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Introduction

In this edition of the Cookbook, we will focus on tasks related to loading, importing, manipulating,
processing and exporting geospatial data and Other geological data using R and its libraries.

We will advance progressively as we introduce new data processing and manipulation.

Libraries used:

terra rpostgis raster RColorBrewer
dismo gstat gdalUtils spdep spgwr
cluster float DT data.table tmap

RStollbox ggplot?2

You can download this cookbook and support data at:

https://gdatasystems.com/apostilaR geo/CookbookR v00 eng.pdf
https://gdatasystems.com.br/apostilaRgeo/index.php

All recipes of this book should start with:

wd<-"C:/Users/User/cookbooksitefiles’
setwd (wd)

VISIT:

https://gdatasystems.com

License: CC BY 4.0

https://creativecommons.org/licenses/by/4.0/
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1 Loading Geospatial data
Recipe - 1.1 — Loading Vectorial Data

Load, inspect and visualize a vectorial layer from a shapefile:

Tibrary(terra)
state<-vect("estado.shp")
state

plot(state)




Recipe - 1.2 — Loading Raster Data

Load, inspect and visualize a vectorial layer from a geoTiff file:

Tibrary(terra)
dem<-rast("dem.tif")
dem

plot(dem)
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2 Creating geospatial data
Recipe - 2.1 — Creating Vectorial data

Ceating a vectorial point data from XY coordinates, georreferencing, adding atribute data and saving
the vector as shapefile.

2.1.1 Creating the data:

Tongitude <- c(-116.7, -120.4, -116.7, -113.5, -115.5,-120.8, -119.5, -113.7, -
113.7, -110.7)

Tatitude <- c(45.3, 42.6, 38.9, 42.1, 35.7, 38.9,36.2, 39, 41.6, 36.9)
points<-cbind(Tongitude, Tatitude)

Tibrary(terra)

pts<-vect(points)

pts

2.1.2 Georreferencing:

pts<-vect(points,crs="wGs84")
pts

2.1.3 Adding attribute data:

g; <- data.frame(ID=1l:nrow(points), gradeCu=(latitude-30)A3)

ptsdf<-vect(points,crs="WGS84", atts=df)
ptsdf



2.1.4 Visualizing:
plot(ptsdf, cex=1l+ptsdf$gradecu/500, pch=20, col='red', main='Copper Grade')
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2.1.5 Saving as shapefile

writevector(ptsdf, 'copper_points.shp', overwrite=TRUE)



Recipe - 2.2 — Creating Raster Data

Creating a georeferenced raster, loading it with random data, visualizing and saving as a geoTiff file.

2.2.1 Creatin the raster georeferenced as 32723 (UTM WGS84 zone 23S):

Tibrary(terra)
rl<-rast(ncol=100,nrow=100,xmax=301000,xmin=300000, ymin=7998000, ymax=7999000,
: crs="+init=epsg:32723")

r

2.2.2 Adding random data values to it:

v%ﬂ ues(r1)<-runif(ncell(rl))
r

2.2.3 Visualizing the raster:

plot(rl)
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2.2.4 Saving as geoTiff:

writeRaster(rl, 'rasternew.tif',overwrite=TRUE)



3 Working with Attributes/values of Geospatial
data

Recipe - 3.1 — Extracting attributes from Vectorial Data

Loading a vectorial data, extracting an attribute column and saving it as a CSV file:
Tibrary(terra)

df<-cbind(crds(arq),arg$subst_prin)
head (df)

colnames(df)<-c("Longitude","Latitude","0Occurence")
head (df)

write.csv(df, "occurences.csv'", row.names=FALSE)



Recipe - 3.2 — Extracting Values from Raster Data

Loading a raster data, extracting its value and saving as CSV file:
Tibrary(terra)

arg<-rast("dem.tif")

arq

elev<-values(arq)
df<-cbind(crds(arq),elev)
colnames(df)<-c("utme","utmn","elev")
head(df,n=3)

write.csv(df, "elevation.csv", row.names=FALSE)



4 Reprojecting Geospatial Data
Recipe - 4.1 — Reprojecting Vector Data

Loading a vector data, reprojecting and exporting as a new shapefile:
Tibrary(terra)

arqg<-vect("minasgerais_recmin.shp")

arq

arq2<-project(arq, "EPSG:32723")
arqg2

writevector(arg2, 'recmin_reprjctd.shp', overwrite=TRUE)



Recipe - 4.2 — Reprojecting Raster Data

Load raster data, reproject and export as a new geoTiff file:
Tibrary(terra)

arg<-rast("dem.tif")

arq

arq2<-project(arq, "EPSG:4326")

writeRaster(arq2, 'dem_reprjtctd.tif', overwrite=TRUE)



S Reading Geospatial Data from Remote
Database

Recipe - 5.1 —Vector Data

Loading a Postgis table (vector data) from a remote database and saving it as a local shapefile. This
example is using a valid database. If you want to access a different database, replace with the proper
credentials shown in red:

Tibrary(terra)

cstr<-"PG:dbname=dnpmba host=pg.gdatasystems.com user=droid password=devcor
port=5432"

}yr <- vect(cstr, layer="edital")

yr
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writevector(lyr, 'ucusBA.shp', overwrite=TRUE)



Receipt - 5.2 — Raster Data

Load a Postgis raster table from a remote database and saving it as a local tiff. This example is using
a valid database. If you want to access a different database, replace with the proper credentials shown
in red:

Tibrary(terra)

cstr2<-"PG:dbname=dnpmmt host=pg.gdatasystems.com user=droid password=devcor
port=5432 schema="public' table='sai'"

lyr <- rast(cstr2)

lyr

plot(lyr)
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writeRaster(lyr, 'output.tif', overwrite=TRUE)



6 Cropping Geospatial Data

Recipe - 6.1 — Cropping vector using rectangle extension

Crop the loaded vector using an extension defined by the function ext(x min, X max, y min, y max).

Tibrary(terra)
state<-vect("estado.shp")
ext<-ext(-50,-42,-17,-15)
cropped<-crop(state, ext)
cropped

plot(cropped)




Recipe - 6.2 — Cropping vector data with a shapefile

Crop the loaded vector using another vector file as mask.
Tibrary(terra)

state<-vect("estado.shp")
mask<-vect('sul.shp')

mask

cropped<-crop(state,mask)
cropped

plot(cropped)
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Recipe - 6.3 — Cropping raster using rectangle extension

Crop the loaded raster using an extension defined by the function ext(x min, x max, y min, y max).

Tibrary(terra)

dem<-rast("dem.tif")
ext<-ext (560000, 580000,8000000,8020000)
cropped<-crop(dem,ext)

cropped
class
dimensions
resolution
extent
coord. ref.
source(s)
name
min value
max value
plot(cropped)
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Recipe - 6.4 — Cropping raster data with a shapefile
Crop the loaded raster using another vector file as mask.

Tibrary(terra)

dem<-rast("dem.tif")

mask<-vect('serra.shp')

mask

cropped<-crop(dem,mask,mask=T)
cropped

plot(cropped)
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7 Working with Geological Data sources
Recipe - 7.1 — CSV format data

Structured comma separated, or any other delimiter, text data can be easily loaded into a R dataframe.
The data can be transformed into geospatial data using the coordinate columns and georeferenced.
The resulting data can be exported as a GIS layer too.

geoch<-read.csv('dado.csv')

colnames(geoch) [1]<-"sampTe"

Tibrary(terra)

geochem<-vect(geoch, geom=c("UTME", "UTMN"), crs="epsg:32717")
geochem

plot(geochem)
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writevector(geochem, 'geochem.shp', overwrite=TRUE)

The file geochem.shp will be used in the recipes of Chapter 8.



Recipe - 7.2 — LAS data format

Reading a LAS (Log ASCII Standard) file, visualizing the data and executing a petrophysical
analysis.

7.2.1 Reading file
las<-readLines('1046531020.Tas")

data<-""

for (i in 1l:Tength(las)){
if(substr(las[i], 1, 2) == "~A"){
data<- Tas[(i+1):Tength(Tlas)]
break

}

hd<-""

a<-1

go<-0

for (i in 1l:Tength(las)){
if(substr(las[i], 1, 2) == "~C"){go<-1}
if(substr(las[i+1], 1, 2) == "~P" || substr(las[i+1l], 1, 2) == "~A" ||
substr(las[i+1], 1, 2) == "~0"){break}
if(go==1){

value<-strsplit(trimws(Tas[i+1],"1"), '\\s{1,}")[[1]]
hd[a]l<-value[1]
a<-a+l

}

las.data<-read.table(header=TRUE, text=data)

names(las.data)<-hd

Tas.data[las.data==-999.2500]<-NA
Tas.df<-Tas.data[which(las.data$pEPT>250 & Tas.data$DEPT<3590), ]
head(Tas.df)

7.2.2 Visualizing the data
grafl<-function(base,topo){ #curves SP, GR and CALD / NPLS, RHOB and PE

par()

dev.off(Q)

par(mar=c(1,2,5,2) + 0.1)

Tayout(matrix(c(1,2),nrow=1), widths=c(1,2))
plot(las.df$sp,las.df$DEPT,axes=FALSE,x1lim=c(-

150,50) ,type="1",xTab="", ylab=""',col="black',ylim=c(topo,base))
axis(3, xlim=c(-150,50),col="black',Twd=1,cex.lab=1,cex.axis=0.5)
par(new=TRUE)

plot(las.df$GR,Tas.df$DEPT, axes=FALSE, x1im=c(0,200),
type="1"',xTab="", ylab=""',col="red',1ty=2, ylim=c(topo,base),lwd=1)
axis(3, xT1im=c(0,200),col="red',lwd=1,line=1.8,cex.Tlab=1,cex.axis=0.5)
par(new=TRUE)

plot(las.df$CALD,las.df$DEPT, axes=FALSE, x1im=c(5,12),
type="1"',xTab="", ylab=""',col="blue',lty=3, ylim=c(topo,base),lwd=1)
axis(3, xTim=c(5,12),col="blue’',lwd=1,1ine=3.5,cex.Tab=1,cex.axis=0.5)
axis(2,pretty(range(las.df$DEPT),500),cex.lab=1,tck=1,cex.axis=0.5,
col="gray")

mtext('depth',side=2,col="black",1ine=2)
Tegend(x=5,y=base,legend=c('SsP','GR"', 'CAL-D"),Tty=c(1,2,3),
col=c('black','red', "blue'), cex=0.5)



plot(las.df$NPLS,las.df$DEPT,axes=FALSE,xT1im=c(30, -
10),type="1",xTab="", ylab="",col="blue',ylim=c(topo,base))

axis(3, x1im=c(30,-10),col="blue',Twd=1,cex.lab=1,cex.axis=0.5)

par (new=TRUE)

plot(las.df$RHOB,las.df$DEPT, axes=FALSE, xlim=c(2,3), type='1",
xlab="'", ylab="'" ,col="red',1ty=2, ylim=c(topo,base), lwd=1)

axis(3, xlim=c(2.3),col="red', lwd=1,Tine=1.8,cex.lab=1,cex.axis=0.5)
par (new=TRUE)

par(new=TRUE)

plot(las.df$PE,Tas.df$DEPT, axes=FALSE, x1im=c(0,20), type='1',xlab="",
ylab="",col="black',Tty=3, ylim=c(topo,base),lwd=1)

axis(3, x1im=c(0,20),col="black',lwd=1,Tine=3.5,cex.Tab=1,cex.axis=0.5)
axis(2,pretty(range(las.df$DEPT),500),cex.lab=1,tck=1,cex.axis=0.5,

col="gray")

Tegend(x=15,y=base, legend=c('Neu', 'Den', 'PE'),l1ty=c(1,2,3),col=c( "blue',
;red','b1ack'),cex=0.5)
graf%;—function(base,topo){ #curves SP, GR and CALD / ILD, ILM e SFL

par

dev.off(Q)

par(mar=c(1,2,5.5,2) + 0.1)

Tayout(matrix(c(1,2),nrow=1), widths=c(1,2))
plot(las.df$sp,las.df$DEPT,axes=FALSE,xTim=c(-
150,50),type="1",xTab="", ylab="'"',col="black',ylim=c(topo,base))
axis(3, xIlim=c(-150,50),col="black',Twd=1,cex.lab=1,cex.axis=0.5)
par(new=TRUE)

plot(las.df$GR,Tas.df$DEPT, axes=FALSE, x1im=c(0,150),
type="1"',xTab="", ylab=""',col="red',T1ty=2, ylim=c(topo,base),Twd=1)
axis(3, xTim=c(0,150),col="red',lwd=1,1line=1.6,cex.Tlab=1,cex.axis=0.5)
par (new=TRUE)

plot(las.df$GR,Tas.df$DEPT, axes=FALSE, x1im=c(150,300),
type="1",xTab="", ylab=""',col="red',1ty=2, ylim=c(topo,base),lwd=1)
axis(3, xTim=c(0,150),col="red',lwd=1,1ine=1.9,cex.Tlab=1,cex.axis=0.5)
par (new=TRUE)

plot(las.df$CALD,las.df$DEPT, axes=FALSE, x1im=c(6,16),
type="1"',xTab="", ylab=""',col="blue',lty=3, ylim=c(topo,base),lwd=1)
axis(3, xTim=c(6,16),col="blue’',lwd=1,1ine=3.6,cex.Tlab=1,cex.axis=0.5)
ax%s(Z,pretty(range(1as.df$DEPT),500),cex.1ab=1,tck=1,cex.axis=0.5,
col="gray'

mtext('depth',side=2,col="black",1ine=2)

Tegend(x=12,y=base, legend=c('sP','GR',"'CAL-D"'),Tty=c(1,2,3),
col=c('black', 'red', 'blue'),cex=0.5)
plot(las.df$1ILD,las.df$DEPT,axes=FALSE,xTim=c(10A-
1,10A3),type="1",xTab="", ylab=""',col="blue',ylim=c(topo,base),log="x")
at.y <- outer(1:9, (.5%10A(-1:3)))

Tab.y <- ifelse(loglOCat.y) %% 1 == 0, at.y*2, NA)

axis(3, xTim=c(10A-1,10A3),col="bTue',Twd=1,cex.Tab=1,cex.axis=0.5,
at=at.y, labels=lab.y, las=1)

par (new=TRUE)

plot(las.df$ILM, las.df$DEPT, axes=FALSE, xTim=c(10A-1,10A3),
type="1",xlab="", ylab="'"',col="green',lty=2,

ylim=c(topo,base), Twd=1,Tog="x")

axis(3, xlim=c(10A-
1,10A3),col="green',Twd=1,1line=1.9,cex.lab=1,cex.axis=0.5, at=at.y,
Tabels=Tab.y, las=1)

par (new=TRUE)

plot(las.df$SFL,las.df$DEPT, axes=FALSE, x1lim=c(10A-1,10A3),
type="1"',xTab="", ylab=""',col="black',1ty=3, ylim=c(topo,base),
Twd=1,Tog="x")

axis(3, xTim=c(10A-1,10A3),col="black',lwd=1,1ine=3.6,cex.Tab=1,
cex.axis=0.5, at=at.y, labels=lab.y, las=1)
axis(2,pretty(range(las.df$DEPT),500),cex.lab=1,tck=1,cex.axis=0.5,
col="gray"')

Tegend(x=5,y=base,legend=c('ILD', 'ILM',"'SFL"),1ty=c(1,2,3),col=c('blue',
;green','b1ack'),cex=0.5)
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7.2.3 Petrophysical analysis

Executing the petrophysical analysis based on the data loaded above. The objective here is to show
how it can be done, and several assumptions were made during the processing.

petro.df<-las.df[,c(1,5,6,7,12,18,19)]
names (petro.df)<-c('depth','GR','ILD"',"'ILM"', '"NPLS', "RHOB', 'PE")

GRmax<-max(petro.df$GR,na.rm=TRUE)

GRmin<-min(petro.df$GR,na.rm=TRUE)
petro.df$VSH<-(petro.df$GR-GRmin)/(GRmax-GRmin)
p}og(pet;ojdf$depth,petro.df$VSH,type='1',main='Sha11ness',x1ab='Prof.m',
ylab="vsh'
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Towpass.PE <- Toess(PE~depth,data=petro.df, span = 0.05)

PE. Ip<-predict(Towpass.PE, petro.df$depth)
plot(petro.df$depth,petro.df$PE,type="1"'",col="red',main="'PE and vSh',
xlab="Depth ft', ylab='vsh PE',ylim=c(0,4))
Tines(petro.df$depth,PE.1p,type="1",Twd=2)
Tines(petro.df$depth,petro.df$vsH,type="1",lwd=.5,col="blue")
petro.df<-cbhind(petro.df,PE.1p)
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Considering the matrix porosity as 2.87 gm/cc for dolomite, 2.7 gm/cc for shale and 2.65 gm/cc for
sandstone. Pe < 2.5 will be interpreted as sandstone, Pe > 2.5 will be interpreted as shale when Vsh >
0.1 otherwise dolomite.

Resulting processing.

petro.df$ro.matrix <- ifelse(petro.df$PE.Tp >=2.75, ifelse(petro.df$VsH
<0.1,2.87,2.7), 2.65)
plot(petro.df$depth,petro.df$ro.matrix,type="'1"',main="Matrix
Density',xlab="Depth ft',ylab='Density gm/cc')
petro.df$phi<-(petro.df$ro.matrix-petro.df$RHOB)/(petro.df$ro.matrix-1)
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plot(petro.df$depth,petro.df$phi,type="'1",main=" Resulting Porosity',xlab="Depth
ft', ylab="Porosity')
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The next step is calculating the Rw from an interpreted water zone. Note that will be applying to the
entire well as an overall example. The precise procedure would be applying to intervals instead. Thus,
we will apply a unique Rw that may not be appropriate to the entire well because the water zone
resistivity is expected to change with depth.

We assumed that the depth of 3042 ft shows a low resistivity, and it is porous (sandstone).
Now we will calculate the Sw using:

petro.df[petro.df$depth == 3042,]

Rt<-petro.df[petro.df$depth == 3042,]$ILD
phiT<-petro.df[petro.df$depth == 3042,]$phi
Rw<-phiT*phiT*Rt

Rw

petro.df$sw<-1/petro.df$phi*sqrt(Rw/petro.df$ILD)

index<- petro.df$sw > 1

petro.df$swlindex]<- 1

index<- petro.df$sw < O

petro.df$swlindex]<- 1
plot(petro.df$depth,petro.df$sw,type="1",main="sSw',xlab="Depth ft',
ylab="sw', ylim=c(-1,2))
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Net Reservoir is the zone where VSh is low and the porosity is high. The Net Pay is the zone inside
the Net Reservoir where the water saturation is low. Here we used the cut values as 0.05 for Vsh, 0.1
for Porosity and 0.5 for Sw to define our Net Pay Zone(s).

petro.df$net.pay<-ifelse(petro.df$phi>0.1,ifelse(petro.df$vsH<0.05,
ifelse(petro.df$sw<0.5,1,NA), NA),NA)
plot(petro.df$depth,petro.df$net.pay,type='1"',main="Net Pay Zones',
xlab="Depth ft',ylab='Pay zones', lwd=5,col="green')

Net Pay Zones

1.0 1.2 14

Pay Zones
|
L]

08
1

T T T T T T T
500 1000 1500 2000 2500 3000 3500

Depth ft

dev.off(Q)

par(mar=c(1, 4, 8, 4) + 0.1)
plot(petro.df$VvSH,petro.df$depth,axes=FALSE,x1im=c(0,1),type="1",xlab=
"' ylab="",col="black',ylim=c(3600,2000))

axis(3, xTim=c(0,1),col="black', Twd=1)

par (new=TRUE)

plot(petro.df$sw,petro.df$depth, axes=FALSE, x1im=c(0,2),
type="'1",xTab="", ylab=""',col="blue',lty=2, ylim=c(3600,2000),Twd=1)
axis(3, xTim=c(0,2),col="bTue',Twd=1,Tine=2)

par(new=TRUE)

plot(petro.df$phi,petro.df$depth, axes=FALSE, x1im=c(0,2),
type="1",xTab="", ylab=""',col="red',Tty=3, ylim=c(3600,2000), Twd=1)
axis(3, x1im=c(0,2),col="red"',lwd=1,T1ine=4)

par(new=TRUE)

plot(petro.df$net.pay,petro.df$depth, axes=FALSE, x1im=c(0,4),
type="1",xTab="", ylab=""',col="green',lty=4,ylim=c(3600,2000), lwd=15)



axis(3, x1lim=c(0,4),col="green',Twd=1,1ine=6)
axis(2,pretty(range(petro.df$depth),100))
mtext('depth',side=2,col="black",1ine=2)
Tegend(x=2.5,y=2000, Tegend=c('VSH', 'Sw', 'Porosidade', 'Net
Pay'),lty=c(1,2,3,4),col=c('bTack’', 'blue','red', 'green'))
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Recipe - 7.3 — SEG-Y Data Format

Reading and interacting with SEG-Y files used to store Seismic and GPR surveys. This example
should work with most of the SEG-Y data without big modifications.

SEG-Y files are divided into three main parts (generically speaking); General header (3200 bytes of
text Header plus 400 bytes of binary header); binary trace header (240 bytes); and trace binary data.

7.3.1 Reading the text header data

hdbn<-c('JOB_ID_NO', 'LINE_NUMBER', 'REEL_NUMBER', 'TRACES_PER_RECORD"',

' AUXS_PER_RECORD', 'SAMPLE_RATE', 'SAMPLE_RATE_FIELD', 'NSAMPLES', 'NSAMPL
ES_FIELD','FORMAT_CODE', 'ENSEMBLE_FOLD', 'TRACE_SORT', 'VERTICAL_SUM','S
WEEP_FREQ_START','SWEEP_FREQ_END','SWEEP_FREQ_LENGTH','SWEEP_TYPE','SW
EEP_TRACE_NO', 'SWEEP_TAPER_LENGTH_START', 'SWEEP_TAPER_LENGTH_END"', 'SWE
EP_TAPER_TYPE', 'CORRELATED_TRACES', 'BINARY_GAIN', 'AMP_RECOVERY_METHOD'
,'UNITS','SIGNAL_POLARITY','VIBRATOR_POL_CODE','UNUSED','SEGY_FORMAT_R
EVISION_NO', 'SEGY_FIXEDLEN_FLAG', 'SEGY_NO_TEXTFHEADERS', 'UNUSED')

con <- file("1104-30A.segy","rb™)

Tibrary(float)

cabe.texto<-c('bogus', 'data')

for(i in 1:40){

dec<-readBin(con, "raw",size=1,n=80)

cabe.texto[i]<-
?asteO(iconv(rawToChar(dec,mu1tip1e=T),'cpSOO','utf8'), colTapse="")

cabe.texto

7.3.2 Reading the binary header data

seek(con,3200)
cabe.bin<-c(1.0,1.7)
passo<-1



for (i in passo: (passo+2)){
cabe.bin[passo]<-readBin(con, 'int',size=4,endian="big')
passo<-passo+1l

for (i in passo:(passo+23)){
cabe.bin[passo]<-readBin(con, 'int',size=2,endian="big"')
passo<-passo+1l

cabe.bin[passo]<-0

seek(con, 3500)

passo<-passo+1l

for (i in passo: (passo+2)){
cabe.bin[passo]<-readBin(con, 'int',size=2,endian="big')
passo<-passo+1l

cabe.bin[passo]<-0

seek(con, 3600)
cabecalho.bin<-data.frame(field=hdbn,value=cabe.bin)
cabecalho.bin

7.3.3 Combining the trace header and trace vector into a dataframe

tam.arqg<-file.info('1104-30A.segy ') $size
tam.arq

rep.cabecalho<-cabecalho.bin[31,2]
rep.cabecalho
numero.samples<-cabecalho.bin[8,2]
numero.samples

num. tr<-(tam.arq-3600-3600*rep.cabecalho)/(240+numero.samples*4)
num. tr

conta<-c(7,4,8,2,4,46,5,2,3,4,6,1,2)
byte.me<-c(4,2,4,2,4,2,4,2,2,2,2,2,4)
tr.bin<-c(1,2)
1.cabe.tr.bin<-1ist(data.frame(campo="0i"',valor=1))
T.tr<-Tist(c(1,2,3))
traco<-c(1,2,3)

for (i in l:num.tr){

tbhc<-0

for (a in 1:13){

for (c in l:contala]l){

tr.bin[tbc]<-readBin(con, 'int',size=byte.me[a],endian="big")
tbc<-tbhc+1l



3

frame<-data.frame(valor=tr.bin)
T.cabe.tr.bin[[i]]<-frame

for(s in l:numero.samples){

traco[s]<-readBin(con, 'double',size=4,endian="big"')

T1.tr[[i]]<- as.single (traco)

close(con)
segY<-Tist(cabe.texto,cabecalho.bin,1.cabe.tr.bin,1.tr)

7.3.4 Plotting the Result

plot(((segY[[4]1]1[[1]]1)/40)+1,c(-1:-numero.samples),type="1",
x1im=c(1,1000), xTab="trace', ylab='TWT mili-sec',Twd=0.02)

for(i in 2:1000){
1ines(((sng[[4]][[1]])/40)+1,c(—l:—numero.samp1es),type='1',1wd=0.02)
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Recipe - 7.4 — OASIS-MONTAJ XYZ Data Format

Oasis Montaj XYZ geophysical data are normally in the following formats:

/ ______________________________________________________________________________
/ XYZ EXPORT [05/11/10]

/ DATABASE [F:\1100\DVvD_01\GDB\1100_MAGLINE.gdb : SUPER]

; ______________________________________________________________________________
/ X Y FIDUCIAL GPSALT BARO ALTURA MDT MAGBRU MAGCOM MAGCOR...

/

/

Line 10010

170583.35 8895511.73 26618.0 423.09 426.67 109.01 322.03 24287.7188 24286.1147
24272.3286. ..

/ XYZ EXPORT [05/11/10]

; DATABASE [F:\1100\DVD_01\GDB\1100_GAMALINE.gdb : SUPER]
/

/

X Y FIDUCIAL GPSALT BARO ALTURA MDT CTB KB UB ....

NN

Line 10010

170583.28 8895543.28 1752.0 422.61 426.67 107.69 314.92 1644 151 52 ...
170582 .68 8895622.11 1753.0 422.09 424.89 106.13 315.96 1616 132 55 ...
170581.96 8895701.04 1754.0 422.19 425.78 106.93 315.26 1655 132 56 ...

Creating a dataframe with the XYZ data. If the file you have is in GDB format you can easily convert
it to XYZ using Oasis Montaj Viewer.

xmi<-180000

xma<-190000

ymi<-8940684

yma<-8950684
flcon<-file('1099_MAGLINE.XYZ',open='r")

tmp <- readLines(flcon, n=5)

coluna <-c(strsplit(substring(readLines(flcon, n=1),11),"\\s+")[[1]], 'line/tie")
n.co<-length(coluna)+1

tmp <- readLines(flcon, n=2)
Tin<-c('a")
o<-1 #define o indice
TineOrTie<-"vazio'
while (length(line <- readLines(flcon, n = 1, warn = FALSE)) > 0) {
if(substring(line,2,3)=="ie' || substring(line,2,3)=="in"){
if(substring(line,2,3)=="ie')1ine0rTie<-"'Tie'
if(substring(line,2,3)=="in')1ine0OrTie<-"'Line’
}else{
v<-as.numeric(strsplit(Tine, "\\s+")[[1]1]1[2])
w<-as.numeric(strsplit(line, "\\s+")[[1]1]1[31)
if(v>xmi & v<xma & w>ymi & w<yma){
Tin[o]<-paste(line,lineorTie)
o<-o0+1
}
b

close(flcon)

r <- strsplit(sub("A\\s+","",1in), "\\s+")

s <-as.data.frame(do.call(rbind, r))

names(s)<- coluna

cols = c(1l:(ncol(s)-3))

s[,cols] = apply(s[,cols], 2, function(x) as.numeric(as.character(x)))



Tibrary(terra)

sgeo<-vect(s, geom=c("X", "Y"), crs="epsg:32721")

Tibrary(raster)

mag<-as(sgeo, "Spatial")
plot(mag,col=colorrRampPalette(c('blue', 'red")) (Tength(mag$MAGIGRF)) [rank(mag$mMA

GIGRF)])



Recipe - 7.5 — UBC Data Format

UBC mesh-model 3D are structured in the following format:

msh file format:

NE NN NZ

Eo N, Lo
AE; AE, --- AEnNE
ANy ANy ---  ANyn
AZy AZy, --- Ainz

Where:

- NE NN NZ number of points at each direction

- Eo No Zo origin coordinates

- AE(1 to N) spacing between data in E direction (W to E)

- AN(1 to N) spacing between data in N direction (S to N)

- AZ(1 to N) spacing between data in Z direction (Top to Base)

mod file format;

mii,1
mii,2

M11,NZ
mi21

My j k

MNNNENZ

Where:

- Each m{1,},k} is the property in the [1,j,k]"{th} model cell.

-\([1, j, k]=[1, 1, 1]\) is defined as the cell at the top, south-west corner of the model.

- The total number of lines in this file should equal NN x NE x NZ.

- The model ordering is performed first in the z-direction (top-to-bottom), then in the easting, and
finally in the northing.

Retrieving the data from mesh and model files:
file<-file('arquivo_mesh.msh',open="'rt")

GV<-1ist(Q)

GV[[1]]<-scan(file,what=1,nlines=1,sep=" ")
GV[[2]]<-scan(file,what=1,nTines=1,sep=" ")
GV[[3]]<-scan(file,what=1,nTines=1,sep=" ")
GV[[4]]<-scan(file,what=1,nTines=1,sep=" ")
GV[[5]]<-scan(file,what=1,nTines=1,sep=" ")

close(file)
GV[[6]]<-data.frame(z=NA,x=NA,y=NA,v=read.table('arquivo_model.mod")$v1l)
names (GV)<-c('dimension', 'origin', 'deltax', 'deltay', 'deltaz', 'values"')



Gv$deltaX<-na.omit(Gv$deltax)
Gv$deltay<-na.omit(Gv$deltay)
Gv$deltaz<-na.omit(Gv$deltaz)

summary (GV)

Length Class Mode
dimension 3 -none- numeric
origin 3 -none- numeric
deltaXx 69 -none- numeric
deltay 69 -none- numeric
deltaz 40 -none- numeric
values 4 data.frame list

loading the coordinates into the dataframe ‘values’ and exporting it as ubc.csv file:
coordz<-Gv$origin[3]+Gv$deltaz-Gvideltaz*seq(l:Gv$dimension[3])
GV$values[1l]<-coordz

coordx<-rep(GVv$origin[1],Gv$dimension[1])
coordxx<—coordx—GV%de1taX+GV$de1tax*seq(l:Gv$dimension[1])
coordxxx<-rep(coordxx, each=Gv$dimension[3])
GV$values[2]<-coordxxx
coordy<-rep(GVv$origin[2],Gv$dimension[2])
coordyy<-coordy-Gv$deltay+Gv$deltay*seq(l:Gv$dimension[2])
coordyyy<-rep(coordyy, each=Gv$dimension[1l]*Gv$dimension[3])
Gv$values[3]<-coordyyy

GV$values<-na.omit(Gv$values)
write.csv(Gv$values, "ubc.csv', row.names=F)

Visualizing the ubc.csv file using Paraview (using Table to Po point Filter):




Recipe - 7.6 — Moving Exploration data to a Remote Database

This is not an R receipt, but it can be useful for the next recipe.
To move exploration data to a PostgreSQL server following the instruction below:

On the server create a database geodb using:
$ createdb geodb --encoding=utf-8

Create the file create.sql using a text editor:

Save the file locally at the server and run:
$ psql -d geodb -f create.sql

Upload the data from the files collar.csv, assay.csv, survey.csv and litho.csv into the geodb database
using:

$ psql geodb

geodb =# \copy collar (holeid,x,y,z,enddepth) FROM 'collar.csv' DELIMITER ', HEADER CSV
geodb =# \copy assay FROM 'assay.csv' DELIMITER " HEADER CSV

geodb =# \copy survey FROM 'survey.csv' DELIMITER "' HEADER CSV

geodb =# \copy litho FROM 'litho.csv' DELIMITER ', HEADER CSV

geodb =# GRANT SELECT ON ALL TABLES IN SCHEMA public to user;

Don’t forget to replace user by the real database username.



Recipe - 7.7 — Drilling Data Desurvey

Executing a drillhole desurvey using the data located at a remote PostgreSQL database.

Server: pg.gdatasystems.com
User: droid
Password:  devcor

User the server and server credentials to run this recipe.

Tibrary(RPostgresqQL) #install RPostgresqL using 1nsta11 packages (" RPostgreSQL )
con<- dbConnect(PostgreSQL() host="'pg.gdatasystems.com',user="droid"',
password="'devcor',dbname=" geofoss )

dat <- dbGetQuery(con, "select c.holeid as hole, c.x as x, c.y as

y, €.z as z, a.au as au, a._from as prof, 1._from as profl, a._to as
toa, 1._to as tol, (a._to-a._from) as Tlena, (1._to-1._from) as lenl,
T.domain, 1.rocktype, 1.weath from collar as c, assay as a, litho as
1 where c.holeid = a.holeid and 1.holeid=c.holeid and 1._from between
a._from and (a._to-0.02) order by hole,prof™)

collar <- dbGetQuery(con, "select c.holeid as hole,s._at as prof, c.x

as x, c.y as y, c.z as z, s.dip as dip, s.azm as az from collar as c,

survey as s where c.holeid = s.holeid and s._at=0")

# if dip is positive uncoment this line------———-—— -~
collar$dip <- collar$dip*-1

station <- dbGetQuery(con, "SELECT holeid as hole, _at as prof, null
as x, null as y, null as z, dip as dip, azm FROM survey order by
holeid,prof™)

station$dip <- station$dip*-1
d2r <- function(x) { x * pi/180}
tresb<-function(co,es){

Tinha <- data.frame()

for(i in l:nrow(co)){

X <- col[i,3]

y <- col[i,4]
z <- col[i,5]
di <- 0

fur <- es[es[[1]]==co$hole[[i]],]

fur <- furl[order(fur$prof),]

ro <- nrow(fur)

for(j in 1:ro){

ang <- fur[j,7]

d <- fur[j,2]-di

di <- d+di

dip <- fur[j,6]

if(j>1Ddip <- fur[(j),6]-(fur[]j,6]-fur[(j-1),6])/2
deTtaz <- d*sin(d2r(dip))

r <- d*cos(d2r(dip))

X <- round(x+r*sin(d2r(ang)))

y <- round(y+r*cos(d2r(ang)))

Zz <- round(z+deltaz)

Tinha<-

rbind(linha,data.frameChole=fur[j,1] ,prof=fur[j,2],x=x ,y=y
,§=z,d1p=fur[j,6],az=fur[j,7]))

Tin <- Tinha

Tin <- Tin[order(lin$hole,T1in$prof),]
}return(1in)
Spts <- tresD(collar,station)
calculo <- function(azt,azb,dt,db,dp){

dt <- (90-dt)
db <- (90-db)
dbt <- db-dt

abt <- azb-azt



d <- acos(cos(d2r(dbt))-sin(d2r(dt))*sin(d2r(db))*(1-cos(d2r(abt))))
-1

:fzd==0){r <- 13

else{r <- 2*tan(d/2)/d}

x = 0.5*dp*(sin(d2r(dt))*sin(d2r(azt))+ sin(d2r(db))*sin(d2r(azb)))*r
y = 0.5*dp*(sin(d2r(dt))*cos(d2r(azt))+ sin(d2r(db))*cos(d2r(azb)))*r
z = 0.5*dp*(cos(d2r(dt))+cos(d2r(db)))*r

return(c(x,y,z))

calcxyz<-functionChole,depth){

dadoxyz <- ¢(0.0,0.0,0.0)

t <- Spts[which(Spts$hole==hole & Spts$prof <=depth),]
t <- t[order(-t$prof),]

b <- Spts[which(Spts$hole==hole & Spts$prof > depth),]
if(dim(t)[1] == 0){return (c(0,0,0))}

di <- b[1,2]- t[1,2]

rga <- t[1,6] - b[1,6]

stp <- rga/di

dpt <- depth-t[1,2]

pang <-stp*dpt

if(dim(b) [1] >= 1){

res <- calculo(t[1,7], b[1,7],t[1,6], t[1l,6]-pang, dpt
return(c((t[1, 3]+res[1]), (t[l 4]+res[ 1, (t[1,5]+res[3])))
else{

res <- calculo(t[1,7], t[1,7], t[1,6], t[1,6],
;eturn(c((t[l,3]+res[1]), (t[1,4]+res[2]), (t[1,5]+res[3]1)))

}

for(i in 1 : dim(dat)[1]){

dado <- calcxyz(dat$hole[i],dat$prof[i])
dat$x[i] <- dado[1]

dat$y[i] <- dado[2]

dat$z[i] <- dado[3]

colnames(dat)<-c("BHID","X","Y","Z","AU","FROM" , "FROML","TO", "ToL","LENGTH",
"LENHTL" "DOMAIN" "ROCKTYPE" "WEATH")

write. csv(dat "RDESURVEYED CSV" row.names
write.csv(Spts,"SURVEY_PTS.CSV",row.names

FALSE)
FALSE)

Visualizing the files created above using Paraview (using Table to Po point Filter):
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8 2D Point Interpolation

In this chapter we will use the file geoqui.shp created in recipe 7.1.

Recipe - 8.1 — Distance Matrix

In here we gather the distance between points as a matrix using spDists that takes two objects Spatial*
(in this example we use the same object twice) and a third parameter informing if the data is Euclidean
(ex. UTM) or Longitude / Latitude.

First, we create a distance matrix followed by the creation of a matrix of the inverse of the distance
normalized to 1:

Tibrary(terra)
dado<-vect('geoqui.shp')
dado

dist<-distance(dado, y = dado)
rownames (dist)<-dado$amostra
colnames(dist)<-dado$amostra
dist[1:6,1:6]

w<-1/dist

wllis.finite(w)] <- NA
rtot<-apply(w,1,sum,na.rm=TRUE)
wnorm<-round(w/rtot, 8)
wnorm[1:6,1:6]



Recipe - 8.2 — Voronoi

Generating Voronoi Polygons to store each individual data point and using a mask shapefile (ot.shp)
to cut out the data outside the points domain. Followed by the rasterization of the result.

Tibrary(dismo)
Tibrary(terra)
dado<-vect('geoqui.shp')

dado

mask<- vect('ot.shp")

mask

v<-voronoi (dado)

vor<- crop(v,mask)
spplot(vor,'Cu',col.regions=rev(get_col_regions()), main="Cu - ppm")
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rast<-rast(mask, res
v.rast<-rasterize(vor,rast,'cu')

plot(v.rast,main
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Recipe - 8.3 — Nearest Neighbor

Nearest Neighbor Interpolation Method.

Tibrary(terra)
Tibrary(raster)
dado<-as(vect('geoqui.shp') , "Spatial™)

dado

mask<- vect('ot.shp")

mask

rast<-raster(as(mask, "spatial"),res=10)

Tibrary(gstat)
metodo<-gstat(formula=Cu~1,locations=dado,nmax=5,set=1ist(idp=0))
vmp<-interpolate(rast,metodo,debug.level=0,index=1)

vmpmsc<-mask (vmp,as(mask, "Spatial™))

plot(vmpmsc,main="Nearest Neighbor - n=5')
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Recipe - 8.4 — Inverse of the Distance Weighted
IDW interpolation Method.

Tibrary(terra)
Tibrary(raster)
dado<-as(vect('geoqui.shp') , "Spatial")

dado

mask<- vect('ot.shp")

mask

rast<-raster(as(mask, "sSpatial"),res=10)
Tibrary(gstat)

metodo <- gstat(formula=Cu~1, Tocations=dado)
idw<-interpolate(rast,metodo)

idwmsc <-mask(idw,as(mask, "Spatial™))
plot(idwmsc,main="Inverse of the Distance')
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Recipe - 8.5 — Kriging
Ordinary kriging Interpolation Method.

Tibrary(terra)
Tibrary(raster)
dado<-as(vect('geoqui.shp') , "Spatial")

dado

mask<- vect('ot.shp")

mask

Tibrary(gstat)

krig.met <- gstat(formula=Cu~1, locations=dado)

vario <- variogram(krig.met, width=50)

f.v <- fit.variogram(vario, vgm(c("sph","Gau","Exp")))
plot(vario)

| | |
L+ [ <]
[=R s o °
= ° g e e,
o © o RS
40000 T gw @ s o
@ el L] Oo B ©
el
oW
3 30000 ’
- o
o o
@
'E o
@ 20000
e
10000 |
Lsd
T T I I
500 1000 1500 2000
distance



modeT psill range
1 Nug 1679.221 0.0000
2 Sph 39454.770 398.5911
krig<- gstat(formula=Cu~1, locations=dado, model=f.v)
ur<- raster(as(mask, "Spatial"),res=10)
ugri <- as(ur, 'sSpatialGrid")
kri.pred<-predict(krig,ugri)
ko <- brick(kri.pred)
ko <- mask(ko, as(mask, "spatial™))
names (ko) <- c('Interpolation', 'variance')
plot(ko$Interpolation, main='Ordinary Kriging - Interpolation')
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plot(ko$variance, main= 'Ordinary Kriging - variance')
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Save the resulting kriging as the best result achieved to be used on the following recipes in this
chapter.

Xyz <- rasterToPoints(ko$Interpolation)
colnames(xyz)<-c("UTME", "UTMN", "CU")
write.csv(xyz, "best.csv", row.names=FALSE)



Recipe - 8.6 — Spatial Autocorrelation (Moran Test)

In here we show how to execute a Moran Test.

Tibrary(terra)

Tibrary(raster)

geog<-read.csv('best.csv')

geoqui<-vect(geoq, geom=c("UTME", "UTMN"),crs="+init=epsg:32717")
mask<- vect('ot.shp')

v<-voronoi (geoqui)

vor<-crop(v,mask)

Tibrary(spdep)

vizin<-poly2nb(as(vor, 'Spatial’'))

vizin

Tista.vz<-nb21listw(vizin)
Tista.vz

mo<-moran.test(vor$cu,lista.vz)
mo

moran <- moran.plot(vor$cu, Tlistw = nb2listw(vizin, style = "w"))
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mo.local <- Tocalmoran(x=vor$cu, listw = nb2listw(vizin, style = "w"))

head(mo.local)

Where:

Ii Local Moran Statistic

E.li  Expected Local Moran Statistic

Var.li Variance of Local Moran Statistic

Z.li  Standard deviation of Local Moran Statistic
Pr()  p-value of Local Moran Statistic

mapa.moran<-cbind(vor,mo.local)

Tibrary(tmap)

mm<-as (mapa.moran, 'Spatial"')

tm_shape(mm) + tm_fil1('Ii',style="quantile',title="Local Moran Statistics')
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Recipe - 8.7 — LISA (Local Indicators of Spatial Association)

Creating a map categorizing the relation of each element has with its neighbor .

Tibrary(terra)

Tibrary(raster)

geoqg<-read.csv('best.csv')

geoqui<-vect(geoq, geom=c("UTME", "UTMN"),crs="+init=epsg:32717")
mask<- vect('ot.shp')

v<-voronoi (geoqui)

vor<-crop(v,mask)

Tibrary(spdep)

vizin<-poly2nb(as(vor, 'Spatial'))

Tista.vz<-nb21listw(vizin)

mo<-moran.test(vor$cu,lista.vz)

mo.Tlocal <- Tocalmoran(x=vor$cu, Tistw = nb2listw(vizin, style = "w"))

qua<-vector(mode="numeric',length=nrow(mo.local))
media.Cu<-vor$cu-mean(vor$cu)

media.mo<-mo.local[,1]-mean(mo.local[,1])

significancia<-0.1

qua[media.Cu >0 & media.mo>0]<-2

qua[media.Cu <0 & media.mo>0]<-1

qua[mo.local[,5] >significancia]l<-0

quebras <- c(0,1,2)

cores <- c('grey',rgb(0,1,0,alpha=0.4),rgbh(1,0,0,alpha=0.4))
plot(vor,border=NA, col=cores[findInterval(qua,quebras,all.inside=FALSE)])
box(which="outer',Tty="blank")

legend('bottomleft', legend=c('Non significant','Low', 'High'),fill=cores,
bty="n",border=F)
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Recipe - 8.8 — Getis-Ord Gi*

Using Getis-Ord Gi* method, a.k.a. as hot-spot analysis.

Tibrary(terra)

Tibrary(raster)

mask<- vect('ot.shp')

dado<-as(vect('geoqui.shp') , "Spatial")
Tibrary(gstat)

krig.met <- gstat(formula=Cu~1, locations=dado)

vario <- variogram(krig.met, width=50)

f.v <- fit.variogram(vario, vgm(c("sph","Gau","Exp")))
krig<- gstat(formula=Cu~1, Tocations=dado, model=f.v)
ur<- raster(as(mask, "Spatial"),res=50)

ugri <- as(ur, 'SpatialGrid")
kri.pred<-predict(krig,ugri)

ko <- brick(kri.pred)

ko <- mask(ko, as(mask, "Spatial™))

names (ko) <- c('Interpolation', 'variance')

xyz <- rasterToPoints(ko$Interpolation)
colnames(xyz)<-c("UTME","UTMN","CU"™)

write.csv(xyz, "bestLR.csv", row.names=FALSE)
geog<-read.csv('bestLR.csv')

geoqui<-vect(geoq, geom=c("UTME", "UTMN"),crs="+init=epsg:32717")
v<-voronoi (geoqui)

vor<-crop(v,mask)

Tibrary(spdep)
vizin2<-dnearneigh(coordinates(as(vor,"Spatial")),0,80)
Tista.vz2<-nb2Tistw(vizin2,style="B")

go.local <- localG(vor$cu, Tista.vz2)

go.local <- cbind(vor,as.matrix(go.local))
names(go.local) [2]<-"'Getis_ord'

Tibrary(tmap)

tm_shape(a§(90.1oca1, "Spatial™)) + tm_fill("Getis_ord", palette = "RdBu", style
— llprettyll
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Recipe - 8.9 —- GWR (Geographically Weighted Regression)

The package spgwr is used in this test. Using gold to predict copper. First, we create an ordinary
kriging base for gold the same way we did for copper previously.

Tibrary(terra)

Tibrary(raster)

mask<- vect('ot.shp')
dado<-as(vect('geoqui.shp') , "Spatial")
Tibrary(gstat)

krig.met <- gstat(formula=Au_gpt~1l, Tocations=dado)
vario <- variogram(krig.met, width=50)

f.v <- fit.variogram(vario, vgm(c("sph","Gau","Exp"))
krig<- gstat(formula=Au_gpt~1, locations=dado, model=
ur<- raster(as(mask, "Spatial"),res=50)

ugri <- as(ur, 'SpatialGrid')
kri.pred<-predict(krig,ugri)

ko <- brick(kri.pred)

ko <- mask(ko, as(mask, "Spatial™))

names (ko) <- c('Interpolation', 'variance')

Xyz <- rasterToPoints(ko$Interpolation)
colnames(xyz)<-c("UTME","UTMN","AU")

write.csv(xyz, "best_au.csv", row.names=FALSE)

)
f.v)

krig.met <- gstat(formula=Cu~1, locations=dado)

vario <- variogram(krig.met, width=50)

f.v <- fit.variogram(vario, vgm(c("sSph","Gau","Exp")))
krig<- gstat(formula=Cu~1, Tocations=dado, model=f.v)
ur<- raster(as(mask, "Spatial"),res=50)

ugri <- as(ur, 'SpatialGrid')
kri.pred<-predict(krig,ugri)

ko <- brick(kri.pred)

ko <- mask(ko, as(mask, "Spatial™))

names (ko) <- c('Interpolation', 'variance')

xyz <- rasterToPoints(ko$Interpolation)
colnames(xyz)<-c("UTME","UTMN","CU")

write.csv(xyz, "best_cu.csv", row.names=FALSE)

geoquil<-read.csv('best_cu.csv')

geoqui2<-read.csv('best_au.csv')

geoqu<-data.frame(geoquil, geoqui2$AU)
colnames(geoqu)<-c("UTME", "UTMN", "CU","AU")

geoqui<-vect(geoqu, geom=c("UTME", "UTMN"),crs="+init=epsg:32717")
v<-voronoi (geoqui)

vor<-crop(v,mask)

Tibrary(spgwr)

faixa.gwr<-gwr.sel(vor$cu~vor$Au,data=as(vor, "Spatial"), adapt=TRUE)

modelo.gwr<-gwr(vor$Ccu ~ vor$Au, data= as(vor, "Spatial"),adapt=faixa.gwr,
hatmatrix=TRUE, se.fit=TRUE)
modelo.gwr



gwr.res<-as.data.frame(modelo.gwr$spF)
names(gwr.res)

gwr.final<-cbind(as(vor, "Spatial"),as.matrix(gwr.res))
Tibrary(tmap)

tm_shape(gwr.final) + tm_fil11("pred", palette = "RdBuU", style = "pretty")

pred

0 to 200

1,000 to 1,200
1,200 to 1,400

200 to 400
400 to 600
600 to 800
800 to 1,000

A high correlation for gold to predict copper is observed using GWR.



9 Manipulating Digital Elevation Models
Recipe - 9.1 - DEM

Loading a raster file with the Digital elevation Model:

Tibrary(terra)
dem<-rast('dem.tif')
plot(dem,col=grey(0:100/100) ,main="Digital Elevation Model - DEM')
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Recipe - 9.2 — Extracting derivative images from DEM

From a digital elevation model, it is possible to derivate several other images that can be used for
geomorphological studies, such as:

e Slope

e Aspect

e TPI -Topographical Position Index

e TRI - Topographic Roughness Index

e Roughness

e Flow Direction

Tibrary(terra)

dem<-rast('dem.tif")
slope<-terrain(dem,v="'slope',unit="radians"')
aspect<-terrain(dem,v="aspect',unit="radians')
tpi<-terrain(dem,v="TPI")
tri<-terrain(dem,v="TRI"')
roughness<-terrain(dem,v="roughness')
flowdir<-terrain(dem,v="flowdir',unit="'radians')

plot(slope,range=c(0,1.6),axes=FALSE,col=grey(0:100/100))

12

0.8

0.6

04

0.2

0.0



grey(0:100/100))

FALSE,col

c(0,6.3),axes=

plot(aspect, range

grey(0:100/100))

FALSE,col

=c(-15,15),axes=

plot(tpi,range




plot(tri,range=c(0,30),axes=FALSE,col=grey(0:100/100))

-




plot(flowdir,range=c(0,20),axes=FALSE,col=grey(0:100/100))
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Recipe - 9.3 —Hillshade

Creating a hillshade using DEM aspect and gradient and saving it as a geoTiff.

Tibrary(terra)

dem<-rast('dem.tif")

gradiente<-terrain(dem,v="slope',unit="radians')
aspecto<-terrain(dem,v="aspect',unit="'radians')
relevo<-shade(gradiente,aspecto,angle=45,direction=270,normalize= TRUE)
plot(relevo,col=grey(0:100/100),zTim=c(0,250),main="Hillshade")

Hillshade

8100000

'~

o
o
o
o
[vu)
o
@©
w
o . .
: :
2 ik
3
g_ a
¥
[7e) ¥
o
-+
o
S5e+05 520000 540000 560000 580000 6e+05

writeRaster(relevo, 'hillshade.tif',overwrite=TRUE)
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10 Satellite Images and Normalized Indexes

Spectral bandwidth can vary according with the satellite used to acquire them. They can be divided
into visible (blue, green and red bandwidth), Very near infra-red (VNIR or red edge), near infra-red
(NIR), Short wave infra-red (SWIR) and thermal bandwidth.

100

Artmospheric Transmission (96)

Comparison of Landsat 7 and 8 bands with Sentinel-2

9 [} a

il & ‘567". nel-2 msi
i i bl . ’
mEn = J

9] Landsat8

— s )
BEg o« o o0 | N
B e |

foomiacl et ]

mE o N -~ EOROE - BN Aster
| L P BN g moos
200 900 1400 1900 2400 10000 11000 12000 13000

Wavelength (nm)

We will be working here with sentinel2 images (ESA) with the bands 2, 3, 4, 5, 6, 7, 8A, 11 and 12.
The following composites are created:

Visible (VIS)
Very Near Infra-Red (VNIR or Red Edge)
Near and Short-Wave Infra-Red (NIR+ SWIR)

The following Indexes are presented here:

NDVI
NDVlIrel
SAVI
NDWI
MNDWI
NDMI
NDTI
NDBI



Recipe - 10.1 — TCC Visible

Visible or true color composite.

Tibrary(terra)

filenames <- pasteO('BO', 4:2, "_20m.jp2")

tcc4_3_2<-rast(filenames)

e <- ext(499980, 527430, 8072590,8100040)

rc<-crop(tcc4_3_2,e)

plotRGB(rc,stretch="1in',axes=TRUE,main="Bands 4,3 and 2 - Vvisible',
mar=c(6,6,6,6))
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Recipe - 10.2 — FCC VNIR
VNIR or Red-Edge false color composite.

Tibrary(terra)

filenames <- pasteO('BO', 7:5, "_20m.jp2")

fcc7_6_5<- rast(filenames)

e <- ext(499980, 527430, 8072590,8100040)

rc<-crop(fcc7_6_5,¢)

plTotRGB(rc,stretch="Tin',axes=TRUE,main="Bands 7, 6 and 5 - Very Near Infra
Red' , mar=c(6,6,6,6))
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Recipe - 10.3 — FCC SWIR+NIR
SWIR+NIR false color composite.

Tibrary(terra)

filenames <- pasteO('B',c('12','11','8A'), "_20m.jp2")

fccl2_11_8a<- rast(filenames)

e <- ext(499980, 527430, 8072590,8100040)

rc<-crop(fccl2_11_8a,e)

plotRGB(rc,stretch="1in',axes=TRUE,main="Bandas 12, 11 e 8A - Short wave and
Near infra Red' , mar=c(6,6,6,6))
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Recipe - 10.4 — NDVI
NDVI (Normalized Difference Vegetation Index).

Tibrary(terra)

nir<-rast('B8A_20m.jp2")
vermelho<-rast('B04_20m.jp2"')
ndvi<-(nir-vermelho)/(nir+vermelho)

e <- ext(499980, 527430, 8072590,8100040)
rc<-crop(ndvi,e)

plot(rc,axes=TRUE ,range=c(0,1))
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Recipe - 10.5 — NDVlIrel

NDVlrel (red-edge-based Normalized Difference Vegetation Index).

Tibrary(terra)

vhir<-rast('B05_20m.jp2")
nir<-rast('B8A_20m.jp2")
ndvire<-(nir-vnir)/(nir+vnir)

e <- ext(499980, 527430, 8072590,8100040)
rc<-crop(ndvire,e)

plot(rc,axes=TRUE, range=c(0,1))
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Recipe - 10.6 — SAVI
SAVI (Soil Adjusted Vegetation Index).

Tibrary(terra)

nir<-rast('B8A_20m.jp2"')
vermelho<-rast('B04_20m.jp2")
savi<-(nir-vermeTho)/(nir+vermelho+0.5)*1.5
e <- ext(499980, 527430, 8072590,8100040)
rc<-crop(savi,e)

plot(rc,axes=TRUE, range=c(0,1))
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Recipe - 10.7 - NDWI
NDWI (Normalized Difference Water Index).

Tibrary(terra)

green<-rast('B03_20m.jp2"')
nir<-rast('B8A_20m.jp2"')
ndwi<-(green-nir)/(green+nir)

e <- ext(499980, 527430, 8072590,8100040)
rc<-crop(ndwi,e)

plot(rc,axes=TRUE, legend=FALSE, range=c(0,1))
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Recipe - 10.8 - MNDWI
MNDWTI (Modified Normalized Difference Water Index).

Tibrary(terra)

green<-rast('B03_20m.jp2')
swir<-rast('B11_20m.jp2")
mndwi<-(green-swir)/(green+swir)

e <- ext(499980, 527430, 8072590,8100040)
rc<-crop(mndwi,e)

plot(rc,axes=TRUE, legend=FALSE, range=c(0,1))
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Recipe - 10.9 - NDMI

NDMI (Normalized Difference Moisture Index).

Tibrary(terra)

nir<-rast('B8A_20m.jp2")
swir<-rast('B11_20m.jp2")
ndmi<-(nir-swir)/(nir+swir)

e <- ext(499980, 527430, 8072590,8100040)
rc<-crop(ndmi,e)

plot(rc,axes=TRUE, range=c(0,1))
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Recipe - 10.10 — NDTI
NDTI (Normalized Difference Tillage Index).

Tibrary(terra)

swirl<-rast('B11_20m.jp2")
swir2<-rast('B12_20m.jp2")
ndti<-(swirl-swir2)/(swirl+swir2)

e <- ext(499980, 527430, 8072590,8100040)
rc<-crop(ndti,e)
plot(rc,axes=TRUE,range=c(0,0.5))
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Recipe - 10.11 — NDBI

NDBI (Normalized Difference Built-up Index).

Tibrary(terra)

nir<-rast('B8A_20m.jp2")
swir<-rast('B11_20m.7jp2")
ndbi<-(swir-nir)/(swir+nir)

e <- ext(499980, 527430, 8072590,8100040)
rc<-crop(ndbi,e)

plot(rc,axes=TRUE, range=c(-0.5,0.5))
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Recipe - 10.12 — RGB composite with indexes

Creating a classification FCC image RGB with the indexes MNDWI (Blue), SAVI (Green) and
NDBI+NDTTI (Red).

Tibrary(terra)

nir<-rast('B8A_20m.jp2"')
vermelho<-rast('B04_20m.jp2")
savi<-(nir-vermeTho)/(nir+vermelho+0.5)*1.5
green<-rast('B03_20m.jp2')
swir<-rast('B11_20m.jp2")
mndwi<-(green-swir)/(green+swir)
swirl<-rast('B11_20m.jp2"')
swir2<-rast('B12_20m.jp2")
ndti<-(swirl-swir2)/(swirl+swir2)
nir<-rast('B8A_20m.jp2"')
swir<-rast('B11_20m.7jp2")
ndbi<-(swir-nir)/(swir+nir)

e <- ext(499980, 527430, 8072590,8100040)
rgb<-rast(Tist(ndbi+ndti,savi,mndwi))
rcrgb<-crop(rgb,e)
plotRGB(rcrgb,stretch="'1in")
writeRaster(rcrgb, indexes.tif', overwrite=TRUE)




11 Advanced satellite image processing
Recipe - 11.1 - PCA

Creating a Principal Component Analysis (PCA) by loading all bands with same resolution (2, 3, 4,
5,6,7,8A, 11 and 12) on a SpatRaster object and execute the PCA.

Tibrary(terra)
rl1is<-c("B02_20m.jp2","B03_20m.jp2","B04_20m.jp2","B0O5_20m.jp2","B06_20m.jp2",
"BO7_20m.jp2","B8A_20m.jp2","B11_20m.jp2","B12_20m.jp2")
r'l_isz<_c(llb2ll , llb3ll , llb4ll , llb5ll , Ilb6ll , llb7ll , llb8all , llbllll , llblzll)
sentinel<-rast(rlis)

names(sentinel)<-rlis2

set.seed(1)

amostra <- spatSample(sentinel, 300000,method="random™)
pca <- prcomp(amostra, scale = TRUE)

rm(amostra)

pca

pcis<-predict(sentinel,pca,filename="pcis.tif',overwrite=TRUE)
plot(pcis,col=grey(0:100/100))
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dev.off(Q)

)
p1otRGB(pc1s r=1 g=
plotRGB(pcis,r=1,g=

r=3,g=
r=5,g=

2,b=3,stretch="11
3,b=5,stretch="T1i1
=4, b= 5,stretch '14
6,b=7,stretch="'11

plotRGB(pcis,
plotRGB(pcis,




Recipe - 11.2 — IHS

HIS decomposition from a RGB composite (bands 12, 11 and 8A).

Tibrary(terra)
fcc.rgb<-rast(c('B12_20m.jp2', " 'B11_20m.jp2"', 'B8A_20m.jp2"'))
Nor<-fcc.rgb/32767

Nor

I<-(Nor[[1]1]+Nor[[2]]+Nor[[31]
S<-1-(3/(Nor[[1]]+Nor[[2]]+Nor
H<- acos((0.5*((Nor[[1]]-Nor[[
Nor[[2]]1)A2+((Nor[[1]]-Nor[[3]
ihs<-c(I,H,S)
plotRGB(ihs,stretch="hist"')

11))*min(N 1]1,Nor[[2]],Nor[[3]])
J+(Nor[[1]1]1-Nor[[311)))/(sqrt((Nor[[1]]-
(Nor[[2]]- [3113))))

dev.off(Q)

par(mfrow=c(1,3))
plot(I,axes=FALSE, legend=FALSE)
plot(H,axes=FALSE, Tegend=FALSE)
plot(S,axes=FALSE, 1egend=FALSE)




12 Image Classification
Recipe - 12.1 — Kmeans

Executing unsupervised KMeans classification on indexes composite MNDWI, SAVI and
NDBI+NDTI.

Tibrary(terra)

Tibrary(cluster) #install cluster using install.packages("cluster™)

nir<-rast('B8A_20m.jp2")

vermelho<-rast('B04_20m.jp2")

savi<-(nir-vermeTho)/(nir+vermelho+0.5)*1.5

green<-rast('B03_20m.jp2')

swir<-rast('B11_20m.jp2")

mndwi<-(green-swir)/(green+swir)

swirl<-rast('B11_20m.jp2")

swir2<-rast('B12_20m.jp2")

ndti<-(swirl-swir2)/(swirl+swir2)

nir<-rast('B8A_20m.jp2")

swir<-rast('B11_20m.jp2")

ndbi<-(swir-nir)/(swir+nir)

e <- ext(499980, 527430, 8072590,8100040)

rgb<-rast(list(ndbi+ndti,savi,mndwi))

rgbi<-crop(rgb,e) ) .

img<-c(rgbi[[1]1],rgbi[[2]],rgbi[[3]1)

ar <- values(img) #loading raster into a vector

values <- which(!is.na(ar)) #indice de valores validos (valores ndo NA)

ar <- na.omitCar) #removing NA from vector

Result <- clara(ar,3,samples=500,metric="manhattan",pamLike=T)

kmraster3 <- rast (rgbi[[1]])

values(kmraster3) <- Result$clustering

Result <- clara(ar,6,samples=500,metric="manhattan"”,pamLike=T)

kmraster6 <- rast(rgbi[[1]])

values(kmraster6) <- Result$clustering

Result <- clara(ar,9,samples=500,metric="manhattan"”,pamLike=T)

kmraster9 <- rast(rgbi[[1]])

values(kmraster9) <- Result$clustering

plot(kmraster3, legend=T,axes=F, col = rainbow(3),main="'Kmeans 3 Classes')
Kmeans 3 Classes
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plot(kmraster6, legend=T,axes=F, col = rainbow(6),main="Kmeans 6 Classes"')
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plot(kmraster9, legend=T,axes=F, col = rainbow(9),main='Kmeans 9 Classes')
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Recipe - 12.2 — SAM

Applying supervised Spectral Angle Mapper (SAM) to classify the indexes composite MNDWI,
SAVI and NDBI+NDTI.

Tibrary(terra)

Tibrary(RStoolbox) #install RStoolbox using install.packages("RStooThox")
nir<-rast('B8A_20m.jp2")

vermelho<-rast('B04_20m.jp2")

savi<-(nir-vermelho)/(nir+vermelho+0.5)*1.5

green<-rast('B03_20m.jp2"')

swir<-rast('B11_20m.jp2")

mndwi<-(green-swir)/(green+swir)

swirl<-rast('B11_20m.jp2")

swir2<-rast('B12_20m.jp2")

ndti<-(swirl-swir2)/(swirl+swir2)

nir<-rast('B8A_20m.jp2"')

swir<-rast('B11_20m.7jp2")

ndbi<-(swir-nir)/(swir+nir)

e <- ext(499980, 527430, 8072590,8100040)

rgb<-rast(Tist(ndbi+ndti,savi,mndwi))

rgbi<-crop(rgb,e)

Tibrary(raster) #install raster using install.packages("raster ")

## training endmember

pontos <- data.frame(x = c(506009, 507004,512952,504937,518565), y = c(8084856,
8084148,8083483,8085263,8081092))

endmembers <- extract(rgbi, pontos)

rownames (endmembers) <- c("water","City","Exposed Soil","Healthy Vvegetation",
"Savannah")

## Classification based on minimum angle

samCl <- sam(rgbi, endmembers, angles = FALSE)

Tibrary(ggplot2) #install ggplot2 using install.packages('"ggplot2 ")

ggR(samCl, forceCat = TRUE, geom_raster=TRUE) + scale_fill_manual(values =
c("blue", "darkgray","red","green","orange"), Tabels = c("water","City","Exposed
Ssoil","Healthy Vegetation", "Savannah"))
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