiento/descongelamiento. El congelamiento a menudo ocurre
de noche.

NASA’s Applied Remote Sensing Training Program
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Una Complicacion: El Medio Ambiente

Regla No. 3: Considere la posibilidad de la presencia de rocio en
las adquisiciones matutinas

» ;Por que? La presencia de agua sobre las hojas incrementara la
retrodispersion (un gran problema para la modelacion
biofisica). Si hay una cantidad significativa de agua sobre la
vegetacion (inmediatamente después de una lluvia), el
contraste entre diferentes superficies puede ser reducido. El
rocio es mas prominente en regiones templadas en las primeras
horas de |la manana.

* Elija orbitas (ascendente - vespertino; descendente — matutino)
con precaucion

« Siempre averigle las condiciones meteoroldgicas
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Aplicaciones de SAR para el Monitoreo Agricola

Heather McNairn, Xianfeng Jiao, Sarah Banks y Amir Behnamian

4 de septiembre de 2019




Objetivos de Aprendizaje

.

* Al finalizar esta presentacion, usted podra entender:
— como estimar la humedad del suelo a partir de datos RADARSAT-2
— como procesar datos multifrecuencia para la clasificacion de cultivos

h NASA’s Applied Remote Sensing Training Program
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SNAP: Sentinel’s Application Platform

=» SNAP | Sentinels Application Platform

Done loading modules.

i

 ESA SNAP es el Toolbox gratuito y de fuente abierta'para procesar y analizar datos de
Imagenes obtenidos por satélites de observacion de la tierra de la ESA y de terceros

 Pueda descargar los ultimos instaladores de SNAP en esta pagina:
: — http://step.esa.int/main/download/snap-download/
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Estimando la Humedad del Suelo con Datos
RADARSAT-2



RADARSAT-2

Satellite Velocity Vector

= ScanSAR Wide

. # Ocean Surveillance
AP v ) = ScanSAR Narrow
e = ey L, Wide "EXEndedHigh L qhip petection
W . | ees ' = Extended Low
e = Standard
i CT & | Wide Standard Quad-Pol
] Z e | : = Standard Quad-Pol
E i} 7 “ 1 Wide Fine Quad-Pol
; e == Fine Quad-pol
[ LB 2 ‘ ¥ Wide Fine
i /’, - 1007 ) Fine
E 2 \ S "  Wide Multi-Look Fine
i .7 250km - # Multi-Look Fine
. /bl\m T " & Exira-Fine
 Wide Ultra-Fine
7 oA # Ultra-Fine
= Spotlght All RADARSAT-2 beam modes available in right-looking (shown) or left-looking (not shown)
Resolution
Highest i ’ Lowest
Spotlight ScanSAR Wide 11350-4R1.CW

RADARSAT-2 SAR- Modos de Haz — Tiempo de Revisita: 24 dias

Fuente de la Imagen: MDA RADARSAT-2 Product Description
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Preprocesamiento de Datos RADARSAT-2 con SNAP

Extraer Retrodispersion

Filtro para Correccion "
P Escribir

Calibracion o
Speckle Topogréafica
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Preprocesamiento de Datos RADARSAT-2 con SNAP

Leer Imagen

m e WS RGR WD WP WP W %™ = e T

Product Explorer X | Pixel Info

* Producto RADARSAT-2 Wide Fine e
Quad-Pol single look complex (SLC): e

— Resolucion Nominal: 5.2m (Rango) *
7.6 m (Azimut)

— Tamano Nominal de Escena : 50 Km
(Rango) * 25 Km (Azimut)

— Polarizacion cuadruple (HH, HV,VH y
VV) + fase

— Producto complejo de mirada
singular de distancia oblicua,
contiene informacion sobre la

amplitud y la fase Datos RADARSAT-2 Wide Fine Quad-Pol FQ16W SLC
descendente adquiridos el 12 de mayo de 2016 sobre
Carman, Manitoba, Canada

Tibersity_HY
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Preprocesamiento de Datos RADARSAT-2 con SNAP

Calibracion: Convertir Valores de Pixeles en Retrodispersion de la Senal de Radar

M (2] Pauli RGE - RS2-5LC-FCH6W-DES- 12-May-2016_12.45-PDS_05057630_Cal - C:\Users\jiacx\MASA_training'R52-SLC- 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

Ch I B R P T N BESeR:  NEED

Radi L Calibrate

Prq‘.luﬂ[_E:ploler = | Pixel Info | Speckde Filtering » _Radlu:nﬂm v O 2
@ & [1] RS2-5LC-FQIEW-DES-12-May-2016_12.45-PD5_0! . =
=@ [2]RSZ5LCFQIEW-DES-12:May-2015_12.45505_0! ;:ﬁz:h::( : e P g
(33 Metadata 5-1 Thermal MNoise Removal g =
i1 (33 Vector Data Polanmetric H : g
31-E3 Tie-Pont Grids Geometric » =<

=23 Bands Sentinel-1 TOPS >
i [ Somat_HH ENVISAT ASAR » . %
@ someo_hv SAR Applications 5 &
= ::2‘::‘ Biomass » i ?
- Sail Moisture » %

SAR Utilties >
SAR Wizards 13
Complex to Detected GR
Multlocking

meeuep el B |
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Filtrado de Speckle

e El filtrado de speckle no es - Lee
una ciencia exacta —

depende de la imagen y -
del objetivo 1 Gammadap
« Un filtro para speckle ideal : . _
jl Filtrado - Multi-Temporal
— reduce el speckle Adaptivo
— preserva la nitidez en los i} Intensity Drive Adaptive
bordes Neighborhood (IDAN)

— preserva el contraste entre
lineas y puntos en el

Filtrado - Lee Refinado
_ .
Speckle - Lee Sigma

_leeRefinado
objetivo _
— retiene los valores medios -
en regiones homogeéneas Filtrado No
— retiene informacion sobre Adaptivo '
|a textura
§ Voda _
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Preprocesamiento de Datos RADARSAT-2 con SNAP

Filtro para Speckle- Gamma Map 5 x 5

= shap = o s
File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help )

% INELTE XY Aot 2N NvEoewm: \ IEED

Product Explorer X | Pixel Info Speckle Filtering 3 Single Product Speckle Filter Pauii RGE X|

| | W
| @ [1) RS2-5.CF0 16W-DES-12-May-2016_12.45-PDS_0! - 3
!_ = 1 J_:q ! T = =1 Coregistration Multi-temporal Speckle Filter g
& [3] RS2-5LCFQI6W-DES-12-May-2016_12.45-PDS_0) Interferometric ra | 5
=& [3] RS2-SLCFQIEW-DES-12-May-2016_12.45-P0S 0! SR =
5 0 Metadata Polarimetric | E’
(3 vector Data Geamelric 2
(k- 31 Tie-Paint Grids Sentinel-1 TOPS |
5 3 Bands ENVISAT ASAR s
- sigman_s+ SAR Applications | 2
Si 0_HV L
& Pma o Biomass F
@ Sigma0_w P | =
n Sioman_wv il Moisture 2
SAR Utilties 1
SAR Wizards =z
Complex to Detected GR z
Multilocking | =
| 3

File Help
- | ] Processing completed in & seconds (37 MB/s 25 MPixelfs)

1/0 Parameters Processing Parameters

Sigma0_HH
Sigmal_HvV
Sigmal_vr
Sigmal_Vv

WL L P

Filter:
Flter Size X (odd number): 5

Alter Sze ¥ {odd number): 5
Egtmate Equivaient humber of Looks [
Number of Looks: Lo
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Preprocesamiento de Datos RADARSAT-2 con SNAP

Correccion Topografica

:" [4] Pauli RGE - R52-5LC-FQ16W-DES-12-May-2016_12.43-PD5_05057630_Cal_Spk_Gamma3_TC - C\Users\jiacs\NASA,_training'\R52-5LC-FO16W-DES-12-May-2016_12.45-PD5_D3057630_Cal Spk_Gamma3_.. - [m} x ) )
. @ Range Doppler Terrain Correction X
File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help Q ri+l)
b 8 oor 5 v Orbit Fi e i I T HH 1
DB TE A% BT eeyomifie AENvRESew: - MEH File Help
Radiemetric B -
Product Explorer X | Pixel Info Speckle Filtering , Peukrce |[[H (4 PadireE x| v

-5 [1] RS2-5LCFQIEW-DES-12-May-2016_12.45-PDS_0! Cosagistiation If0 Parameters Processing Parameters
-8 [2] RS2-5LCFQ15W-DES-12-May-2016_12.45-PDS_0! T —
-8 [3] RS2-5LC-FQ16W-DES-12-May-2016_12.45-PD5_0! Rl Source Bands: Sigmal_HH
08 [4)RS2SLCFQISW-DES-12May-2015 1245905 o} Pelafimetrc. Sigmad_Hv
Geometric Terrain Comrection Range-Doppler Terrain Correction Si maD_ll'H
Sentinel-1 TOPS Ellipsoid Correction SAR Simulation = 'g K
ENAT ASAR SAR:Micsaic SAR-Simulation Tersin Comection i Sigma0_y¥
SAR Applications ALOS Deskewing i
Biomass Slant Range to Ground Range £
Soil Maisture pdate Geo Reference ﬁ
SAR Utilities
Sl B Digital Elevation Model: SRTM 1Sec HGT {Auto Download) w
Complex to Detected GR i
Multilooking = DEM Resampling Method: BILINEAR _INTERPOLATION v
i Image Resampling Method: BILINEAR_INTERPOLATION v
Source GR. Pixel Spacings (@z xrg):  5.49{m) x 8.0(m)
Pixel Spading (m): 10
Pixel Spacing (deg): 8.933152841195215E-5
| Navigation -[4] ... | Colour Manipul... Uncertainty Vis... World View x| = S -
iy T Map Projection: [ LUTM Zone 14 / World Geodetic System 1984
Mask out areas without elevation Output complex data
Qutput bands for;
Selected source band []oEM [ Latitude & Longitude

[ Incidence angle from ellipscid [ | 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

oKm_ Audliary File (ASAR only): Latest Auxliary File
| bt S
Off Globe
X =Y - Lot —len - Zoom -~ Level Run Close
FTETOU TRU3 ™ T586 7 0 Z37E SATAT 34 226 TRV e BUUTISETE
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Preprocesamiento de Datos RADARSAT-2 con SNAP

NASA’s Applied Remote Sensing Training Program

Imagen RapidEye de color natural
adquirida el 4 de julio de 2016

Imagen RGB compuesta de
RADARSAT-2 adquirida el 12
de mayo de 2016

(R=HH, G=HV, B=VV)
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Preprocesamiento de Datos RADARSAT-2 con SNAP

 Graph builder: se utiliza para el procesamiento por lotes y para cadenas de
procesamiento personalizadas

w A er Vecto far Tools Win p
AR AnGAse NEwCras VRO R \ IEED
i — File Grephs
| Product Explorer % Pielinfo | - '[ﬂ_Fm.iRCB x| [ [2 PauiiRGE X b= =
| = & [1) RS28.CFQ2W-ASC-13May-2016_DD.07-PDS_DS057640 |
|| 553 metadata
it (3 vector Dat
||| =-E3 TePoint Gride
il (21 Quickooks
- (23 Bands
|58 [2) RS2:5.CFQAN-ASC-13-May-2016_D0,07-P0S_D5057640_Cal_Spk_TC
(20 metadata
il (@ Vector Data
=l Berds
@ sigmao_HH
i@ Sigmen_HY
i H sigmad_v
Ll sigmeo_w

B Geanh Builder X

ARI] ANPo

ebeueyy ke [}

Buml Calibmalim illﬂﬂllﬂ-llhl'l—i-Tnuhwn}-—p Wrhe |

sobeuey e B

£ »

Fead ¥iile Calbration Spechefiter Temsn-Correcton
Target Praduct

Mame!
RE2-SLCFQIA-ASC- L3-May-2005_D0.OT-FDS _CS0EPs4D_Cal_Spk TC
EIS""'""’ EEAM DIMAR

Dwrectory:

s W o HASA_Tening

7] Cpenin SNAF

Srocessing completzclin 30 saoonds (7 M/ 1Al

et Foove | Bocew | T | Elinen E [ am |

Off Globe

A=y = Lat - Lan e Zoom — Level —
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Técnica de Modelacion Fisica para Estimar la Humedad del Suelo

Datos RADARSAT-2 . Procesamiento de Datos Salldas y Valldac:|on
e : SNAP SO|I M0|sture TooI Box il 2“1? et
.| ~:r: :—-:u:-- r=-'-.:=..ﬁm= = '1- -'--;.n . Sofl Moisture
' oS- m a
55% 2%

ol s ()
o

Regriviasd a
=
F 3
#
1\
¥

Datos Radar

(Retrodispersion HH y VV)
(Angulos de Radar)

« Utiliza un modelo de
ecuacion integral (Integral
Equation Model o IEM)

 NO necesita ninguna
informacion a priori

* Se recupera la humedad
utilizando solo datos SAR
(retrodispersion y angulo de

NASA’s Applied Remote Sensing Training Program InCIdenCIa)

Datos de Suelos

(Fracciones de Arcillay Arena)
: — y

Fuente de la Imagen:
Merzouki y McNairn, 2015
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Esguemas de Inversion para Modelos de Retrodispersion

Dos Imagenes
Adquiridas a diferentes angulos de
incidencia (61 y 62) con polarizaciones
HHYy VV

Una Imagen
Adquirida al dngulo de incidencia 61
con polarizaciones HHy VV
(HHel’ VV@])

IEM

Inversion hibrida
HHg, — VVg; — HHg,
HHg, — VWg, — VWg,
HHg, — VVg, — HHg;
HHg, — Vg, — Vg,

HHgy — VVg; = HHg, — VVg,

IEM Calibrado

Dos Imagenes
Adquiridas a diferentes angulos de
incidencia (61 y 62) con polarizaciones
HH o VV

Inversion de Polarizacion
Multiple
HHg, y VVg,

IEM Calibrado

NASA’s Applied Remote Sensing Training Program

Inversion multiangulo
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Procesando la Humedad del Suelo con el Soil Moisture Toolbox
en SNAP — Esguema Hibrido

« Mapa de la humedad del suelo derivado de una adquisicion matutina de
RADARSAT-2 y una adquisicion vespertina de RADARSAT-2 12 de unas horas después.

“2016-05-12 RADARSAT-2 Acquisition Pair (FQ16-FQ2)”

Imagen adquirida el 12 de mayo Imagen adquirida el 13 de mayo
de 2016, FQ16W Paso descendente  de 2016, FQ2W Paso ascendente

NASA’s Applied Remote Sensing Training Program
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Procesando la Humedad del Suelo con el Soil Moisture Toolbox
en SNAP — Esguema Hibrido

* mediante una técnica de inversion hibrida, el método de inversidn se realiza en la
zona geografica de solapamiento

m—> Filtro Speckle Correccion Topog. s

CreateStack

AddLandCover

Sm-Dielectric-Modeling

Leer (2) Calibracion (2) ¢ Filtro Speckle (2) g Correccion Topogd. (2) mums

Land-Cover-Mask

il

Escribir

NASA’s Applied Remote Sensing Training Program



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

Procesando la Humedad del Suelo con el Soil Moisture Toolbox

en SNAP — Esguema Hibrido

e Alineacion espacial de imagenes adquiridas en
la mananay en la tarde

« Create Stack (Crear Pila):
1. Tipo de Remuestreo: Interpolacion Bilineal
2. Haga clic en Find Optimal Master

NASA’s Applied Remote Sensing Training Program

@ Graph Builder : Hybrid_FullGraph.xml X
File Graphs

| Read |>—)|-Calibration HSpeckle—Filter HTerrain-Correcﬁon
CreateStack

| Read(2) |.—)-| Calibration(2) |.-,| Speckle-Filter(2) |.—)|. Terrain-Correction(2)
|Land-Cmrer-Mask HSM-Dielemic-Modeling HﬁddLander HIEM-Mrid-Imrsion |

.

1 Read(2) Calibration(2) Speckle-Fiter Speckle-Filter(2) Terrain-Correc tion Terrain-Correc tion(2) CreateStack iILl
Master: RS2-5LC-FQ2W-ASC-13May-2016_00.07-PDS_05057640_Cal_Spk_TC
Resampling Type: HILINEAR, INTERPOLATION
Initial Offset Method: Orbit
Output Extents: Master

Find Optimal Master

Load & Save %\} Clear [ﬁ Mote @l Help r:.: Fun
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Procesando la Humedad del Suelo con el Soil Moisture Toolbox
en SNAP — Esguema Hibrido

@ Graph Builder : Hybrid_FullGraph.xml X

IEM Hybrid Inversion (Inversion Hibrida con IEM)
1. Seleccione calibrated IEM LUT

| Read |._,.|.t:a|ibration |._,|.spe.;u|e.ri|ter HTerrain-Correcﬁon
2. Use la configuracion preprogramada para los |M, HNHMHm>‘JBH
otros parametros

|Land-Cmrer-Mask HSM-Dielemic-Modeling HﬁddLander HIEM-Mrid-Imrsion |

.

orrec tion{Z) CreateStack AddlandCover SM-Dielectric-Modeling Land-Cover-Mask Write IEM-Hybrid-Inversion | 4

[EMLUT: CiUsersiiaox, snap\auxdatalem IotsTEM cb nt RDC REATZ GF....0 v | .

[] utput correlation length
# dosest sigma match from LUT search (M): |5

Diameter of neighbourhood to average (M): |5
RDC threshald: 1.0

Load & Save %\} Clear [ﬁ Mote @l Help [:‘_.: Fun

NASA’s Applied Remote Sensing Training Program
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Procesando la Humedad del Suelo con el Soil Moisture Toolbox
en SNAP — Esguema Hibrido

@ Graph Builder : Hybrid_FullGraph.xml X

AddLandCover (Agregar Cobertura Terrestre)

1. Seleccione el archivo de la cobertura terrestre

| Read |._,.|.t:a|ibr:tion |._,|.spe¢u|e.ri|t¢r HT rrrrrrr Correction
2. Seleccione los mapas con las fracciones de |Re,,tz, HNHMH,“>JE
arenay arcilla (“Clay” y “Sand”)

|Land-Emr-M:sk HSM-Dielectric-Modeling HﬁddLander |-(—i IEM-Hybrid-Inversion |

.

orrection{Z) CreateStack AddLandCover sM-Dielectric-Modeling Land-Cover-Mask  Write IEM-Hybrid-Inversion 4
Land Cover Model:  AAFC Canada 2000 Crop

MAFC Canada 2009 Prairies Crop

MAFC Canada 2010 Prairies Crop

MAFC Canada 2011 Crop

AAFC Canal
GLC2000
GlobCover

MODIS 2007 Tree Cover Percentage
MODIS 2010 Tree Cowver Percentage
MFI KNN Biomass Stem Wood

NFI KN Biomass Total Live AGE

MFI KNM Merchantable Valume

MFI KNN Stand Height

NFI KMNN Total Volume

MFI KMM Vegetation

Load &‘ Save %\} Clear [ﬁ Mote @l Help D Fun

NASA’s Applied Remote Sensing Training Program
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Procesando la Humedad del Suelo con el Soil Moisture Toolbox
en SNAP — Esguema Hibrido

. . . . - . e . & Graph Builder: Hybrid_FullGraph.xml x
SM Dielectric Modeling (Modelacion Dieléctrica
de la Humedad del Suelo): :
. . . | Read |»—1-|-Calibration |»—,|-3pecn|e.ri|r.er HTerrain-Correcﬁon

1. Seleccione el modelo de mezclas Hallikainen | Crosesoe]
2. Use la configuracion preprogramada para los

Otr O S p ar é m etr O S | Land-Cover-Mask HSM-Dielec‘tric-Modeling HnddLander HIEM-Mrid-Imrsion |

g ’ . . . Write
Se utilizo el modelo Halllkainen para estimar la : .
hum e d ad d el SLI eIO V Olum étrl C a’ Ia Cu al eSt é :Zri:.::::'lc(:;d::eatestad( ;;:::::wer SM-Dielectric-Modeling - Land-Cover-Mask  Write IEMHybrid-Ién\rversion ]
basada en los valores dieléctricos recuperados. -
Este modelo requiere informacion sobre la textura o
del suelo (fracciones de arcillay arena) T s
[5) Load & Save ('}v dear | [ Ao | (@) re [> run

NASA’s Applied Remote Sensing Training Program
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Procesando la Humedad del Suelo con el Soil Moisture Toolbox

en SNAP — Esguema Hibrido

Land Cover Mask (Mascara de Cobertura Terrestre)

1. Seleccione las clases de cobertura terrestre
agricolas validas

2. Senale Exclude all other bands

NASA’s Applied Remote Sensing Training Program

9 Graph Builder : Hybrid_FullGraph.xml X
File Graphs

| Read |>—>|-Cnlibr:tion }-—’|-5pe:kle-FiIter '.—>|-Terriin-(:orrection
CreateStack
| Read(2) |.—>| Calibration(2) H Speckle-Filter(2) |.—)|. Terrain-Correction(2)
L
|LInd-Emr-M:sk HSM-Dielectric-Modeling HﬁddL:nder HIEM-Mrid-Imrsion |

e

“orrection{Z) CreateStack AddLandCover SM-Dielectric-Modeling Land-Cover-Mask  write  IEM-Hybrid-Inversion 4
UATy TaEx
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 v

Valid land cover classes:

130 Too Wet to be Seeded
131 Fallow

Incude all other bands

Load &‘ Save %‘\} Clear @7 Mote @ Help D Fun
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Procesando la Humedad del Suelo con el Soil Moisture Toolbox
en SNAP — Esguema Hibrido

. . . . @ Graph Builder : Hybrid_FullGraph.xml o
Write Output (Escribir Salida)
1. Explore y pongale nombre al archivo de salida

| Read |._,.|.t:a|ibration |._,|.spe.;u|e.ri|ter HT rrrrrrr Correction
2. Seleccione el formato apropiado para el ( HmHmHm>—“ﬂ
producto de la humedad del suelo recuperada

3. Ejecute el modulo

|Land-Cmrer-Mask HSM-Dielemic-Modeling HﬁddLander HIEM-Mrid-Imrsion |

.

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

Mame:
RS2-5LCFQ2W-ASC-13-May-2016_00,07-PDS_05057640_Cal_Spk_TC_Stack_SM_ 1|

Save as: | BEAM-DIMAP v
Directory:

EI Load &‘ Save %\/ Clear [ﬁ Mote @l Help r:.: Fun

NASA’s Applied Remote Sensing Training Program
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Procesando la Humedad del Suelo con el Soil Moisture Toolbox
en SNAP — Esguema Hibrido

8 13] sm - RS2-5LC-FQ2W-ASC-13-May-2016_00.07-PDS_05057640_Cal_Spk_TC_Stack_SM - C:\Users\jiaox\NASA_training\RS2-5LC-FQRW-ASC-13-May-2016_00.07-PDS_05057640_Cal_Spk_TC_Stack_SM.dim - SNAP — O hd
File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help Q- Search (Ciri+)
3 GeP 220 GCP NA !
B eel XEaeCr v AN REQOR S
Product Explorer X | Pixelinfo | - =Y
REZBLC-FQ2W-ASC-13-May-2016_00.07-05_05057640_Cal_5¢ » -
£3 Metadata g
3 Index Codings E
33 vector Data g
23 Bands =
E sm
quality indesx =
RDC &
autlier 2
=z
debug z
H
Iand_cover_AAFC Canada 2012 Crop z
B land_cover_AAFC Canada Clay Pct
[ land_cover_AAFC Canada Sand Pct
=
sm_masked =
quality index_masked %;
B RDC_masked %3‘
outlier_masked 2
debug_masked &
B land_cover_AAFC Canada 2012 Crop_masked
land_cover_AAFC Canada Clay Pct_masked
«[H] |and_cover AAFC Canada Sand Pct_masked v
< >
Navigation - [...| Colour M... % |Uncertainty ... | World View | —
Editor: () Basic @) Slders () Table 2 lﬁ‘
=
Rome: om &
Unit: m - 3water fm" 3soil 95% 100%
Min: 0.029 |
Max: 0,55 1 @1
Rough statistics!
w
@ 9 = 8 =
O R
o4 ow o402
non
I
# More Options @
X 5482 ¥ 538 Lat 43240217 N Lon 97°4328" W Zoom 1308.9:1 Level 2

Mapa de la humedad del suelo adquirido mediante la inversidon con el IEM y utilizando un par
de imagenes RADARSAT-2 adquiridas el 12 y el 13 de mayo de 2016 en el sur de Manitoba

43
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Procesando Datos Multifrecuencia para la
Clasificacion de Cultivos



.

 Imagenes RADARSAT-2 Wide Fine Quad-Pol adquiridas el 3 de julio, el 27 de julio y
el 20 de agosto de 2016

* Imagenes TerraSAR-X StripMap dual pol MGD adquiridas el 26 de agosto y el 17 de
agosto de 2016

 Imagenes Sentinel-1 IW mode GRDH adquiridas el 7, 13 y 31 de julio de 2016

Las Imagenes son Pasadas al Clasificador

h NASA’s Applied Remote Sensing Training Program
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TerraSAR-X

550 km ScanSAR Mode

Resumen de los Modos de Escaneo de TerraSAR-X — Tiempo de revisita: 11 dias

Fuente de la Imagen: DLR
NASA’s Applied Remote Sensing Training Program
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https://www.dlr.de/dlr/en/desktopdefault.aspx/tabid-10382/570_read-431/#/gallery/356

Datos TerraSAR-X StripMap de Polarizacion Dual

Producto TerraSAR-X StripMap de polarizacion
dual Multi-Look Ground Range Detected
(MGD)

e Resolucion Nominal: 1.2 m (rango) * 6.6 m
(azimut)

« Tamano Nominal de Escena: 15 km (rango) *
50 km (azimut)

 Polarizacion Dual: HHyVV, HHyHV, o VV y HH

NASA’s Applied Remote Sensing Training Program

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

| Q.+ Search (Ctrl+1)

ag eniBiase gl s oA NYRY@:

Product Explorer X | Pixel Info | — |8 [1] Dual Pol Ratio Intensity WW+VHRGE X

= [1] TSX1_SAR_MGD_RE_ SM_D_SRA_201¢
&3 Metadata
CI Vector Data
(@3 Tie-Point Grids
C] Quicklooks
Ela Bands

=1 = Lat

v O

Zoom — Level —

Datos TerraSAR-X StripMap dual pol MGD
adquiridos el 27 de julio de 2016 sobre

Carman, Manitoba, Canada
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Pre-Procesamiento de Datos TerraSAR-X Data con SNAP

Extraer Retrodispersion

Filtro para Correccion -
¥ Escribir

cellorEEn Speckle Topografica

NASA’s Applied Remote Sensing Training Program
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Pre-Procesamiento de Datos TerraSAR-X Data con SNAP

E [2] Dual Pol Ratio Sigmal VV+VH RGB - T5X1_SAR_MGD_RE_ 5M_D_5RA_20160726T125458_20160726T125506_Cal_Spk_... - O X

G raph BUIIder (Constru Ctor de G réfICOS) File Edit View Analysis Layer Vector Raster Optical Radar Tools Window Help [Q~ Search (Cul+)
ELHA Y S 0 TSN W AT EY XY

° | m O rte |OS d atos Product Explorer X | Pixellnfo | — | (B r21 Dual Pol Ratio Sigma W+VHRGE %
p S [1] TSX1_SAR_MGD_RE_ SM_D_SRA_2018

- Metadata

I:l Wector Data

 Calibre el valor de los pixeles para & e

E}a Bands

representar la retrodispersion del radar B

[E Amplitude_vv

R croph B oI Intensity_wv

® Fi Itrad O “G am m a” e n el File Graphs . a"..gLS:;ESE,?:_MGD_RE_SM_D_SM_ZM

Ateagry ppnpold D

Jabeuely 1aieT [m

mapa, ventanilla 7 x 7 e :
[E sigman_w 5
« Correccion Topografica: = === e '

— remuestreo de
interpolacion bilineal

Name:

— espaciado 5 m para pIXeles =i

Save as: BEAM-DIMAP ~

Directory:
C:\Users\jiaox \NASA_training

— Proyeccion UTM zona 14 ===

500 K
Processing completed in 60 seconds (11 MB/s 2 MPixel/s)
- Off Globe
Load @ Save %\\/ Clear @’ Note @ Help [> Run
X —¥ — lat —lon — Zoom — Level —
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Sentinel-1
° CO bertura Extra Wide Swath " (EW)

— Sentinel-1 comprende dos satélites:
A (2014) y B (2016)

— Cada satéelite de Sentinel-1 tiene un
ciclo de repeticion del2 dias

swaths instead of 3, resulting in
lower resolution (20m-x-40m).

zone services reguiring wide
coverage and short revisit times.

Acquired with TOPSAR using 5 sub-

ntended for maritime, ice, and pola

swath o (IW)

Acquired

resolution.

Interferometric Wide

with TOPSAR. Default mode
over land; 250km swath
width; 5m-x-20m ground

Istripmap (SM)

fo support emergency-

swath width.

lUsed in rare circumstances

management services, 5m-x-
5m resolution over an 80km

Wave & (WV)

Default mode over
oceans; VV polarization.
Data acquired in 20km-x-
20km vignettes, S5m-x-
20m resolution, every
100km along the orbit.

Tipo de Producto para Modo IW:

— Los dos satélites ofrecen un ciclo de " | Resolution 2
. ., , I;}cg Product Type Resc?l]ntmn [l;h'lg:l:ﬂj.zi]3 I;g' Lo:ki
repeticion exacta de 6 dias en el de my | ResxAsd
ecuador en el modo de adquisicion i 27x2210 ,
de barrido interferométrico ancho W aRD R 0w %1
MR 88 x 87 22x5

Fuente de Imagen Satelital: ESA/ATG medialab

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

Acceso a Datos de Sentinel-1 SAR Data desde Vertex

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

UAF ALASKA SATELLITE FACILITY

Vertex is the Alaska Satellite Facility's data porial for |

sensed imagery of the Earth

Vertex Interactive Tours = Help « ASF Home 2 A Earthdata Login Download Queue n Contact

Find

World Map | South Polar

Geospatial Granule Missions @ satellite Showing 1 to 36 of 36 entries

O Map Sentinel-1A EW 2016-08-01

v Geographic Region a

Option 1: Click on map and move cursor

Option 2: Enter coordinates:

| -98.28,49.71,-958.73,49.06,-97.44 49.06,-97 52 49.7 -98.28 49 |
e.g., -102,37.59,-94,37,-94,39,-102,39,-102,37.59
Counterclockwise, decimal degrees, (long,/at)

% Date

I

[ seasonal Search

Start Date (yyyy-mm-dd)

S1A_EW _RAW 0.

Path 85, Frame 423, HH+HY
Flight Direction Descending
Absolute Orbit 12407

Data source ESA

B Details | % Queue |~ 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

B Details | % Queue | /F Baseline

2016-06-01 =
Sentinel-1A IW 2016-07-31
End Date (yyyy-mm-dd) S1A_IW_RAW_ 0. __v
2016-08-01 =]
Show| 100 s | entries Previous Mesxt

% Dataset

Select: All | None

Copyright € 20158 Alasks Satefite Facility
Vertex: ASF's Dats Portal V2 58 .00-45
Phione: (007)474-5041 %4 Contact

NASA’s Applied Remote Sensing Training Program

MNumber of Frames

Vertex

Imiagery 2018 T

21+

Add to'Queue by Type

UA 15 .an AAEC employer and educational mstituton and prohibits illegal discnimination against any individual:
www alaska eduinondiscrimination. §

51
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Datos del Rango Terrestre Detectados por Sentinel-1

{38 [1] Dual Pol Ratio Intensity V¥+VH RGB - S1A_IW_GRDH_15DV_20160707T001531_20160707T001556_012035_01298D_10F...  — O X

Producto Sentinel-1 IW del alcance terrestre e e e v ‘11@' pa T-'cw Ew%.p@ M
ﬁ E’F \+ + A + \E'% v
detectado: Product Explo x|Pixe||nfo \ - o Intensity W4YHRGB X

=& [1] 51A_IW_GRDH_15DV_20160707T0015

e Resolucion Nominal: 20 m (rango) * 22 m
(azimut)

Barrido de 250 km
Polarizacion Dual : HH /HV, o VV/VH

GRDH:

— ground range detected (rango terrestre detectado)

— high resolution (alta resolucion)

— Multi-Looked: 5 (rango)*1 (azimut)

— Numero de miradas y proyecta a lo largo del
rango terrestre

Se pierde la informacion sobre la fase Datos Sentinel-1 GRDH dual pol

adquiridos el 7 de julio de 2016, sobre
Carman, MB, Canada

NASA’s Applied Remote Sensing Training Program 52
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Pre-Procesamiento de Datos Sentinel-1 SAR GRDH con SNAP

Extraer Retrodispersion

Aplicar

Calibracion
(Convertir DN en
Retrodispersion)

Filtro Para Correccion

Archivo de Speckle Topografica

Orbita

Escribir

NASA’s Applied Remote Sensing Training Program
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Apligue el Archivo de Orbita Preciso

» Para Sentinel-1:

— Durante la adquisicion, la posicion del satélite es registrada por un sistema global de
navegacion por satélite (Global Navigation Satellite System o GNSS)

— Para garantizar la provision rapida de productos de Sentinel-1 la informacion orbital
generada por un sistema de navegacion a bordo se almacena dentro de los productos
de Sentinel-1 Nivel-1

— Las posiciones orbitales son refinadas despues por el servicio de Determinacion Precisa
de Orbita (Precise Orbit Determination o POD) de Copernicus

— Los archivos de oOrbita precisa tienen una exactitud de menos de 5 cm y se producen
dentro de 20 dias después de la adquisicion de datos

— La exactitud de los archivos de orbita restituidos es de menos de 10 cm. Estos archivos
estan disponibles 3 horas después de la adquisicion de datos.

— Puede descargar informacion sobre las Orbitas de Sentinel 1 de la pagina web de |la ESA
(https://gc.sentinell.eo.esa.int/)

SNAP descarga los archivos de orbita y los almacena en la carpeta
.../auxdata/Orbits/Sentinel-1/ https:.//www.asf.alaska.edu/sentinel/data/
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Pre-Procesamiento de Datos Sentinel-1 SAR GRDH con SNAP
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File Edit View fnalysis Layer Window Help

Vector Raster Optical Radar Tools
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Formar Sub-set con el Raster para AOI

PACSNDCESeR =  IEHEO

 Vaya al menu de Raster >> " == =

Subset: o ‘

a) Pestana Spatial
Subset— ingrese las
coordenadas para el
extremo superior
izquierdo y el extremo
Inferior derecho bajo
“geo coordinates”

b) Band Subset —
seleccione las bandas
con las que quiere
crear sub-sets

Metadata Subset: dejar
con el valor
preprogramado
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Co-Registracion de Imagenes para el Subconjunto

@L_« £ AREASREXE= LA\ VEO@RE BV IEZT L o:

« Alineacion espacial de imagenes

« Vaya al menu de Radar >>
Coregistration >> Coregistration:

a) ProductSet-Reader: Haga clic en
el signo mas (+) con una linea
encima para agregar todas las
imdagenes abiertas — Hacer clic
en la flecha giratoria refresca los
metadatos

b) Create Stack: Resampling Type —
Bilineal_Interpolation — Haga clic
en Find Optimal Master

c) Otras pestanas: dejar con sus
valores preprogramados; verifique '
gue la carpeta Write no esté
sobrescribiendo archivos
anteriores

d) Hada clic en Runy cierre la
ventanilla cuando haya
terminado

abeuey A B

ey 4 g

NASA’s Applied Remote Sensing Training Program



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

Exportar Datos Apilados Fuera de SNAP

File Edit View Analysis Layer Vector Raster Optical Rader Tools Window Help
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Il I lag‘ ! I I' S Close All Products A
Close Other Products g
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Proi y2_26242016 g
toyerts " w3 ouanzoo0 F
. Import ¥ |4 01703000 g
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Aplicaciones de SAR para el Monitoreo Agricola

Heather McNairn, Xianfeng Jiao, Sarah Banks y Amir Behnamian

4 de septiembre de 2019




.

Objetivos de Aprendizaje

Al finalizar esta presentacion, Usted podra entender:

« Los Arboles de Clasificacion y Regresion (CART- Classification and Regression
Trees)

e Las Ventajas de Random Forests

« Random Forests:
— Fundamentos
— Archivos de entrada y parametros

« COMo implementar Random Forests en R

h NASA’s Applied Remote Sensing Training Program
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.

Arboles de Clasificacion y Regresion (CART): Fundamentos

* Dividen los datos basado en un conjunto de reglas binarias
 Producen un “arbol” de decisiones facil de interpretar
e Intentan hacer grupos homogeéneos hasta donde sea posible

Chilla

B f"x

“Raton” \

‘lGatol1
NASA’s Applied Remote Sensing Training Program
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Arboles de Clasificacion y Regresion (ARC): Fundamentos

7 - .
e Terminos Importantes: Chilla
. - 1
Species Barks Pet Squeeks Meows Collar Afraid Length Height Likes SI
of Dogs Cheese /
1 Mouse No Yes Yes No Mo Yes 0.14 0.07 Yes N O
2 Mouse No No Yes No Mo Yes 0.18 0.09 Yes Z
4 Mouse No Yes Yes No Mo Yes 0.13 0.06 Yes Rato n
4 Mouse No Yes Yes No Mo Yes 0.13 0.06 Yes
5 Mouse No No Yes No Mo 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 Lad ra-
9 Mouse No No Yes j 0.15 0.08 Yes /
12 Cat No Yes 0.40 0.15 No
13 Cat No  Yes 009  Yes Si
14 Cat No Yes 0.17 Yes /
15 Cat No Yes | 0.16 Yes N (0
16 Cat No Yes " . 0.16 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes Perro
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 ? 0.53 0.35 Yes
20 Dog Yes Yes No No Yes | No | 053 035 VYes Teme alos Perros
21 Dog Yes Yes No Mo Yes MNo 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 SI'
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
23 Dog No No No No Mo No 0.52 0.26 Yes N O
24 Dog Yes Yes No No Yes No 0.53 0.27 Yes
74 Dog Yes Yes No No Yes | No | 053 027 Yes Gato
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

Perro
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Random Forests*: Fundamentos

.

* Un “bosque” de arboles de decision binarios (Breiman, 2001)

 Funciona bien con conjuntos de datos de grandes dimensiones (continuos o
categoricos)

* Es una técnica de aprendizaje Datos
de ensamblado de modelos |

1 o 1

A A B B C
Modelos c _— C
A B A
A B
*”Bosques Aleatorios” en inglés VOTO

MAYORITARIO
NASA’s Applied Remote Sensing Training Program
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Random Forests: Fundamentos

.

« Random Forests vs. CART

_ CART Random Forests

Numero de arboles 1 n>>1
Podar Aplica Todos completamente
crecidos
Variables probadas para m<<M (todas las
N Todas :
divisiones variables)
Conjunto de Entrenamiento Todos los datos =~ 2/3
. Requiere que sea Internamente estimada
serEne Independiente (OOBE)

/ A
/ SN
N
N 4
NASA’s Applied Remote Sensing Training Program 65
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.

* Probabilidad - el nUmero de arboles que votaron con la mayoria dividido por el
numero total de arboles.

Random Forests: Parametros y Términos Importantes

e ntree — el numero de arboles por ser generados por bosque.

« mtry — el numero de variables probadas para determinar la division 6ptima en
cada nodo.

« Exactitud “Out of Bag” (fuera de la bolsa) - validacion interna; basada en = 1/, del
conjunto de datos que no se utilizd durante la construccion de un arbol particular.

« Mean Decrease in Accuracy (MDA) - Disminucion media de la exactitud:
cuantifica la “importancia” de las variables midiendo los cambios en la exactitud
cuando los valores de |la variable son aleatoriamente permutados.

h NASA’s Applied Remote Sensing Training Program
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Random Forests: Fundamentos

 Impureza de Gini: la probabilidad de que un elemento elegido aleatoriamente
sea clasificado incorrectamente

 Elija un dato de un conjunto aleatoriamente y clasifiquelo de manera aleatoria
segun la distribucion de clases

e 25% + 25% = 50%: Impureza de Gini = 0.5
_

Elegir quarter (50%), clasificar quarter (50%) 50% x 50% = 25%
Elegir quarter (50%), clasificar penny (50%) 50% x 50% = 25%
Elegir penny (50%), clasificar penny (50%) 50% x 50% = 25%
Elegir penny (50%), clasificar quarter (50%) 50% x 50% = 25%

0 Q =9 R
3) AP —

Qua

O
‘ Q . . ?e“‘;’ QUfoef Per’;m/
Q O O e\’O{\ ceVouarter
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Random Forests: Fundamentos

 Impureza de Gini: la probabilidad de que un elemento elegido aleatoriamente
sea clasificado incorrectamente

 Elija un dato de un conjunto aleatoriamente y clasifiquelo de manera aleatoria
segun la distribucion de clases
e 16% + 16% = 32%: Impureza de Gini = 0.32

Probabilidad

Elegir quarter (80%), clasificar quarter (80%) 80% x 80% = 64%
Elegir quarter (80%), clasificar penny (20%) 80% x 20% = 16%
Elegir penny (20%), clasificar penny (20%) 20% x 20% = 4%

Elegir penny (20%), clasificar quarter (80%) 20% x 80% = 16%

—0 R =9 @

Q\ éoﬂef Penny Quart$

Y (
pe™ Quq,. o, ey

O
e OO "
O Q O O & < Rerty,

o Quarter
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Random Forests: Fundamentos

« COmo se utiliza la Impureza de Gini para dividir:

— No sabemos donde seria la mejor division, pero podemos probar todas las
divisiones posibles

— Determina la calidad de la division midiendo la impureza de los nodos
subsiguientes segun el numero de datos que contiene

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

Variable 2
>
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Random Forests: Fundamentos

« COmo se utiliza la Impureza de Gini para dividir:

— No sabemos donde seria la mejor division, pero podemos probar todas las
divisiones posibles

— Determina la calidad de la division midiendo la impureza de los nodos
subsiguientes segun el numero de datos que contiene

3.50
o 3.00 A O
Impurezas de Gini
o ~ 2.50
Antes de la divisibn= o 00 . O
0.50 g A
Nodo Derecho =000 & - A
odo Derecho = 0.
> 1.00 AQA
Nodo Izquierdo = 0.28 0.50 O
0.00

0.00 1.00 2.00 3.00 4.00
Variable 1
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Random Forests: Fundamentos

« COmo se utiliza la Impureza de Gini para dividir:
— No sabemos donde seria la mejor division, pero podemos probar todas las

divisiones posibles

— Determina la calidad de la division midiendo la impureza de los nodos
subsiguientes segun el numero de datos que contiene

3.50
o 3.00 A
Impurezas de Gini
~ 2.50
Antes de la division= o
0.50 g =90 A
Nodo Derecho =000 & -
odo Derecho =0.
> 1.00 AQA
Nodo Izquierdo = 0.28 0.50
0.00
0.00 1.00

NASA’s Applied Remote Sensing Training Program

2.00
Variable 1

3.00

El nodo tiene el 40% de los
datos, el nodo izquierdo tiene
el 60%

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

Con esta division la cantidad
de impureza removida es:

0.5-0.17=0.33
4.00
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Random Forests: Fundamentos

« COmo se utiliza la Impureza de Gini para dividir:

— No sabemos donde seria la mejor division, pero podemos probar todas las
divisiones posibles

— Determina la calidad de la division midiendo la impureza de los nodos
subsiguientes segun el numero de datos que contiene

3.50
3.00
Impurezas de Gini A ® El nodo tiene el 40% de los
o w290 ® datos, el nodo izquierdo tiene
Antes de la division= o , g4 O el 60%
0.50 -% A
= 1.50 A (0.40*0.00) + (0.60*0.28) = 0.17
Nodo Derecho = 0.00 f>5 Ag
_ _ 1.00 ‘ Con esta division la cantidad
Nodo zquierdo =0.28 0.50 O de impureza removida es:
0.00 0.5-0.17=0.33
0.00 1.00 200  3.00  4.00 /

Variable 1 GANANCIA DE
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Random Forests: Fundamentos

« COmo se utiliza la Impureza de Gini para dividir:

— No sabemos donde seria la mejor division, pero podemos probar todas las
divisiones posibles

— Determina la calidad de la division midiendo la impureza de los nodos
subsiguientes segun el numero de datos que contiene

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

Variable 2
>
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Random Forests: Fundamentos

« COmo se utiliza la Impureza de Gini para dividir:

— No sabemos donde seria la mejor division, pero podemos probar todas las
divisiones posibles

— Determina la calidad de la division midiendo la impureza de los nodos
subsiguientes segun el numero de datos que contiene

3.50
N 3.00 A O
Impurezas de Gini
o ~ 2.50
Antes de la Division = o 00 . O
0.50 g A
Nodo Derecho = 0.44 & 99 A
odo Derecho = 0.
> 1.00 A‘A
Nodo Izquierdo = 0.38 0.50 O
0.00

0.00 1.00 2.00 3.00 4.00
Variable 1
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Random Forests: Fundamentos

« COmo se utiliza la Impureza de Gini para dividir:
— No sabemos donde seria la mejor division, pero podemos probar todas las

divisiones posibles

— Determina la calidad de la division midiendo la impureza de los nodos
subsiguientes segun el numero de datos que contiene

3.50
o 3.00 A
Impurezas de Gini
~ 2.50
Antes de la Division = o
0.50 g =90 A
Nodo Derecho = 0.44 g A
odo Derecho =0.
> 1.00 A.A
Nodo Izquierdo = 0.38 0.50
0.00
0.00 1.00

NASA’s Applied Remote Sensing Training Program

2.00
Variable 1

3.00

El nodo derecho tiene el 60%
de los datos, el nodo
izquierdo tiene el 40%

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

Con esta division la cantidad
de impureza removida es:

0.5-0.42=0.08
4.00
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Random Forests: Fundamentos

« COmo se utiliza la Impureza de Gini para dividir:

— No sabemos donde seria la mejor division, pero podemos probar todas las
divisiones posibles

— Determina la calidad de la division midiendo la impureza de los nodos
subsiguientes segun el numero de datos que contiene

3.50
3.00 A O _
Impurezas de Gini El nodo derecho tiene el 60%
.., W 2.50 O de los datos, el nodo
Antes deOI8510D|V|S|on - 2 2.00 A O izquierdo tiene el 40%
S 15 A (0.60%0.38) + (0.40%0.44)=0.42
Nodo Derecho = 0.44 f>5 A.A
. _ 1.00 Con esta division la cantidad
Nodo lzquierdo = 0.38 0.50 O de impureza removida es:
0.00 0.5-0.42 =0.08

0.00 1.00 2.00 3.00 4.00

Variable 1 GANANCIA DE
NASA’s Applied Remote Sensing Training Program I N FO R M AC I O N
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Random Forests: Fundamentos

. E t d R d F t . Species Barks Pet Squeaks Meows Collar Afgzlgsof Length Height C';:Z‘Zze
ntraaas para anaom Orests. 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
» Clases indicadas con variables 3 Mouwe No No Yes No  No  Yes 013 006  Yes
. . 4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes
predictoras asociadas 5 Moue No No Yes No  No  Yes 013 007  Yes
P . 6 Mouse No No Yes No No Yes 0.11 0.05 Yes
— Datos categoricos o continuos 7 Mouse No No  Yes No No  Yes 013 006  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
10 Cat No Yes No Yes Yes Yes 0.31 0.19 Yes
11 Cat No Yes No Yes No Yes 0.38 0.20 Yes
12 Cat No Yes No Yes Yes Yes 0.40 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
15 Cat No No No Yes No No 0.32 0.22 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
17 Cat No Yes No Yes Yes Yes 0.35 0.24 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
19 Dog Yes No No No No No 0.58 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 0.33 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
25 Dog Yes Yes No No Yes No 0.37 0.16 Yes
26 Dog Yes Yes No No Yes No 0.53 0.29 Yes
27 Dog Yes Yes No No Yes No 0.58 0.29
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Random Forests: Ejemplo

1) Crear los datos de entrenamiento para crecer el arbol
— Para un numero N de datos, aleatoriamente muestree N casos (con remplazo)

NASA’s Applied Remote Sensing Training Program
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Random Forests: Ejemplo

Original Datos de Entrenamiento
Species Barks Pet Squeaks Meows Collar o?flga(l)lgs Length Height Clﬁzize Species Barks Pet Squeaks Meows Collar O'?‘Ei'gs Length Height C';:Z:e
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
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
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 013 0.06 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
10 ___Cat No__Yes No Yes Yes Yes 031 0.19 Yes
11 Cat No Yes No Yes No Yes 0.38 0.20 Yes |
12 Cat No Yes No Yes Yes Yes 0.40 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
15 Cat No No No Yes No No 0.32 0.22 Yes
|16 Cat No Yes No Yes Yes Yes 030 016 Yes |
17 Cat No Yes No Yes Yes Yes 0.35 0.24 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
19 Dog Yes No No No No No 0.58 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 0.33 Yes
|22 Dog Yes Yes No No Yes No 016 032 VYes |
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
26 Dog Yes Yes No No Yes No 0.53 0.29 Yes
27 Dog Yes Yes No No Yes No 0.58 0.29 Yes
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Random Forests: Ejemplo

Datos de Entrenamiento

Original
. 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
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
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
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
11 Cat No Yes No Yes No Yes 0.38 0.20 Yes
12 Cat No Yes No Yes Yes Yes 0.40 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
15 Cat No No No Yes No No 0.32 0.22 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
17 Cat No Yes No Yes Yes Yes 0.35 0.24 Yes
| 18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
19 Dog Yes No No No No No 0.58 0.33 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 051 0.33 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
25 Dog Yes Yes No No Yes No 0.37 0.16 Yes
26 Dog Yes Yes No No Yes No 0.53 0.29 Yes
27 Dog Yes Yes No No Yes No 0.58 0.29 Yes

NASA’s Applied Remote Sensing Training Program

. Afraid . Likes
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes



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

Random Forests: Ejemplo

Datos de Entrenamiento

Original
. 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
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
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

| 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
11 Cat No Yes No Yes No Yes 0.38 0.20 Yes
12 Cat No Yes No Yes Yes Yes 0.40 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
15 Cat No No No Yes No No 0.32 0.22 Yes
w C_:at No Yes No Yes Yes Yes 0.3(_) 0.16 Yes
17 Cat No Yes No Yes Yes Yes 0.35 0.24 Yes
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes
19 Dog Yes No No No No No 0.58 0.33 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 051 0.33 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
|25 Dog Yes Yes No No Yes No 0.37 0.16 Yes
26 poa Yes _Yes No No Yes No 0.53 ___0.29 Yes
27 Dog Yes Yes No No Yes No 0.58 0.29 Yes

NASA’s Applied Remote Sensing Training Program

. Afraid . Likes

Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese
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



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

Random Forests: Ejemplo

Original Datos de Entrenamiento
Species Barks Pet Squeaks Meows Collar Oﬁf[r)a;lgs Length Height Ckwtiie Species Barks Pet Squeaks Meows Collar o?gf)“gs Length Height Ci:ztéze

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 018 0.09 Yes 18 Cat No Yes No Yes Yes Yes 033 0.22 Yes
3 Mouse No No Yes No No Yes 013 0.06 Yes 27 Dog Yes Yes No No Yes No 058 0.29 Yes
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes 20 Dog Yes Yes No No Yes No 053 035 Yes
5 Mouse No No Yes No No Yes 0.13 0.07 Yes 24 Dog Yes Yes No No Yes NO 053 0.27 Yes
6 Mouse No No Yes No No Yes 0.11 0.05 Yes 21 Dog Yes Yes No No Yes No 051 0.33 Yes
7 Mouse No No Yes No No Yes 0.13 0.06 Yes 23 Dog Yes No No No No No 052 0.26 Yes
8 Mouse No No  Yes No No Yes 016 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 0.36 0.17 Yes 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes
15 Cat No No No Yes No No 0.32 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 0.35 0.24 Yes 21 Dog Yes Yes No No Yes No 0.51 0.33 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 051 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 NoO 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 0.11 0.05

26 Dog Yes Yes No No Yes No 0.53 0.29 Yes 24 Dog Yes Yes No No Yes No 053 027

27 Dog Yes Yes No No Yes No 0.58 0.29 Yes 14 Cat No Yes No Yes Yes Yes 0.36 0.17E

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Original Datos de Entrenamiento
Species Barks Pet Squeaks Meows Collar Oﬁfgilgs Length Height Clﬁzize Species Barks Pet Squeaks Meows Collar o?flgacl)lgs Length Height Cl;llle(zize
1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes 1 Mouse NoO Yes Yes No No Yes 0.14 0.07 Yes
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 Cat No Yes No Yes No Yes 0.38 0.20 Yes 1 Yes Yes 0.36 0.17 Yes
12 Cat No Yes No Yes  Yes Yes 040 015 No 1 Restantes para Yes Yes 03 016 Yes
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes . s Yes Yes 0.3 0.16 Yes
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes EvaluaC|On de Yes Yes 0.3 0.16 Yes
| 15 Cat No No No Yes No No 0.32 0.22 Yes | 1 ST ~1 Yes Yes 033 0.22 Yes
16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes 1 PreCISIOh lnTernG /3 Yes Yes 0.33 0.22 Yes
|17 Cat No Yes No Yes Yes Yes 035 024 Yes | 20 Dog Yes Yes No No Yes No 053 035 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
|_19 Dog Yes No No No No No 0.58 0.33 Yes | 21 Dog Yes Yes No No Yes No 051 0.33 Yes
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes 21 Dog Yes Yes No No Yes No 051 0.33 Yes
21 Dog Yes Yes No No Yes No 051 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 053 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 Yes
26 Dog Yes Yes No No Yes No 0.53 0.29 Yes / 27 Dog Yes Yes No No Yes No 058 029 A
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[ 'j

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

2) Para un numero M de variables, seleccione un subconjunto (m<<M) aleatoriamente
para determinar coOmo cada nodo se ramifica (mtry)

SpeciesIBarks 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 0.13 007 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
12 Cat No Yes No No Yes Yes 0.4 0.15 No
13 Cat No Yes No Yes Yes Yes 037 0.09 Yes
14 Cat No Yes No Yes Yes Yes 036 0.1/ 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 033 022 Yes
18 Cat No Yes No Yes Yes Yes 033 0.22 Yes

OO0 o- AN —

20 Dog Yes Yes No No Yes No 0.53 035 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 0.51 033 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 0.2/ Yes
24 Dog Yes Yes No No Yes No 0.53 0.2/ Yes
2/ 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: Ejemplo

Datos de Entrenamiento

Species|Barks| Pet | Squeaks |Meows Collar O'?‘]anugs Length|Height Cﬂgize Resultados de
1 Mouse No Yes Yes No No Yes 0.14 007  Yes Clasificacion Basados
2 Mouse No No Yes No No Yes 0.18 0.09 Yes A A
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes en Puntos de DIVISIOﬂ
4 Mouse No Yes Yes No No Yes 013 0.06 Yes Mouse Cat Dog
5 Mouse No No Yes No No Yes 0.13 0.07 Yes Yes 8 0 0
6 Mouse No No Yes No No Yes 0.11 0.05 Yes NO 0 3 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 ; YA
12 Cat No Yes No No Yes Yes 04 0.15 No Gana.nCIa .C!e Glnl
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes para I_C,len,tlﬂc_:ar la
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes division Optima
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Puntos de
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Divisidon
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 Evaluados Gini
18 Cat__No_ Yes _No Yes Yes Yes 033 022  Yes Squeaks YesoNo  0.32
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 051 0.33 Yes
21 Dog Yes Yes No No Yes No 051 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: Ejemplo

Datos de Entrenamiento

Resultados de
Clasificacion Basados
en Puntos de Divisidn

Mouse Cat Dog
Yes O 7 0
No 8 1 11

Ganancia de Gini
para identificar la
division Optima

. Afraid . Likes
Species Barks| Pet | Squeaks|Meows | Collar of Dogs LengthjHeight 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 No No Yes 0.15 0.08 Yes
12 Cat No Yes No No Yes Yes 04 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
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 051 0.33 Yes
21 Dog Yes Yes No No Yes No 051 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

Puntos de
Division
Variable Evaluados Gini
Squeaks Yes o No 0.32
Meows Yes o No 0.28

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Datos de Entrenamiento

Resultados de
Clasificacion Basados
en Puntos de Divisidn

Mouse Cat Dog
<=0.05 1 0 0
>0.05 7 8 11

Ganancia de Gini
para identificar la
division Optima

Species Barks Pet Squeaks|Meows| Collar O?E?glLength Height C'F:E(;ze
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 No 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 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 051 0.33 Yes
21 Dog Yes Yes No No Yes No 051 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 053 0.27 Yes
24 Dog Yes Yes No No Yes No 053 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

Puntos de
Division
Variable Evaluados Gini
Squeaks Yes o No 0.32
Meows Yes o No 0.28
Height <=0.05 0.03

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Datos de Entrenamiento

Species Barks Pet Squeaks Meows Collar O'?‘]anugs Length| Height Cﬂgize R_esun_a,dos de
1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes Clasificacion Ba_Saq,OS
2 Mouse No No Yes No No Yes 0.18 009 Yes en Puntos de Divisidn
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes
4 Mouse No Yes Yes No No Yes 0.13 006 Yes Mouse Cat Dog
5 Mouse No No Yes No No Yes 013 0.07 Yes <=0.06 3 0 0
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 >0.06 5 8 11
9 Mouse No No Yes No No Yes 0.15 0.08 Yes Ganancia de Glnl
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 para I.C,len;tlfl('.\’ar la
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes d|V|S|On ODtlma
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Puntos de
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Divisidn
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 Evaluados Gini
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes Squeaks Yes o No 0.32
20 Dog VYes Yes No No Yes No 053 035 Yes Meows Yes o No 0.28
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes Height <=0.05 0.03
21 Do Yes Yes No No Yes No 051 0.33 Yes .
21 Dog Yes Yes No No Yes No 051 0.33 Yes Helght <=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 053 0.27 Yes
24 Dog Yes Yes No No Yes No 053 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: Ejemplo

Datos de Entrenamiento

Resultados de
Clasificacion Basados
en Puntos de Divisidn

Mouse Cat Dog
<=0.07 5 0 0
>0.07 3 8 11

Ganancia de Gini
para identificar la
division optima

. 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 No 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 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 051 0.33 Yes
21 Dog Yes Yes No No Yes No 051 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 053 0.27 Yes
24 Dog Yes Yes No No Yes No 053 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

Puntos de

Division
Variable Evaluados Gini
Squeaks Yes o No 0.32
Meows Yes o No 0.28
Height <=0.05 0.03
Height <=0.06 0.09
Height <=0.07 0.17

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Datos de Entrenamiento

Afraid Length Height Likes

Ganancia de Gini

Species Barks Pet Squeaks Meows Collar

of Dogs Cheese . Ry

1 Mouse No Yes Yes No No VYes 014 007 VYes para |_C,|en,t|f|(_35lr la
2 Mouse No No Yes No No Yes 0.18 0.09 Yes division éptima
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Puntos de
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Division
5 Mouse No No Yes No No Yes 0.13 0.07 Yes Variable Evaluados Gini
6 Mouse No No Yes No No Yes 0.11 0.05 Yes Squeaks Yes o No 0.32
9 Mouse No No Yes No No Yes 0.15 0.08 Yes M Y N 0.28
9 Mouse No No Yes No No _Yes 015 008 _ Yes eows res o No -
12 Cat No Yes No No Yes Yes 04 015 No Height  <=0.05 0.03
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes Height <=0.06 0.09
14 Cat No Yes No Yes Yes Yes 036 0.17 Yes Height <=0.07 0.17
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 He!ght <=0.08 0.26
16 Cat No Yes No Yes Yes Yes 030 0.16  Yes Height <=0.09 0.28
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes Height <=0.15 0.25
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes :

<=0. :
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes He!ght _O 16 0.26
20 Dog Yes Yes No No Yes No 053 0.35 Yes He!ght <=0.17 0.28
21 Dog Yes Yes No No Yes No 051 033 Yes Height <=0.22 0.27
21 Dog Yes Yes No No Yes No 051 0.33 Yes Height <=0.26 0.31
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 He!ght _0'27 0.22
23 Dog No No No No No No 052 026 VYes Height  <=0.29 0.18
24 Dog Yes Yes No No Yes No 053 027 VYes Height <=0.32 0.09
24 Dog Yes Yes No No Yes No 053 027 Yes Height <=0.33 0.04
27 Dog No Yes No No Yes No 0.58 0.29 Yes . _
27 Dog No Yes No No Yes No 058 0.29 Yes Height <=0.35 0.00

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Datos de Entrenamiento

Ganancia de Gini
para identificar la
division optima

. 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 No No Yes 0.15 0.08 Yes
12 Cat No Yes No No Yes Yes 04 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
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 051 0.33 Yes
21 Dog Yes Yes No No Yes No 051 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 053 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

Puntos de
Division
Variable Evaluados Gini
Sqgueaks Yes o No 0.32
Meows Yes o No 0.28
Height <=0.05 0.03
Height <=0.06 0.09
Height <=0.07 0.17
Height <=0.08 0.26
Height <=0.09 0.28
Height <=0.15 0.25
Height <=0.16 0.26
Height <=0.17 0.28
Height <=0.22 0.27
Height <=0.26 0.31
Height <=0.27 0.22
Height <=0.29 0.18
Height <=0.32 0.09
Height <=0.33 0.04
Height <=0.35 0.00

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Datos de Entrenamiento

Ganancia de Gini
para identificar la
division optima

Chilla

N\

No
Raton (8)

. 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 No No Yes 0.15 0.08 Yes
12 Cat No Yes No No Yes Yes 04 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
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 051 0.33 Yes
21 Dog Yes Yes No No Yes No 051 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

Puntos de
Division
Variable Evaluados Gini
Squeaks Yes o No 0.32
Meows Yes o No 0.28
Height <=0.05 0.03
Height <=0.06 0.09
Height <=0.07 0.17
Height <=0.08 0.26
Height <=0.09 0.28
Height <=0.15 0.25
Height <=0.16 0.26
Height <=0.17 0.28
Height <=0.22 0.27
Height <=0.26 0.31
Height <=0.27 0.22
Height <=0.29 0.18
Height <=0.32 0.09
Height <=0.33 0.04
Height <=0.35 0.00

NASA’s Applied Remote Sensing Training Program

Gato (8)
Perro (11)



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

Random Forests: Ejemplo

Chilla
Datos de Entrenamiento
. Afraid — Likes Si
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese / No
Raton (8)
Gato (8)
Perro (11)
12 Cat No Yes No No Yes Yes 04 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
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 051 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: Ejemplo

Chilla
Datos de Entrenamiento
Species|Barks |Pet |Squeaks|Meows | Collar Afraid Length{Height Likes RGSU':tadOS. ge Si
P a of Dogs "°"Y 9 cheese Clasificacion / No
Basados en Raton (8)
Puntos de Division
Cat Dog
Yes 1 O Gato (8)
No 7 11 Perro (11)

12 Cat N Y N N Y Y 0.4 0.15 N GananCia de Glnl

a o es o o es es . : (o] : e
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes para I.qen,tlfl(.:ar la
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes leISIOﬂ Optlma
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Puntos de
16 Cat No Yes MNo  Yes Ye Yes 030 018 Yves Division

a o] es o es es es : . es . . .
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes Variable Evaluados Gini
18 Cat __No_Yes _No Yes  Yes Yes 033 022 _ Yes Cheese YesoNo  0.04
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 051 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: Ejemplo

Chilla
Datos de Entrenamiento
Species|Barks| Pet] Squeaks|Meows CoIIaFI Fri Length|Height Likes Resu[tados- ge Si
P a of Dog 9 9" cheese Clasificacion / No
Basados en Raton (8)
Puntos de Division
Cat Dog
Yes O 8 Gato (8)
No 8 3 Perro (11)

12 Cat N Y N N Y Y 0.4 0.15 N GananCia de Glnl

a o es o o es es . : (o] ; e
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes para I.C,Ien,tlflc.:ar la
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes dIVISIOn Optlma
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Puntos de
16 Cat No Yes MNo  Yes Yer Yes 030 018 ves Division

a o] es o es es es : . es . ..
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes Variable Evaluados Gini
18 Cat __No_Yes _No Yes  Yes  Yes 033 022 _ Yes Cheese YesoNo  0.04
20 Dog Yes Yes No No Yes No 053 035 Yes Barks Yes o No 0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes
21 Dog Yes Yes No No Yes No 051 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: Ejemplo

Chilla
Datos de Entrenamiento
Species Barks| Pet | Squeaks| Meows| Collar Afraid ength|Height Likes Resuuados- ge Sl
P i of Dogsf *"9"|**'9M jcheese Clasificacion i No
Basados en Raton (8)
Puntos de Division
Cat Dog
Yes 8 10 Gato (8)
No O 1 Perro (11)
12 Cat N Y N N Y Y 0.4 0.15 N GananCia de Glnl
a o es o o es es . : o : r
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes para |_(jen,t|f|(_:ar la
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes dIVISIOn Optlma
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Puntos de
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Divisidn
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 Evaluados Gini
18 Cat__No_ Yes No Yes _Yes Yes 033 022 _ Yes Cheese YesoNo  0.04
20 Dog Yes Yes No No Yes No 053 035 Yes Barks Yes o No 0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes Collar Yes o No 0.02
21 Dog Yes Yes No No Yes No 051 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: Ejemplo

Chilla
Datos de Entrenamiento /\
. Afraid " Likes S
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese / NO
Raton (8)
Gato (8)
Perro (11)
12 Cat N Y N N Y Y 0.4 0.15 N GananCia de Glnl
a (o] es o o es es . . o : r
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes para I.C,Ien,tlflc.:ar la
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes dIVISIOn Optlma
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Puntos de
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Divisidn
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 Evaluados Gini
18 Cat__No Yes No Yes Yes Yes 033 022  Yes Cheese YesoNo  0.04
20 Dog VYes Yes No No Yes No 053 0.35 Yes Barks Yes o No 0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes Collar Yes o No 0.02
21 Dog Yes Yes No No Yes No 051 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: Ejemplo

Chilla
Datos de Entrenamiento /\
. Afraid " Likes S
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese / NO
Raton (8)
Gato (8)
Perro (11)
12 Cat N Y N N Y Y 0.4 0.15 N GananCia de Glnl
a (o] es o o es es . . o : r
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes para I.C,Ien,tlflc.:ar la
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes dIVISIOn Optlma
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Puntos de
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Divisidon
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 Evaluados Gini
18 Cat__No Yes No Yes Yes Yes 033 022  Yes Cheese YesoNo  0.04
20 Dog Yes Yes No No Yes No 053 035 Yes Barks Yes o No 0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes Collar Yes o No 0.02
21 Dog Yes Yes No No Yes No 051 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: Ejemplo

Chilla
Datos de Entrenamiento /\
. Afraid — Likes Si
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese / No
Raton (8)
Ladra
: . Si
12 cat No Y N N v v 04 015 N Ganancia de Gini pd
a o es o o es es . : o] : L

13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes para I.C,Ien,tlflc.:ar la Perro (8) NO
14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes leISIOﬂ Optlma
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Puntos de
16 Cat No Yes No Yes Yes Yes 0.3 0.16 Yes Division
16 Cat No Yes No Yes Yes Yes 030 0.6 Yes : - Gato (8)

Variable Evaluados Gini
18 Cat No Yes No Yes Yes Yes 0.33 0.22 Yes Perro (3)
18 Cat __No_Yes _No Yes  Yes  Yes 033 022 _ Yes Cheese YesoNo  0.04
20 Dog Yes Yes No No Yes No 053 035 Yes Barks Yes o No 0.26
20 Dog Yes Yes No No Yes No 0.53 0.35 Yes Collar Yes o NO 0.02
21 Dog Yes Yes No No Yes No 051 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 052 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: Ejemplo

Chilla
Datos de Entrenamiento /\
. Afraid — Likes Si
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese / No
Raton (8)
Ladra
Si
12 Cat No Yes No No  Yes Yes 04 015 No pd No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes Perro (8)
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 Ccat No Yes No  Yes Yes Yes 030 016 Yes Gato (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 Perro (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

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Chilla
Datos de Entrenamiento /\
. Afraid — Likes Si
Species Barks Pet Squeaks Meows Collar |lof Dogs Length Height Cheese / No
Raton (8)
Ladra
Si
12 Cat No Yes No No  Yes Yes 04 015 No pd No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes Perro (8)
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 Ccat No Yes No  Yes Yes Yes 030 016 Yes Gato (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 Perro (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

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Chilla
Datos de Entrenamiento /\
. Afraid — Likes Si
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese / No
Raton (8)
Ladra
Si
12 Cat No Yes No No  Yes VYes 04 015 No pd No
13 Cat No Yes No Yes Yes Yes 0.37 0.09 Yes Perro (8)
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 030 016  Yes Teme alos Peros
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 SI
pd No
Gato (8) \
23 Dog No No No No No No 052 026 VYes Perro (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

NASA’s Applied Remote Sensing Training Program
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.

3. Tome la prediccion promediada de todos los arboles (ntree) para determinar la
clasificacion final

Random Forests: Ejemplo

h NASA’s Applied Remote Sensing Training Program
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Random Forests: Ejemplo

Original Chil
- . lia .
Species Barks Pet Squeaks Meows Collar oﬁ\fg?)lgs Length Height Cl;llle(zize Al’b0| VOtO
/S'/\ 1 Perro
(11 Z 77 NO
Raton \
Ladra

Si
- NoO

“Perro”

Teme alos Penos

%ﬁ Cat No Yes No Yes Yes No 035 024 Yes |
A\
No
(iGatO” \

“Perro”

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Original -
. Afraid . Likes Maulla A
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese
/S'/\ 1 Perro
No
“Gato” \ 2 Gato

Teme alos Penos

N\

NoO

“Raton” \

“Perro”

%ﬁ Cat No Yes No Yes Yes No 035 0.24 Yes |

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Original Alt
: : r ”
Species Barks Pet Squeaks Meows Collar oﬁ\fg?)lgs Length Height Cl;llle(zize ura
<>0.24 1 Perro
' >0\24
“Gato” \ 2 Gato
3 Gato
Ladra
s \
<y
“Raton”
“Perro”

%ﬁ Cat No Yes No Yes Yes No 035 0.24 Yes |

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo
Original

Afraid Likes

of Dogs Length Height ) Cce Arbol | Voto
P ————

Perro
Gato
Gato
Raton
Gato
Gato
Gato
Gato
Perro

Species Barks Pet Squeaks Meows Collar

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

© 00 N O O A WO N P

Mayoria = Gato

Clasificacion
Final = Gato

NASA’s Applied Remote Sensing Training Program
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Random Forests: Ejemplo
Original

Afraid Likes

Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese

Arbol | Voto

Perro
Gato
Gato
Raton
Gato
Gato
Gato
Gato
Gato

Probabilidad:
:2/3

=67%

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

© 00 N O O A WO N P

NASA’s Applied Remote Sensing Training Program
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Random Forests: Ejemplo
Original

Afraid . Likes
of Dogs Length Height Cheese Nntree = 9

Perro
Gato
Gato
Raton
Gato
Gato
Gato
Gato
Gato

Species Barks Pet Squeaks Meows Collar

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

ILOOO\ICDU'I-bOOI\JH

NASA’s Applied Remote Sensing Training Program
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.

» Pase las muestras “Out of Bag” por el arbol y calcule el error Out of Bag (para un
arbol particular)

Random Forests: Ejemplo

h NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

Species Barks Pet Squeaks Meows Collar o'?flgecl:gs Length Height C';:Z‘Zze Chllla
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes p
Mouse No No Yes No No Yes 0.18 0.09 Yes /SI
%Mouse No No Yes No No Yes 0.13 0.06 Yes | - NoO
Mouse No Yes Yes No No Yes 0.13 0.06 Yes “Raton”
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
Mouse No No Yes No No Yes 0.16 0.08 Yes Ladra
Mouse No No Yes No No Yes 0.15 0.08 Yes i
10 Cat No Yes No Yes Yes Yes 0.31 0.19 Yes SI
Restantes 11 Cat No Yes No Yes No Yes 0.38 0.20 Yes / N
para 12 Cat No Yes No Yes Yes Yes 040 0.5 No “p ”s O
Evaluacion < 13 Cat No Yes No Yes Yes Yes 037 009 Yes erro
de Precision 14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
Interng < |15 Cat No No No Yes No No 032 022 Yes |
3 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes Teme a |OS Penros
|17 Cat No Yes No Yes Yes Yes 035 0.24 Yes |
18 Cat No__Yes No Yes Yes Yes 0.33 0.22 Yes :
19 Dog Yes No No No No No 058 033 Yes | SI/\
20 Dog Yes Yes No No Yes No 053 0.35 Yes / N
21 Dog Yes Yes No No Yes No 051 0.33 Yes uG ato” 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
F5 Dog Yes Yes No No Yes No 037 016 Yes “Perro”
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



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

Random Forests: Ejemplo

. Afraid . Likes
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese Chllla
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes p
2 Mouse No No Yes No No Yes 0.18 0.09 Yes /SI
| 3 Mouse No No Yes No No Yes 0.13 0.06 Yes NoO
(11 Z 77
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Raton
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 Ladra
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 i
Cat No Yes No Yes Yes Yes 0.31 0.19 Yes SI
Restantes Cat No Yes No Yes No Yes 0.38 0.20 Yes / NO
para Cat No Yes No Yes Yes Yes 040 0.5 No . ”s
5 < 13 Cat No Yes No Yes Yes Yes 037 009 Yes Perro
Evaluacion
de Precision Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
1 Cat No No No Yes No [|Nok 032 022 Yes |
Interna =~/ Cat No Yes No Yes Yes Yes : 0.16 Yes Teme a |OS Penros
Cat No Yes No Yes Yes Yes 0.35 Yes |
Cat No Yes No Yes Yes Yes 0.33 Yes
|_19 Dog Yes No No No No No 0.58 0.33
20 Dog Yes Yes No No Yes No 0.53 0.35
21 Dog Yes Yes No No Yes No 051 0.33
22 Dog Yes Yes No No Yes No 0.16 0.32
23 Dog No No No No No No 0.52 0.26
24 _Dog __Yes Yes No No Yes No 0.53 __0.27 S
FS Dog Yes Yes No No Yes No 037 0.16 Perro”
26 Dog Yes Yes No No Yes No 0.53 0.29
\_27 Dog Yes Yes No No Yes No 058 029 Yes

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

. Afraid . Likes
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese Chllla
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes p
2 Mouse No No Yes No No Yes 0.18 0.09 Yes /SI
| 3 Mouse No No Yes No No Yes 0.13 0.06 Yes Ny . NoO
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Raton
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 Ladra
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 i
10 Cat No Yes No Yes Yes Yes 0.31 0.19 Yes SI
Restantes 11 Cat No Yes No Yes No Yes 0.38 0.20 Yes / N
para 12 Cat No Yes No Yes Yes Yes 040 0.5 No “p ”s O
Evaluacion < 13 Cat No Yes No Yes Yes Yes 037 009 Yes erro
de Precision 14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
1 [15 Cat No No No Yes No No 032 022 Yes |
Interna =/, 16 Cat No Yes No _ Yes Yes Yes 030 016 Yes Teme alos Perros
17 Cat No Yes No Yes Yes Yes 035 024 Yes |
No__Yes No Yes Yes Yes 0.33 0.22 Yes :
Yes No No No No No 058 033 Yes | Si
Yes Yes No No Yes No 0.53 0.35 Yes / N
21 Dog Yes Yes No No Yes No 051 0.33 Yes uG ato” o
22 Dog Yes Yes No No Yes No 0.16 0.32 Yes
No No No No No No 0.52 0.26 Yes @j % \
Yes _Yes No No Yes No 0.53 __0.27 Yes
Yes Yes No No Yes No 037 016 Yes % “Perro”
Yes Yes No No Yes No 0.53 0.29 Yes
. Dog Yes Yes No No Yes No 058 029  Yes @i

NASA’s Applied Remote Sensing Training Program



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

Random Forests: Ejemplo

. Afraid . Likes Chilla
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes p
2 Mouse No No Yes No No Yes 0.18 0.09 Yes /SI
| 3 Mouse No No Yes No No Yes 0.13 0.06 Yes Ny . NoO
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Raton
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 Ladra
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 i
10 Cat No Yes No Yes Yes Yes 0.31 0.19 Yes SI
Restantes 11 Cat No Yes No Yes No Yes 0.38 0.20 Yes / N
para 12 Cat No Yes No Yes Yes Yes 040 0.5 No “p ”s O
Evaluacion < 13 Cat No Yes No Yes Yes Yes 037 009 Yes erro
de Precision 14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes
Inferng <L/ |15 Cat No No No Yes No No 032 022 Yes | '
3 16 Cat No Yes No Yes Yes Yes 0.30 0.16 Yes Teme a |OS Penros
|17 Cat No Yes No Yes Yes Yes 035 0.24 Yes |
18 Cat No__Yes No Yes Yes Yes 0.33 0.22 Yes :
19 Dog Yes No No No No No 058 033 Yes | Si
20 Dog Yes Yes No No Yes No 053 0.35 Yes / N
21 Dog Yes Yes No No Yes No 051 0.33 Yes uG ato” 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
F5 Dog Yes Yes No No Yes No 037 016 Yes % “Perro”
26 Dog Yes Yes No No Yes No 0.53 0.29 Yes
\._27 Dog Yes Yes No No Yes No 058 029  Yes @i
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Random Forests: Ejemplo

— — Chillar El error Out of Bag es del
Species Barks Pet Squeaks Meows Collar of Dogs Length Height Cheese 10% para este ébe' N
f 1 Mouse No Yes Yes No No Yes 0.14 0.07 Yes p
2 Mouse No No Yes No No Yes 0.18 0.09 Yes /SI !
| 3 Mouse No No Yes No No Yes 0.13 0.06 Yes - No 3 0 0
(11 77
4 Mouse No Yes Yes No No Yes 0.13 0.06 Yes Raton
5 Mouse No No Yes No No Yes 0.13 0.07 Yes 0 3 1
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 Ladra
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 i
10 Cat No Yes No Yes Yes Yes 0.31 0.19 Yes SI
Restantes 11 Cat No Yes No Yes No Yes 0.38 0.20 Yes / N
para 12 Cat No Yes No Yes Yes Yes 040 0.5 No “p ”s O
Evaluacion < 13 Cat No Yes No Yes Yes Yes 037 009 Yes erro
de Precision 14 Cat No Yes No Yes Yes Yes 0.36 0.17 Yes '
1 [15 Cat No No No Yes No No 032 022 Yes |
Inferna =/ 16 Cat No Yes No _ Yes Yes Yes 030 016 Yes ' Teme alos Perros
|17 Cat No Yes No Yes Yes Yes 035 0.24 Yes |
18 Cat No__Yes No Yes Yes Yes 0.33 0.22 Yes :
19 Dog Yes No No No No No 058 033 Yes | Si
20 Dog Yes Yes No No Yes No 053 0.35 Yes / N
21 Dog Yes Yes No No Yes No 051 0.33 Yes “Gato” 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 037 016 Yes % “Perro”
26 Dog Yes Yes No 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: Ejemplo

e Calcule el error Out of Bag general

nTree (=9) Majority Vote

Species 2 3 4 5 6 7 9 Mouse  Cat Dog
| 1 Mouse.
-

/
Perro

Mouse B 1 0 10%
Gato

Perro

NASA’s Applied Remote Sensing Training Program

Yes <=0.24
No
"Mouse"
Yes /\
No /
“Dog" \ “Dog” \
“Cat"” “Cat” “Dog"

Yes Yes <=0.08

No Mo >0.08

“Mou

“"Cat"
Yes
No
“"Cat"
"Dog”
Yes <=0.24
'/ No / >0.24
Mouse” “Mouse" “Cat”
Height
Yes &
No <=0.22
>0.22
o \,
“cat"
“Cat” “Dog"
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Random Forests: Ejemplo

Decrease in Accuracy
= 90% - 40%
5. Calculando el Mean Decrease in ACCUIracCy moa o biminucion Mieda de |

— Los valores son permutados en todos los arboles

Original Exactitud Out of\Bag Original- 90%
Afraid Likes l—arg 0)
Species Barks Pet Squeaks Meows Collar Length Height
of Dogs Cheese
1 Mouse No Yes Yes No No Yes 0.07 Yes PerI’O
Mouse  No No Yes No No Yes 0.09 Yes <= O ,24
Mouse  No No Yes No No Yes 0.31 0.06 Yes | / Ratén 3 O
Mouse No Yes Yes No No Yes 0.06 Yes
No No Yes No No Yes 0.07 Yes > 024 Gato 0 3 1
No No Yes No No Yes 0.05 Yes
No No Yes No No Yes 0.32 0.06 Yes
No No Yes No No Yes 0.38 0.08 Yes Perl‘O 0 O 3
No No Yes No No Yes 0.08 Yes “ Raté n"
No Yes No Yes Yes Yes 0.37 0.19 Yes . e
No Yes No  Yes No  Yes 053 020 Yes Ladra Exactitud Out of Bag Después de Permutar- 40%
No Yes No Yes Yes Yes 0.15 No
No Yes No Yes Yes Yes 0.09 Yes z
No Yes No Yes Yes Yes 0.17 Yes , - Raton Gato Perro
No No No Yes No No 0.35 0.22 Yes | Sl
No Yes No Yes Yes Yes - 0.16 Yes / Raté n 0 3 O
No Yes No Yes Yes Yes 0.13 0.24 Yes | N (o)
No Yes No Yes Yes Yes 0.22 Yes G ato 1 3 0
Yes No No No No No 0.58 0.33 Yes_l
Yes Yes No No Yes No 0.35 Yes
Yes Yes No No Yes No 0.33 Yes 1 Perron Perro 2 0 1
Yes Yes No No Yes No 0.32 Yes
No No No No No No 0.26 Yes
Yes Yes No No Yes No 0.27 Yes
Yes Yes No No Yes No 0.13 0.16 Yes 13 7
Yes Yes No No Yes No 0.16 0.29 Yes | G ato
Yes Yes No No Yes No 0.29 Yes

- ———___ Datos de Longitud

. . - Aleatoriamente Permutados
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Random Forests: Demostracion Practica de Clasificacion de Cultiv@

1. Instalar la dltima version de R y RStudio
— https://cran.r-project.org/bin/windows/base/
— https://www.rstudio.com/products/rstudio/download/

2. Abrir Rstudio

h NASA’s Applied Remote Sensing Training Program
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Random Forests: Demostracion Practica

3.

4. Cargar (raster, randomForest,

Instalar (raster, randomfForest,

sp, rgdal)
sp, rgdal)

) Rstudio
File Edit Code View Plots Session Build Debug Profile Tools Help
O -0plar-l H B Ga to file/function ~ Addins +

@] Untitled1*

IH [JSourceonSave | G /=

1

11 (Top Level) =

Console  Terminal Jobs

C:/NASA_COURSE/
> Tibrary(randomrForest)

=+ Run

(23

=0

Source v =

R Script &

=0

Rl proje

Environment History  Connections

< = | 5 Import Dataset ~ &

T Giobal Environment ~

D predictions

@ Predictor_pata
r_tree

O Training

Training_bata

validation

validation_pata
values

c

confusionMatrix

kappa

Files Plots Packages

©l install | @ Update
Name

User Library
assertthat
backports
basefdenc
BH
di

coin

colorspace
crayon
crosstalk
data.table
digest
dplyr

oT

dtplyr

evaluate

fansi
GGalk

Formal class RasterLayer

Formal class Rasterstack

List of 18

Formal class spatialPointsDatarrame

List =

num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034 ...

Formal class spatialpPointspataFrame

num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...

6L
"table’ int [1:6, 1:6] 37 01 04 8 05000 ...
0.788

Help  Viewer

Description Version
Easy Pre and Post Assertions 0.2.1
Reimplementations of Functions Introduced Since R-3.0.0 114
Tools for basef4 encoding 01-3
Boost C++ Header Files 1.68.0-1
Helpers for Develaping Cammand Line Interfaces 1.1.0
Conditional Inference Procedures in a Permutation Test 13-0
Framework

AToclbox for Manipulating and Assessing Colors and Palettes 141

Colored Terminal Qutput 134
Inter-Widget Intersctivity for HTML Widgets 1.0.0
Extension of ‘dataframe’ 1122
Create Compact Hash Digests of R Objects 0619
A Grammear 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

ANSI Control Sequence Aware String Functions 04.0

Eutamtinm ta ‘naning? 14n

=0
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Random Forests: Demostracion

5. Configurar el Directorio Operativo

Practica

e RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
O -0y - d B & A Gotoflefuncion ~ Addins ~
@] Untitled1*
: i Jsourceansave | Gy A =
1 #1) set the working directory
2 setwd('C:/NASA_COURSE')
3
4
5 #2) Create a raster object
6 inraster <- raster::stack( 0_RASTER/RS2_TSX_Sentinel_1_30m_uTtM.tif ')
s
7
8 #3) set the path to the training data; a csv file containing class labels (cClass)
9 #and Easting (POINT_X) and Northing (POINT_Y) information
10 Training <- read.csv('1_TRAIN_VAL_FIMWAL_FIMAL/TRAINING.csv', header=TRUE, sep = ",")
11 walidation <- read.csv("1_TRAIN_VAL_FIMAL_FINAL/VALIDATION.csv', header=TRUE, sep = ".,")
12
13

14 #4) Identify which columns contain coordinate information
15 coordinates(Training)<- ~Point_X+Point_y
16 coordinates(validation}<- ~Point_xX+Point_Y

19 #5) set the projection of the point data

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

5: (Top Level) =

Console  Terminal Jobs

C:/NASA_COURSE/S

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

S

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

=0

#Run | "= | _# Source -

-

R Script =

=0

Environment
|
] Global Environment +
Data
@inraster

Files Plots  Packages

Ol install | @ vodate
Mame

User Library
assertthat
backports
basefdanc
BH
cli

coin

colarspace
crayon
crosstalk
data.table
digest
dplyr

oT

diplyr

evaluate

fansi
GGalhe

History Connections

5

#* Import Dataset ~ | &

Formal class Rasterstack

Help Viewer

Description

Easy Pre and Post Assertions

Reimplementations of Functions Introduced Since R-3.0.0
Tools for baseb4 enceding

Boost C++ Header Files

Helpers for Developing Command Line Interfaces

Conditional Inferance Procedures in a Permutation Test
Framework

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

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

Fwtensinn tn 'nanlnt?

Version

021
114
0.1-3
1.69.0-1
1.1.0
1.3-0

14-1
124
100
1122
0.6.19
0.8
0.6
003
014

04.0
14n

O

x

E Project: (Mone) ~

List =

=0

=0
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Random Forests: Demostracion Practica

6 C . s
: rear un ObjEtO raster
e RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help
O - gl H A Go to fileffunction - Addins ~
@] Untitled1* = ] Environment ~ History  Connections
: I [Jscurceonsave | G A« +2un | v Sspurce +| = o ] P importDataset = | 8
1 #1) set the working ch_rectury = | | Wk Global Environment =
2 setwd('C:/NASA_COURSE')
3 Data
4 @ inraster rFormal class Rasterstack
5 #2) Create a raster object
6 inraster <- raster::stack('0_RASTER/RS2_TSX_Sentinel_1_30m_uTM.tif")
e
7
& [3) set the path to the training data; a csv file conraining class labels (Class)
9 #and Easting (POINT_X) and Northing (POINT_Y) information
10 Traiming <- read.csv('1_TRAIN_VAL_FIMWAL_FINAL/TRAINING.csv', header=TRUE, sep = ",")
11 walidation <- 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_y
16 coordinates(validation)<- ~Point_x+Point_Yy
-
7
18 Files Plots Packages Help Viewer
19 #‘5)_set ;he projegtfnn of thﬁ pm-irjt data ) N 0 instal | @ update
20 proj4string(Training)<- CRS("+proj=utm +zone=14 +datum=wGS84 +units=m +no_defs +ellps=wGsS84 +towgs84=0,0,0") -
21 proj4string(validation)<- CRS("+proj=utm +zone=14 +datum=wGS84 +units=m +no_defs +ellps=wWE584 +towgs84=0,0,0") plame Escription
22 User Ll
23 .
24 #6) Extract training data from the raster assertthat Easy Pre and Post Assertions
25 Trai njng_Data <- raster::extract(inraster, Training) - backparts Reimplementations of Functions Introduce:
il (Top Level) = R Script & basetdenc Tools for base64 encoding
Console  Terminal Jobs -0 BH Boost C++ Header Files
C:/NASA_COURSE/ cli Helpers for Developing Command Line Inte
= #1) set the working directory coin Conditional Inference Procedures in a Perm|
= setwd('C: /NASA_COURSE') Framewaork
> ?:Fz) Create a raster Db]ECt. . . colorspace A Toolbox for Manipulating and Assessing
= inraster <- raster::stack( 0_RASTER/RSZ_Tsx_Sentinel_1_30m_utM.tif")
> crayon Colored Terminal Cutput
crosstalk Inter-Widget Interactivity for HTML Widget|
data.table Extension of ‘dataframe’
digest Create Compact Hash Digests of R Objects
dplyr A Grammar of Data Manipulation
CT A Wrapper of the JavaScript Library 'DataTa)
diplyr Data Table Back-End for 'dplhyr'
evaluate Parsing and Evaluation Tecls that Provide M
Default
fansi ANSI Control Sequence Aware String Funct)
GGalk: Fvtansinn tn ‘annknt?

NASA’s Applied Remote Sensing Training Program
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Random Forests: Demostracion Practica

7. Leer datos de entrenamiento y validacion (archivos csv)

) RStudio - m] *
File Edit Code View Plots Session Build Debug Profile Tools Help
S -0 -l H B A Go to file/function ~ Addins * Rl project: None) ~
@ | Untitled1* =] Environment  History  Connections =]
[H Dsourceonsave | G # -« +Run | *+ | Bsource =| = | &2 K | 5 import Dateset = | & List = -
1 #1) set the working directory " Global Envi te
2 setwd('C:/MASA_COURSE') ) ool Envrenmer
3 Data
4 3 b Dinraster Formal class Rasterstack
5 #2) create a raster object = - :
6 inraster <- raster::stack('0_RASTER/RS2_Tsx_sentinel_1_30m_utM.Tif") G Training 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 Tlabels (Class)
9 #and Easting (POINT_X) and Northing (POINT_Y) information
10 Training <- read.csv('l_TRAIN_VAL_FINAL FIMNAL/TRAINING.csv', header=TRUE, sep = '
11 validation <- 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
16 coordinates(validation)<- ~Point_xX+Point_Y
lé Files Plots Packages Help Viewer =
19 #5) set the projection of the point data Bl install QU date
20 proj4string(Training)<- crRsS("+proj=utm +zone=14 +datum=wGs84 +units=m +no_defs +ellps=wGsS84 +Towgs84=0,0,(
21 proj4string(validation)<- CRS("+proj=utm +zone=14 +datum=wGS84 +units=m +no_defs +ellps=WGS84 +towgs84=0,0f 7 TRAINING - Notepad - ] X
22
23 File Edit Format View Help
24 #6) Extract training data from the raster 'klESS.PDint_X.PDint_Y fal
25 Training_pata <- raster::extract(inraster, Training) Barley,571228.62604760008,5516307. 57217000000
119 (Top Le\lréll . Barley,573654.53761200000,5519554., 46566000000
: Barley,573534.36171000000,5519458. 88555000000
Console  Terminal Jobs Barley,573512.37732300000,5519589. 39045000000
C./NASA_COURSE/ Barley,579210.63736600000,5521301. 38413000000
#1) set the worki di + Barley,579383.19567906800,5521339. 72647000000
z Setwd%,C_K:AE?C;BESJ;& ory Barley,579272. 99966400000, 5521249 . 23472600000
> #2) crea;:e a r?ister object Barley,5808100.04255600008,5521221. 61765888000
> inraster <- raster::stack{ 0_RASTER/RS2_TSX_sentinel_1_30m_utM.tif') Barley,580094. 14662600000, 5521159, 34324800000
> #3) ser the path to the training data; a csv file containing class labels (class) Barley,580024.44461900000,5521284. 84166000000
> #and easting (POINT_X) and northing (PoINT_¥) information Barley,581088.24412400000,5515684. 72286000000
= Training <- read.csv( 1_TRAIN_VAL_FIMAL_FINAL/TRAINING.csv', header=TRUE, sep = ",") Barley,574437.94387000000, 5519484, 08000000000
> Validation =- read.csv("1_TRAIN_VAL_FINAL_FINAL/VALIDATION.csv', header=TRUE, sep =" Barley,574439. 60313160000, 5519629. 23260000000
> Barley,579287.9276805000008,55221684. 98185808000
Barley,58@8921.47843900008,5521367. 70286008000
Barley,580873.83908300000,5519735, 12168000000
Barley,578554.09194500000,5521235. 22894000000
evaluate Parsing and Evaluation Tools that Provide More Details than the  0.14
Default
fansi ANSI Contral Sequence Aware String Functions 04.0
fi3ali Evtencian tn 'nnnlnt? 140 e
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Random Forests: Demostracion Practica

8.

Identificar cuales columnas de los archivos csv contienen datos sobre coordenadas

eRStudlo

File Edit Code View Plots Session Build Debug Profile Tools Help

O -Cglea-H A A Go to file/function - Addins ~

@] Untitled1*

= Source on Save | & / -

1 #1) set the working directory
2 setwd('C:/NASA_COURSE")
3
4
5 #2) Create a raster object
6 inraster «- raster::stack( 0_RASTER/RSZ_Tsx_sentinel_1_30m_utm.Tif")
-
7
8 #3) set the path to the training data; a csv file containing class Tabels (Class)
9 #and Easting (POINT_X} and Northing (POINT_v) information
10 Training <- read.csv("1_TRAIN_ WAL FINAL_FIMNAL/TRAINING.csv , header=TRUE, sep = "
11 wvalidation <- read.csvi{'l _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_y

16 coordinates(validation)<- ~Point_x+Point_Y

17

18

19 #5) set the projection of the point data

20 projdstring(Training)<- CRS("+proj=utm +zone=14 +datum=wGs84 +units=m +no_defs +ellps=wGs84 +Towgs
21 proj4string(validation)<- CRS("+proj=utm +zone=14 +datum=wWG584 +units=m +no_defs +ellps=WGs584 +Tow
22
23

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

181 (Top Level) &

Console  Terminal Jobs

C:/NASA_COURSES

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

#2) Create a raster object
inraster <- raster::stack("0_RASTER/RS2Z_TSx_Sentinel_1_30m_uUTM.t]
#3) set the path to the training data; a csv file containing 8ss labels (class)
#and Easting (POINT_X) and northing (POINT_v) informatigs
Training <- read.csv( 1_TRAIN_VAL_FINAL_FINAL/TRAI
validation <- read.csvi{ ' 1_TRAIN_WAL_FINAL_FINA]
#4) Identify which columns contain coordings
coordinates(Training)<- ~Point_x+Point_Y
coordinates(validation)<- ~Point_x+Point_y

& csv’, header=TRUE, sep = ",")
SLIDATION. csv', header=TRUE, sep =
Information

")

WOW WOV WY W W Y Y Y Y

=*Run | (7=

=0

Source

Environment

= il |
- 7} Global Environment -

Data

D inraster

D@ Training

Dvalidation

“* Import Dataset =

History  Connections
g

Formal class RasterStack
Formal class SpatialPointsDataFrame

Formal class spatialpointspataFrame

O X

& project: (None) =

=0

List = =

File Edit Format

Barley,57:

2474

Iklass,Pointix,
Barley,571228.
Barley,573654.
Barley,573534.
Barley,573512.
Barley,579218.
Barley,579383.
Barley,579272.
Barley,580180.
Barley,580094.
Barley,580024.
Barley,581088.
Barley,574437.
Barley,574439.
Barley,579287.
Barley,5808921.
Barley,580873.
8554.

] TRAINING - MNotepad

View Help
Point_Y

62604700000,5516307.
53761200000,5519554.
36171000000,5519458.
3773230000808,5519589.
637366000088,5521361.
195679000688,5521339.
99966400000,5521249.
84255600000,5521221.
14662680000,5521159.
44461900000,5521234.
244124060000,5515604.
94387000000, 5519484.
6@3131000688,5519629.
927608500008,5522164.
47843900008,5521387.
§3903300000,5519735.
89194300000, 552123

19

57217000000
46566000000
88559000000
39845000000
38413000000
72647000000
23472000000
617a5600000
34324600000
84166000000
72286000000
989a%a00000
23260000000
98185000000
70286000000
12168600000

. 22894000000

digest
dplyr
oT
diplyr

evaluate

fansi
GRally

Create Compact Hash Digests of R Objects

A Grammar of Data Manipulation

A Wrapper of the JavaScript Library ‘DataTables
Data Teble Back-End for 'dplyr’

Parsing and Evaluation Tools that Provide More Details than the
Default

ANSI Contral Sequence Aware String Functions

Futancinn tn 'nanlnt?

0.6.19
0.8.1
0.6
003
014

0.4.0
140
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Random Forests: Demostracion Practica

9. Definir la proyeccion de los datos puntuales en los archivos csv

O Rstudio

File Edit Code View Plots Session Build Debug Profile Toels Help
S -0ml-lH unction ~ Addins =
9] Untitled1* =
: i [(SourceonsSave | G A = =+ Run | o+ Source = =
11 walidation <- read.csv( 1_TRAIN_VAL_FINAL_FINAL/WALIDATION.csv', header=TRUE, sep = ",") a
12
13
14 #4) Identify which columns contain coordinate information
15 coordinates(Trainingl<- ~Point_x+Point_y
16 coordinates(validation)<- ~Point_x+Point_Yy
17
18
19 #5) set the projection of the point data
20 projdstring(Training)<- CRS("+proj=utm +zone=14 +datum=WG584 +units=m +no_defs +ellps=wGs84 +towgs84=0,0,0")
21 proj4string(validation)<- CRS("+proj=utm +zone=14 +datum=wGs84 +units=m +no_defs +ellps=wGs84 +towgssfi=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 #B8) Create and save the forest
35 r_tree <- randomrorest(Predictor_pata, y=Training_rResponse, ntree = 1000, keep.forest=TRUE, importance = TRUE, na.action=na.omit) -
21:102 | (Top Level) = R Seript 3
Console  Terminal Jobs =]

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 labels (class)
#and Easting (POINT_X) and Northing (POINT_Y) information
Training <- read.csv{'1_TRAIN_VAL_FINAL_FINAL/TRAINING.csv', header=TRuE, sep = ",")
validation <- read.csv( 1_TRAIN_VAL_FINAL_FINAL/VALIDATION.csv', header=TRUE, sep =
#4) Identify which columns contain coordinate information
coordinates(Training)<- ~Point_x+Point_Yy
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=wWGsS84 +towgs84=0,0,0")
projdstring(validation)<- CRS{"+proj=utm +zone=14 +datum=wGS84 +units=m +no_defs +ellps=wG584 +towgs84=0,0,07)

T

VOOV W OV W W Y Y W Y VWY

Environment
& =
1 Global Environment =

Data

0 inraster

D Training

D validation

Files  Plots Packages

bl Install @ Update
MName

User Library
assertthat
backparts
basefdenc
EH
cli

coin

colorspace
crayon
crosstalk
data.table
digest
dplyr

CoT

diplyr

evaluate

fansi
GGalhy

History  Connections

/

#* Import Dataset = | &

Formal class RasterStack
Formal class spatialpointspatarrame
Formal class spatialpointsDataFrame

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

021
114
01-3
1.68.0-1
11.0
130

14-1
134
100
1122
0618
081
0.6
003
0.14

04.0
140

[m]

X

S Project: (None) =

List =

=0

=0
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Random Forests: Demostracion Practica

10. Extraer datos de entrenamiento (valores de cada banda de raster coincidentes
con_datos puntuales)

£ RStudio - m] s
File Edit Code View Plots Session Build Debug Profile Tools Help
-0 - H B3 Go ffunction - Addins = Rl project: (None)
@ | Untitled1* =] Environment  History  Connections =
H SourceonSave | & + =Run | "% Source * = [ | 7 import Dataset = | & List = -
23 s I
L. Global Env t
24 #6) Extract training data from the raster ) @ T
25 Training_Data <- raster::extract(inraster, Training) Data
26 Training_Response =<- as.factor(Trainingiclass) D inraster Formal class Rasterstack
-
gé D Training Formal class SpatialPointsDataFrame
29 #7)select which variables from the raster stack to use in your model Training_pata num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034
30 selection <- c(1:22) ) Dvalidation Formal class spatialpointspatarrame
31 Ppredictor_Data <- Training_Datal,Selection]
332 values
32 Training_rResponse Factor w/ 6 levels "Barley”,"canola",..: 11111111
34 #B8) create and save the forest
35 r_tree <- randomForest(Predictor_pata, y=Training_response, ntree = 1000, keep.forest=TrUE, importance = TrRUE, 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 0 install Update
42 #10) print the variable importance (Mean pecrease in accuracy; for ini Index type = 2) ® upcat B
43 dimp <- importance(r_tree, type = 1) pene BeEi g LIS
44 imp User Library
45
46 assertthat Easy Pre and Post Assertions 0.21
47 i’l}} [Extract v alues to be used for ’-! ndEp?ndE”t ':'?U dati ono . - backports Reimplementations of Functions Introduced Since R-3.0.0 114
26148 | (Top Level) 3 R Seript ¢ base@denc Tools for basef4 encoding 0.1-3
Consgle  Terminal ~ Jobs =0 BH Boost C++ Header Files 1.60.0-1
C:/NASA_COURSES cli Helpers for Developing Command Line Interfaces 1.1.0
> sei:wd('c : /NASA, COUESE') - coin Conditional Inference Procedures in a Permutation Test 1.3-0
> #2) Create a raster object Framework
> inraster <- raster::stack("0O_RASTER/RSZ_TSX_Sentinel_1_30m_utm.tif') colarspace A Toolbox for Manipulating and Assessing Colors and Palettes 14-1
> #_3) set the path to the trawmng‘data; a csv f'!'le containing class Tabels (class) crayon Colored Terminal Qutput 134
= #and easting (POINT_X) and northing (POINT_Y) information - - -
> Training <- read.csv("L_TRAIN_VAL_FINAL_FINAL/TRAINING.csv', header=TRUE, sep = ",") crosstalk Inter-Widget Interactivity for HTML Widgets 1.0.0
= Va;'idztionfﬁ ;eaﬂ. cs;‘( ' l_TRAIN_VAL_FI\:L_FIML/:ALIDATION. csv', header=TRUE, sep = ".,") datatable Extension of 'dataframe” 1.12.2
= #4) Identify which columns contain ceoerdinate information " .
> coordinates(Training)<- ~Point_x+Point_y 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 Y |
. N o " . . . oT A Wrapper of the JavaScript Library 'DataTables 0.6
= proj4string(Trainingl<- crs{"+proj=utm +zone=14 +datum=wGs84 +units=m +no_defs +ellps=wGs84 +towgs84=0,0,0") il P v
> proijastring(validation)<- CRS("+proj=utm +zone=14 +datum=WGS84 +units=m sno_defs +e11ps=wG584 +towgs84=0,0,0") dtplyr Data Table Back-End for 'dplyr 0.0.3
> #6) Extract training data from the raster . evaluate Parsing and Evaluation Tools that Provide More Details than the 014
> Training_bata <- raster::extract(inraster, Training) Default
i Training_Response <- as.factor (Trainingiclass) fansi ANSI Contral Sequence Aware String Functions 04.0
sl Evtancing ta 'nanlat? 14n e
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Random Forests: Demostracion Practica

11. Seleccionar variables para utilizar en el modelo

VH_S1A 20160731 slv19 31Jul2016

e RStudio
File Edit Cede View Plots Session Build Debug Profile Tools Help VV_TSX_20160726_mSt_26Ju|2016
AR SRR S = = Go to file/function - Addins ~
8] untitled1* VH—TSX—20160726—SIV1—26Ju|2016 =] Environment  History  Connections
- IH (Jsourceonsave | O A - VV TSX 20160726 SIV2 26Ju|2016 Source = Zudll ™ | _"’_ln“pDEDaTaSE"' &
) N p— o == = - 7} Global Environment =
24 #6) Extract training data from the raster para
25 Training_pata <- raster::extract(inraster, Training)
26 Training_Response <- as.factor(Trainingiclass) HH—RSZ—20160703—S|V3—01J3nzooo @ inraster Formal class Rasterstack
27 : -
Predictor_Data 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 O Training Formal class spatialpointsp
30 Se'\ec.tw‘on - €(1:22) . o Training_bata num [1:132, 1:22] 0.0374 0.
312- Predictor_pata <- Training_Data[,selection] VH_R52_20160703_S|V5_01Jan2000 ©validation Formal class spatialPointsD.
33 values
34 #B) create and save the forest VV RSZ 20160703 S|V6 Oljanzooo selection int [1:22] 1 234567 8
35 r_tree <- randomForest(Predictor_pata, y=Training_response, ntr — — — — na.omit) Training_response Factor w/ 6 levels "sarley"
36
37 HH_RS2_ 20160727 _slv7_01Jan2000
38 #9) see the out of Bag confusion Matrix — — — —
39 _t
39 ruree HV_RS2 20160727 slv8_01Jan2000 fles plots pacages | Hop | views 5
41 B install | @ update
4 a he variable i ( se in / N
53 o importanietr arae, oype L, eRn peeresse dmaceur=ai ) VHRS2_20160727_slv9_01Jan2000 eeree—
j*’sf imp User Library
46 VV_R52_20160727_SIV10_0 1-ja n 2000 assertthat Easy Pre and Post Assertions
4Z *l}} Ff‘?racf ‘_*"a.‘“95 to_be used fDI." j ndeP?ndent o I"_dé_’-t'i?": . - backports Reimplementations of Functions Introduce
321 | (TopLeve] ¢ HH_R52_20160820_S|V11_01.]3n2000 R Script basebdenc Tools for base64 encoding
Consule | Terminal % | Jobs o BH Boost C++ Header Files
C:/NASA_COURSE/ HV_RSZ_ZO 1 60820_5 IV12_0 1.] an 2000 = di Helpers for Developing Command Line Intg
> #7) Se'}ect which variab, rom the raster stack to use in your mod coin Conditional Inference Procedures in a Pen
> Selection < c(1:220 | VH_ RS2 20160820 slv13 01Jan2000
> Predictor_pata <- Training_pata[,selection] — — — — colorspace A Toalbox for Manipulating and Assessing
>
VV_RS2_20160820 slvl4 01Jan2000 crayen Colored Terminal Output
— — — - crosstalk Inter-Widget Interactivity for HTML Widgef]
VH_S1A 20160613 slv15_13Jul2016 et sstore
— — — — digest Create Compact Hash Digests of R Objects
VV SlA 20160613 SIV16 13Ju|2016 dphyr A Grammar of Data Mani{:u\at-ion
= — — = CT A Wrapper of the JavaScript Library 'DataTa
VH_S1A_20160707_slvl7_07Jul2016 el Cata Teble BackeEndfor dayr
= = = = evaluate Parsing and Evaluation Tools that Provide
Default
VV_S 1A_20 1 60707_S IV18_07J u I 20 16 fansi ANSI Control Sequence Aware String Funct
GGl Evtensinn tn 'nnnlnt?

VV_S1A 20160731 slv20 31Jul2016
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VH_TSX_20160726_[VV_TSX_20160726_(VH_TSX_20160726_

12. Crear su propio modelo Random 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  dimp <- importance(r_tree, type = 1)

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

Class mst_26Jul2016 mst_26Jul2016 slvl 26Jul2016
IBarley 0.037364677 0.133464038 0.037364677
o oy Gt Y Plew seson B e fefie Teor Reb IBarley 0.013369569 0.067057364 0.013369569|
S IBarley 0.020673014 0.074069843 0.020673014
J e A0 _— *~ IBarley 0.029688779 0.08695662 0.029688779|
T e - IBarley 0.033956379 0.109707654 0.033956379|

e v e e foree Barley 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 Canola 0.039782844 0.145142376 0.039782844
47 #11) Extract values to be used for independent validation
48 wvalidation_pata =<- ra.stér::extract-ﬁnlrastelr, validation) [,selection] Canola 0.040325992 0.161023989 0.040325992
49 walidation_response =- as.factor(validation3class)
50
» Canola 0.055418897 0.135640427 0.055418897
52 #12) classify the ind dent validation dat
?3 \4"3'I'idat?onlm{adfitw’gr'lgpiT ;:edw‘a}r_t;e:,v:'\?datw’on_nata) Can0|a 0066946477 0154822439 0066946477
351130 | (Top Level) 3
o Canola 0.094055369 0.140497714 0.094055369)
Console  Terminal Jobs
C/NASA, COURSE/ Canola 0.084282458 0.166150674 0.084282458
= #7) Select which variahles from the raster st
» selection <- c(1:22) Canola 0.09123531 0.211286813 0.09123531
> Predictor_bData =- Training_Data[,Sele T e —
> #8) Create and save the forest -
= r_tree =- randomForest(pPredictorfbata, y=Training_f€sponse, ntree = 1000, keep.forest=TRUE, importance = TRUE, na.action=na.omit) crayon Calored Terminal Output 134
= crasstalk 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 ANSI Contral Sequence Aware String Functions 04.0
[ Evtencinn tn ‘nanlat? 140 e
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13. Imprimir la matriz de confusion Out of Bag

@) Rstudio - m] x
File Edit Code View Plots Session Build Debug Profile Tools Help
O - O e = A Go /function - Addins & project: (None) =
@ | Untitled1* @] finalR | Environment  History  Connections |
SourceonSave | O A« +nun | = Source *| = 1 O importDataset = | & List = -
28] - 3 .
Global Environment =
gé #8) Create 3”3 save the fUE?Stl . 1000, K f . . . TNy _vdtd DUN LLIL3Z, LiZ&] W.US/4 U.ULSS UL UZU/ U.U2Y/ U, US4 N
- =" = = J| = = . . R . .
2 r_tree <- randomForest(Predictor_bata, y=Training_Response, ntree , keep.forest=TRUE, importance = TRUE, na.action=na.omit) © validation Formal class sparialpointspatarrame
37 validation_pata num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...
38 #9) sSee the out of Bag Confusion Matrix values
jg r_tree c s
41 confusiommarrix ‘table” int [1:6, 1:6] 37 0 1 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 dimp <- importance(r_tree, type = 1) n_classes 6L
44 dmp n_obs 300L
49 QuTpuTRaster "3_RESULTS/RS2_TSX_sentinel_1_30m_uTM_RandomForest.tif"
40 / 11 0.823333333333333
47 #11) Extract values to be used for independent validation overal laccuracy .
48 validation_Data <- raster::extract(inraster, validation)[,selection] rowColsumProdsum 150000 <
49 validation_response <- as.factor(validationiclass)
50 Files Plots Packages Help Viewer =]
51 Bl instal Update
52 #12) Classify the independent validation data ® uecat _— S
53 validation_Predictions <- predict{r_tree,validation_bData) Name Destription Version
gé User Library
EE__ 833% co o Emom elan e ddonadom dae s M assertthat Easy Pre and Post Assertions 021
34:31 (Top Level) R Script 2 - -
backports Reimplementations of Functions Intraduced Since R-3.0.0 114
Console  Terminal Jobs =0 basefdenc Tools for base4 encading 013
C:/NASA_COURSE/ BH Boost C++ Header Files 1.69.0-1
> #9) see the out of sag Confusion matrix - di Helpers for Developing Command Line Interfaces 1.1.0
> r_tree coin Conditional Inference Procedures in a2 Permutation Test 13-0
call: Framewark
randomForest(x = Predictor_pata, y = Training_Response, ntree = 1000, importance = TRUE, keep.forest = TRUE, na.action = na.omit) colarspace A Toolbox for Manipulating and Assessing Colars and Palettes 14-1
Type of random forest: classification crayon Colorad 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 "dataframe’ 1122
. 008 25?1 mate of error rate: 17.42% digest Create Compact Hash Digests of R Objects 0.6.19
confusion matrix: = -
Barley canola Corn 0ats Soybeans spring wheat class.error dplyr A Grammar of Data Manipulation 081
Barley 2 0.22727273 oT AWrapper of the lavaScript Library 'DataTables 0.6
canola [ 1 0 1 ] 0 0.04545455 . X
corn o 0 0 0 2 0 0.09090909 diplyr Data Table Back-End for 'dplhyr’ 0.0.3
oats 1] 0 0 19 o 3 0.13636364 evaluate Parsing and Evaluation Tools that Provide More Details than the 014
Soybeans 1 0 5 (u] 16 0 0.27272727 Default
EPF ing wheat 1 0 0 3 2 16 0.27272727 fansi AMSI Control Sequence Aware String Functions 04.0
. T el Eutanzinnm ta 'nnnlat? 140 e
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14. Imprimir los valores de importancia variable

@) Rstudio - m] x
File Edit Code View Plots Session Build Debug Profile Tools Help
O - O e (= A Go ffunction ~ Addins = & project: (None) =
| Untitled1* @] finalR = Environment  History  Connections =
SourceonSave | O A« +nun | = Source *| = 1 O importDataset = | & List = -
gi &) 4 he £ - b Global Environment -
#8) create and save the forest .
35 r_tree <- randomForest(Predictor_Data, y=Training_Response, ntree = 1000, keep.forest=TRUE, importance = TRUE, na.action=na.omit) . Tmp num [1:22, 1] 18.7 23 19.6 23.9 10.4 ... -
36 D inraster rFormal class Rasterstack
37 ) . @ predictions Formal class RasterLayer
38 #9) see the out of Bag confusion Matrix — .
30 r_tree @ predictor_Dpata Formal class RasterStack
40 r_tree List of 18
j; 109 . h iable i . i : o J 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 dimp validation Formal class spatialpointspatarrame
45 validation_pata num [1:300, 1:22] 0.043 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 2 ¢ L
Console  Terminal Jobs - files Plots Packages Help Viewer =]
C:/NASA_COURSE/ Ol install | @ Update
' 3 . - . - - N Descripti Versis
= #10) Print the variable importance (Mean Decrease in Accuracy; for Gini Index type = 2) o ame Sl sEen
= imp <- importance(r_tree, type = 1) User Library
> im
v MeanDecreaseACCUracy assertthat Easy Pre and Post Assertions 021
Rs2_TsX_sentinel_1_30m_utm.l 18.706255 backports Reimplementations of Functions Introduced Since R-3.0.0 114
RSZ2_TSX_sentinel_1_30m_uTm.2 22.983380 .
RS2_TSX_Sentinel_1_30m_uTM.3 19. 562098 basebdenc Tools for base64 E”C_Dd‘”g 012
RSZ_TSX_Sentinel_1_30m_uTM.4 23.879731 EH Boost C++ Header Files 1.69.0-1
RS5Z_TsSX_sentinel_1_30m_utM.5 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 a2 Permutation Test 13-0
RS2_TsX_Sentinel_1_30m_uTw.8 15.955196 Framewark
RSZ_TSX_sentinel_1_30m_utm.9 17.161803 colorspace A Toolbox for Manipulating and Assessing Colors and Palettes 141
RS2_TSX¥_Sentinel_1_30m_UTM.10 23.430637
RSZ_TSX_sentinel_1_30m_UTH.11 23.996702 crayen Calored Terminal Qutput 134
RS2_TsX_sentinel_1_30m_uTM.12 18.072785 crosstalk Inter-Widget Interactivity for HTML Widgets 1.0.0
RSZ,TS)LSentine},1,30m,u‘|'lv.13 4.783384 data.table Extension of "dataframe’ 1122
RS2_TsX_senti 1 30m_uTM. 14 4,348962
RSE‘iTSthEt} 22171730:7UW 15 5. 640260 digest Create Compact Hash Digests of R Objects 0.6.19
RSZ2_TSX¥_Sentinel_1_30m_UTM.16 17.624666 dplyr A Grammar of Data Manipulation 0.8.1
RS2_TSX¥_Sentinel_1_30m_UTM.17 8.394696 P .
. o7 AW f the JavaScript Lib DataTabl 0.6
RS2_TSX_sentinel_1_30m_uTM.18 5.847014 TPREr OTThE JavERarph Hbrar Dataiables
RS2_TSX_sentinel_1_30m_uT.19 11.249187 dtplyr Data Table Back-End for ‘dpiyr 003
RSZ—TSLSEHU. 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
SSQ_TS)LSE'“.I nel_1_30m_utw. 22 19.942408 fansi AMSI Control Sequence Aware String Functions 04.0
- el Eutanzinnm ta 'nnnlat? 140 e
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15. Ext los datos d id ion N
. eXUtraer I0S aatos ae valldaclio X Training
9 RStudio
File Edit Code View Plots Session Build Debug Profile Toels Help
CERR TRE= R =" A Go to fileffunction ~ Addins *
Q] Untitled1* o | Environment ~ History  Connections
H (sourceonsave | |G A = #Run | %+ | Psource -| = || €2 | | 52 import Dataset - | &
Training_Respanse Next || Prev || A1 Replace Repisce || Al Tk Global Environment
In selection Match case || Whole word Regex |v| Wrap © inraster Formal class Rasterstack
45 o . predictor_pata num [1:132, 1:22] 0.0374 0.0
16 r_tree List of 18
47 #11) Extract values to be used for independent validation O Training Formal class SpatialPointsDa
48 wvalidation_pata <- raster::extract(inraster, validation)[,selection] Training_pata num [1:132, 1:22] 0.0374 0.0
i i <- [4 i i - . . . .
‘;3 validation_response <- as.factor(validationiclass) | © validarion Formal class spatialpointspa
51 validation_pata num [1:300, 1:22] 0.043 0.02
52 #12) classify the independent validation data values
53 wvalidation_Predictions <- predict(r_tree,validation_bata) selection int [1:221 1234567 8 9
gi Training_response Factor w/ 6 levels "Barley",
56 #13) Generate a confusion matrix from the independent validation data - validation_Rresponse Factor w/ 6 levels "Barley”,
Foae-nas S S B S PR S S Y
4252 [Top Lev R5eript = Files  Plots  Packages Help  Viewer >
Console  Terminal Jobs ‘W
C:/NASA_COURSE/ Mame Descriptian
> #11) extract values to he used for independent validation User Library
= validation_Data =- raster::extract{inraster, validation)[,selection] ™ .
> validation_rResponse <- as.factor(validationsclass) assertthat Easy Pre and Post Assertions
> backports Reimplementations of Functions Introduced|
basefdenc Teols for basedd enceding
BH Boost C++ Header Files
cli Helpers for Developing Command Line Inte:
coin Conditional Inference Procedures in a Perm
Framework
colorspace A Toolbox for Manipulating and Assessing (J
crayon Colored Terminal Qutput
crasstalk Inter-Widget Interactivity for HTML Widgetd
data.table Extension of "data.frame’
digest Create Compact Hash Digests of R Objects
dplyr A Grammar of Data Manipulation
DT A Wrapper of the JavaScript Library 'DataTa
dtplhyr Data Table Back-End for 'dplyr'
evaluate Parsing and Evaluation Tools that Provide M|
Default
fansi ANSI Contral Sequence Aware String Functi
fiGalh Futensian tn 'annlnt?
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16. Clasificar los datos de validacion independientes

) Rstud

#11)
wvali
vali
#12)
wvali

VO OW OV VY

[+
File Edit Code View Plots Session Build Debug Profile Tools Help
O -8l HBE & A ce unction ~ Addins =
Q7 Untitled1*
= [JSourceonSave | (G #° « > Run
Training_Response Mext | Prev | 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
553
56 #13) Generate a confusion matrix from the independent validation data
57 wvalidation_Response <- as.factor(validationiclass)
58 confusiommatrix <- table(validation_predictions,validation_rResponse)
59 confusiomatrix
60

53:58 (Top Level) =

Console  Terminal Jobs

C:/MASA_COURSE/

Extract values to be used for independent validation
dation_Dbata =- raster::extract(inraster, validation)[,selaction]
dation_Response <- as.factor(validationiclass)

Classify the independent walidation data
dation_predictions <- predict{r_tree,validation_pata)

.

=0

Source

-

R Script &

=

Environment

& H
1 Global Environment =

0 inraster
Predictor_pata
r_tree

D Training
Training_bata

Dvalidation
validation_Data

values
selection
Training_response

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
Gisalhy

#* Import Dataset ~

History Connections

7

Formal class RasterStack

- a

x

R project: (None) =

List =

num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034

List of 18

rFormal class spatialpointspDatarrame

num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034

Formal class spatialpointspataFrame

num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...

int [1:22] 1 234 567 8 910 ...
Factor w/ 6 Tevels "Barley"”,"canola",..:
w/ 6 levels "Barley”,"canola",..:

Help Viewer

Description

Easy Pre and Post Assertions

Reimplementations of Functions Introduced Since R-3.0.0

Tools for base64 enceding
Boost C++ Header Files

Helpers for Developing Command Line Interfaces

Conditional Inference Procedures in a Permutation Test

Framework

A Toolbax for Manipulating and Assessing Celors and Palettes

Colored Terminal Qutput

Inter-Widget Interactivity for HTML Widgets
Extension of "data.frame”

Create Compact Hash Digests of R Cbjects

A Grammar of Data Manipulation

A Wrapper of the lavaScript Library ‘DataTables
Data Table Back-End for 'dplyr’

Parsing and Evaluation Tools that Provide More Details than the

Default
AMSI Control Sequence Aware String Functions

Fyvtansinn tn ‘nnnlnt?

Version

0.2.1
114
01-3
1.69.0-1
110
13-0

141
134
1.00
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0619
0.8.1
0.6
003
014

0.4.0
14n
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17. Generar una matriz de confusion

e RStudio - m] X
File Edit Cede View Plots Session Build Debug Profile Tools Help
O - ogler-l 3 Bl || A Gotofiefunction - Addins - Bl Project: (None) ~
@7 untitled1* = Environment  History  Connections =1
I (sourceonSave | Oy £ - +Rrun | %+ P Source - = # |3 | 72 import Dataset ~ | & List - -
Training_Response Next || Prev | [ A Replace Repizce || Al b Global Environment =
P -
In selection Match case || Whole word Regex |¥] Wrap 0 inraster Formal class Rasterstack
= G g T . predictor_pata num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034
53 wvalidation_pPredictions <- predict(r_tree,validation_bData) - .
54 r_tree List of 18
55 O Training Formal class spatialpointspataFrame
56 ﬂ.%}dﬁenerate a confusion ?atrixffr_?mdthe w‘gd_lepen;lem: validation data Training_pata num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034
7 validation_response <- as.factor(validationiclass - ; ; H .
58 confusiomMatrix <- table(validation_Predictions,validation_Response) \Jva'\'!danlon Formal class spatialpointspatarrame
59 confusformatrix | validation_pata num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...
60 values
& . i . confusiorMatrix "table' int [1:6, 1:6] 37 01 04 8 050 0 0 ...
62 #14) calcualte overall accuracy, user's and producer’s accuracy and kappa statistic selection int [1:221 1234567 89 10
63 n_obs <- length(validation_Response) # number of observation in validation set R : 2erE s
64 n_classes <- length(levels(validationiClass)) # number of classes - Training_Response Factor w/ 6 levels "Barley”,"canola”,..: 11111111. ~
5917 | (Top Level) & RSOl s Files  Plots  Packages  Help  Viewer =
Console  Terminal - Jobs = O install | @ update
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 Past Assertions 021
> #12). cl ?55”:)’ ﬂ'_‘e '!”depe”de”t ‘:"a-l"dat"on datE_l . backports Reimplementations of Functions Introduced Since R-3.0.0 114
> validatien_predictions <- predict({r_tree,validation_Data) P Tool: for hasefa 4 013
> #13) Generate a confusion matrix from the independent validation data asesaenc ools for basebs encoding -1
> validation_response <- as.factor(validationsclass) BH Boost C++ Header Files 1.69.0-1
= confu51lomatr‘1_x <- table{validation_predictions,validation_response) dli 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 Oats Soybeans Spring wheat Framework
Barley 37 0 Q 4 0 9 calorspace A Toolbox for Manipulating and Assessing Celors and Palettes 14-1
canola o 50 a 1 0 1
Corn 1 0 6 1 4 1 crayon Colored Terminal Cutput 124
oats 4] 0 2 33 1 1 crosstalk Inter-Widget Interactivity for HTML Widgets 1.0.0
Soy?eans 4 0 1 a 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 0.81
1) A Wrapper of the JavaScript Library 'DataTables 0.6
diplyr Data Table Back-End for ‘'dplyr' 0.0.3
evaluate Parsing and Evaluation Tools that Provide More Details than the  0.14
Default
fansi ANSI Contrel Sequence Aware String Functions 04.0
Gl Evtanginn tn 'nanlnt? 14n h
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18. Calcular las exactitudes independientes y la estadistica kappa

) Rstudic

File Edit Code View Plots Session Build Debug Profile Tools Help
o - Ok - H |3 inction ~ Addins =
@ | Untitled1* |
Source on Save | O} / - =+ Run | Source ¢ =
Training_Response Next || Prev || A Replace Replsce || All
In selection Match case [_| Whole word Regex [v] Wisp
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:] [ 'yl <- confusiomMatrix[c,c]/sum(confusionMatrix[c, 1)
69 classaccuracy[ 'producers’,c] <- confusiomMmatrix[c,c]l/sum(confusiomnmatrix[ ,cl)
70 }
71 rowColsumProdsum <- sum(apply(confusiomMatrix,2,sum)*apply(confusionMatrix,l,sum))
72 kappa =- ( n_obs*sum{diag(confusionMatrix ))-rowColsumProdsum ) / ( n_obsAZ-rowColsumProdsum )
73
74 overallaccuracy
75 classaccuracy
76 overallaccuracy
77 kappa A
7616 (Top Level) & R Seript &
Console  Terminal Jobs =]

C:/NASA_COURSE/

#14) calcualte overall accuracy, user's and producer’s accuracy and kappa statistic -
n_obs <- length(validation_response) # number of cbservation in validation set

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

overallaccuracy =- sum({diag(confusiorMatrix ))/n_obs

classAccuracy <- matrix({NA,nrow=2,ncol=n_classes,dimnames=Tist(c{ 'users', 'producers'),levels{validationsclass)))

for (c in 1:n_classes){

classaccuracy['users”,c] <- confusiomMatrix[c,c]/sum{confusiomatrix[c, 1)

classaccuracy[ 'producers’,c] <=- confusiorMatrix[c,c]/sum(confusiomatrixl ,cl)

rowcolsumProdsum <- sum{apply{confusionmatrix,2,sum)*apply(confusiommatrix,1l,sum))}
kappa <- ( r_obs*sum(diag(confusiommatrix ))-rowcolsumprodsum )} / ( n_obsA2-rowColsumprodsum )

R AR O A

overallaccuracy
[1] 0.8233333
> classaccuracy

Barley canola corn pats soybeans spring wheat
users 0.74 0.9615385 0.8679245 0.8918919 0.8958333 0.6333333
producers 0.74 1.0000000 0.9200000 Q.6600000 0.8600000 0.7600000

> overallaccuracy
[1] 0.8233333

= kappa

[1] 0.788

=

Environment

& H
b Global Env
w Ay

Training_pata
Dvalidation

validation_pata
values

[

confusfornMatrix

kappa

n_classes

n_obs

overallaccuracy

rowColsumProdsum

Files Plots  Packages

bl Install @ Update
Name

User Library
assertthat
backpaorts
basefdenc
EH
cli

coin

colorspace
crayon
crosstalk
data.table
digest
dplyr

oT

diplyr

evaluate

fansi
Gisalh:

History = Connections

#* Import Dataset = }‘}

FUlAT La3s spaciarruiisvacart ans

[m]

X

R project: (None) ~

num [1:132, 1:22] 0.0374 0.0134 0.0207 0.0297 0.034

Formal class SpatialpPointsDataFrame

List =

num [1:300, 1:22] 0.043 0.0249 0.0352 0.0329 0.0206 ...

6L

‘table’ int [1:6, 1:6] 37 01 04 8035000 ...

0.7B88

6L

300L

0.823333333333333

15000L

Help Viewer

Description Version
Easy Pre and Post Assertions 0.2.1
Reimplementations of Functions Introduced Since R-3.0.0 114
Tools for basef4 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 1.3-0
Framework
A Toolbox for Manipulating and Assessing Colors and Palettes 14-1
Colored Terminal Cutput 134
Inter-Widget Interactivity for HTML Widgets 1.00
Extension of "dataframe” 1122
Create Compact Hash Digests of R Objects 0.6.19
A Grammar of Data Manipulation 0.8.1
A Wrapper of the JavaScript Library 'DataTables 0.8
Data Table Back-End for 'dplyr' 0.0.3
Parsing and Evaluation Tocls that Provide More Details than the  0.14
Default
AMSI Control Sequence Aware String Functions 04.0
Fetensinn ta 'nanlnt? 140

=M

=0
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Barley

19. Clasificar el raster completo

Corn

e RStudio

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

8411 (Top Level) =
Console  Terminal Jobs

C:/NASA_COURSE/
#15) classify the whole raster

>
=
= Predictor_Data <- subset{inraster,
>

81 oOutputRaster =- '3_RESULTS/RSZ_TS¥_sentinel_1_30m_uTM_RandomForest.tif’
82 predictor_bata <- subset{inraster, selection)
83 predictions <- predict(inraster[[selection]],model=r_tree,file=outputraster)

QutputRaster <- '3_RESULTS/RSZ_TSX_Sentinel_1_30m_UTM_RandomForest.tif’

selection)

predictions =<- predict{inraster[[Selectionl],model=r_tree,file=Outputraster)

=

R Seript =

=0
L

Files Plots Packages
Ol instail | @ update
Name
User Library
assertthat
backpaorts
basefidenc
EH
cli

coin

colorspace
crayon
crasstalk
data.table
digest
dplyr

oT

diplyr

evaluate

fansi
GiGalhe

GRS SRR L™ =" A Gotofl = Addins *
Soybeans >
@ | Untitled1* =] Environment  History  Connections "
H Osourceansave | [ 7 - +Run | %+ Fsource | = <2 [ 5% import Dataset = | & Wheat
Training_Response Mext || Prev || Al Replace Replsce || Al Tk Global Environment =
Inselection || Mstch case || Whole word || Regex (] Wrap O Training Formal class spatialPointsy
— ey o A S 8 e o o . . -
69 classaccuracy["producers’,c] <- confusiommatrix[c,c]/sum(confusiomnmatrix[ ,cl) - Tr‘a'!mng_[:ata num [1:132, 1'22]_0'03{_4 0.
7 3 D validation Formal class SpatialPointsD
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 ) values
2
7
7 overallaccuracy < 6L
75 classAccuracy confusiomMatrix "table" int [1:6, 1:6] 37 O
76 overallaccuracy kappa 0.788
E’,; kappa n_classes 6L
l,g n_obs 300L
7
80 #15) Classify the whole raster OutputRaster "3_RESULTS/RS2_TSX_Sentinel

Help Viewer

Description

Easy Pre and Post Assertions
Reimplementations of Functions Introducd
Tools for base64 enceding
Boost C++ Header Files

Helpers for Developing Command Line Int}

Conditional Inference Procedures in a Per
Framework

A Toolbox for Manipulating and Assessing|
Colored Terminal Qutput

Inter-Widget Interactivity for HTML Widgs]
Extension of "data.frame”

Create Compact Hash Digests of R Object:
A Grammar of Data Manipulation

A Wrapper of the JavaScript Library 'DataT|
Data Table Back-End for ‘dplyr'

Parsing and Evaluation Tools that Provide
Default

ANSI Control Sequence Aware String Fung
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