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S-PLUS ShortCourse

—Part3 —
S+SPATIALSTATS

Thesenotesaremostlybasedn

e S+SPATIALSTATS Users Manual,version1.0(1996).
MathSoft,Inc.

N /

Spring2000 GardarJohannesson Pagel




Part 3— SpatialStatistics

\The S+SPATI ALSTATS Modulel

S+SPATI ALSTATS isanadd-onmoduleto the S-PLus
system(i.e., it is boughtseparately)lt hasmethoddor the
threemaintypesof spatialdata:

e Geostatisticadata.
e Latticedata.
e SpatialPoint Patterns

Ontheotherhand,versionl.5 (current)is designedor
two-dimensionatlataanddoesnotincludeany methoddor
the analysisof spatio-tempaal data.

Starting S+SPATI ALSTATS

To startthe spatialmodulein S-PLuUsS typeatthe S-PLUS
prompt:

> module(spatial)

andthe moduleis available.It canbeunloaded
(deactvated)by thecommand:

> module(spatial,unlo ad=T)

N
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g | The SChedulel A

Thethird partof this S-PLUS ShortCoursewill cover:

EDA of Spatial Data ExploratoryDataAnalysisthrough
graphican S-PLus. Two datasetsvill beused;the
scallops  (non-griddeddatawill beour primary
dataandthecoal.ash  (gridded)secondary

Trend Trendestimationandremoval.

Variogram Empiricalvariogramsgdetectingandcorrecting
for anisotropy, andfitting theoreticalvariogram
models.

Kriging Computingkriging predictionsandstandard
errors,andplotting.

N /
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\scal | ops EDAl

Thescal | ops Data

“The scallopsdataframeis a spatialdatasetlisting the catchof
scallopsfrom a 1990NationalMarine FisheriesServicetrawl
sunwey in the Atlantic Ocean.Thesuney arearunsfrom the
Delmana Peninsulaoff the coastof VirginiaandMarylandup to
the GeogeBanks: (fromthe S-PLus help-filefor thisdata.)

Souce: FromEckerandHeltshe(1994),who presenta
geostatisticahnalysisof the data.

N /
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Description

st rat a A factorindicatingthe NationalMarine Fisheries
Service(NMFS) 4 digit stratadesignatorn whichthe sample
wastaken.

sanpl e Samplenumbermperyearrangingfrom 1 to
approximately450.

| at Locationin termsof latitudeof eachsamplen the Atlantic
Ocean.

| ong Locationin termsof negative longitudeof eachsamplein
the Atlantic Ocean.

t cat ch totalnumberof scallopscaughtat theith sample
location. Thisis prerec+ recruits.

pr er ec Numberof scallopswhoseshelllengthis smallerthan
70 millimeters.

recr ui t s Numberof scallopswhoseshelllengthis 70
millimetersor larger.

N /
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L ocations of Sites

Plotlocationof sites(andUSA map):

> attach(scallops) ## attach the data:

Warning messages:
The functions and datasets in library section

library("maps")
> trellis.device()
> map(usa’,xlim=c(-7 4,- 71) ,y lim =c( 38. 2,4 1.5))
> points(long,lat)

For moreinformationonthe map function, type
help(map) attheprompt.

N

> library('maps’) ## use the map library in  S-PLUS:

maps are not supported by MathSoft. in:

~
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EDA of Total Catch

Thevariableof mostinterestis tcatch  (total catch).

Histogram

Thedistribution of tcatch  is highly right-skewed, asa
histogramof tcatch  shaows:

> histogram(tcatch,ni nt= 40)

Theamgumenmtint specifieghe numberof intervals(bars)
to use.

By lookingonly attcatch < 100, apeakatOis
obsenred:

> histogram(tcatchltc atc h<100],n int =15)

Thisis simply becauset somesitesthereareno scallops.
A bad’solution’ (andonevery oftenused)to this bimodal
behaior of thedatais to “log-plus-one”transformthe data:

> log.catch <- log(tcatch+1)
> histogram(log.catch ,ni nt= 10)

It doesnt fix the problem justdiminishest slightly.

N /
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|nterpolation; Levelplot and Contours

Thescallops datais non-griddeddata.

Thefunctions:

| nt er p() Interpolatesnon-griddeddatato agrid (seethe
help-filefor moredetailson the constructiorof thegrid).

| mage() Createsalevelplot(image,pixelplot). The
outputfrom interp  canbeusedasinput.

cont our () Drawscontourlines. Theoutputfrom
Interp  canbeusedasinput.

Example

> int.data <- interp(long,lat,lo g.c atc h)

> map('usa’,xlim=c(-7 35,7 1)yl im=c(3 8.2 ,41 .5) )

> image(int.data,add= T)

> image.legend(int.da ta, x=-72.75 ,y= 38. 8,5 =¢( 2,0 .2))
> contour(int.data,ad d=T,co |= 4)

> points(long,lat,pch =16,co |I= 8,c ex=0.8)

Theamgumentadd=T addsbothimageandcontourlinesto
currentplot.

N /
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Herearethe actualcommandsisedto createthe postscripfile
with theimageshaowvn below:

> trellis.device(posts cri pt, fil e='2 dim_scall ops.ps ’,

- horizontal=F,width=6, hei ght =6, col or=T)
> par(mar=c(0,0,0,0))

> map('usa’,xlim=c(-73 5, -71)y lim=¢(38.2 ,41 .1) )

> image(int.data,add=T )

> image.legend(int.dat a,x =-7 2.7 5,y= 38. 8,5 =¢( 2,0 .2) )

> contour(int.data,add =T, col =2)

> points(long,lat,pch= 16, col =8, cex=0.4)

> dev.off()
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‘ Detecting and Removing Trendsl

Beforeexploring andestimatingthe variogram, we needto
remove ary large-scaletrendsto meetthe requiremenbf
Intrinsic stationarity. Thatis, decomposéhesignalinto a
large-scaldrendanda small-scale@andomvariation.

-~

Fitting Trend Surfaces

Fit a smoothtrendsurfaceto the scallopsdatausingthe
loess function(local regressionmode):

> trend <- loess(log.catch ~ long*lat, span=0.75)

> trend

Call:

loess(formula = log.catch " long * lat, span = 0.75)
Number of Observations: 148

Equivalent Number of Parameters: 8.8

Residual Standard Error: 1.781

Multiple R-squared: 0.4

Residuals:

min 1st Q median 3rd Q max
-4.825 -1.242 -0.1849 0.9972 4.725
>

N /
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wherethespan amgumentspecifiegshe amountof
smoothingthefractionof the datausedto fit locally ata
givenpoint (valueof 0.50,0.25,and0.15werealsotried).

Othermethodancludemedianpolishing(for griddeddata),
seethehelponthefunctiontwoway .

Visualizing Trend Surfaces

Predicting

For prediction,we will createa50 x 50 rectangulagrid
usingtherangeof thedata:

> long.g <- seq(min(long),max(lo ng) ,le =50)
> lat.g <- seq(min(lat),max(l at) ,le =50)
> sc.grid <- expand.grid(long=lo ng. g,| at=lat .qg)

Thesc.grid  objectis adata.frame

Area Of Interest(AOl)

Ourrectangulagrid coverstheoriginal samplingsites,but
alsoextrapolatesoutsidethe areacoveredby the scallop
samplingsites.For plotting trendsurfaces andlaterfor
kriging prediction,we areonly interestedn area(s}hatthe
datarepresent /

N
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/OnesuchAOI IS acornvex hull aroundthe sites: (bon'Tt Do In
LAB)

> def.hull <- chull(long,lat) # T if site def hull
> my.hull  <- list(x=long[def.hul ], y=lat[def.hull])

> in.hull <- points.in.poly(sc.g rid $lo ng, sc. gri d$lat
+ my.hull)

>

in.hull IS thenalogical vectorspecifyingwhich grid

sitesarewithin the corvex hull.

| have alsodefinedanarea(a polygonusingthelocator
function)andthedefinitionis in thelist objectmy.area In
/home/gardar/pub/.Data . To find outwhichgrid
pointsarewithin my.area : (bon't Do IN LAB)

> in.area  <- points.in.poly(sc.g rid $lo ng, sc. gri d$lat
+ my.area)

To seethesetwo AOI: (Don'T Do IN LaB)

> map(usa’,xlim=c(-7 35,7 1)yl im=c(3 8.2 ,41.1) )

> points(sc.grid$long ,sc .gr id $la t,c ol= 7,c ex=0.4 ,p ch=
> points(long,lat,pch =16,co I= 8,c ex=0.4)

> polygon(my.area,lty =2,d=0,c ol= 2) ## the AOI

> polygon(my.hull,lty =3, d=0,c ol= 3) ## the convex hul

N /
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PredictandPlot

Now, predictusingtheloess-trendnthesc.grid  grid:
> pred <- predict(trend,sc.gr id)

andignorethe obsenationsoutsidethe areadefinedby

my.area :
NS /
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/> pred[!in.area] <- NA ## NA outside of AOI \
Plotthetrend:

> persp(x=long.g,y=la t.g ,pr ed,xI ab="lo ng",yl ab="l at"

In this casewe usedthepersp function,but we could
have usedtheimage function(asfor theinterpolateddata).
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‘Variograml

Empirical Variogram

ThemainS-PLuUs functionto computeempirical
variogramis variogram . Its agumentganddefaults)
are:

variogram(formula, data, subset, na.action,
lag, nlag=20, tol.lag=lag/2, azimuth=0,
tol.azimuth=90, bandwidth=1e21, maxdist,
minpairs=6, method="classical")

where(seealsothe help-filefor variogram ):
f or rul a Formuladefiningtheresponseandthe predictors.

dat a An optionaldataframein whichto find the objectsmentionedn
formula.

| ag A numericvalue,thewidth of thelags.If missing,lagis setto
maxdist/nlag.

nl ag An integer, the maximumnumberof lagsto calculate.
tol .1 ag A numericvalue,thedistanceolerance.

azi mut h A vectorof directionanglesn degreesmeasurealockwise
from North. A separatevariogramwill be estimatedor each

\ direction.

~

/
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/tol .azi mut h Angletolerancan degrees.A tol.azimuthof 90 or \
greater(thedefault) resultsin anomnidirectionalvariogram.

maxdi st Themaximumdistanceo includein thereturnedoutput. The
defaultis half the maximumdistancan the data.

m npai rs Theminimumnumberof pairsof points(minimumvaluefor
np) thatmustbe usedin calculatinga variogramvalue.If npis less
thanminpairsthenthatvalueis droppedfrom the variogram.

met hod A charactestringto selectthe methodfor estimatingthe
variogram.The possiblevaluesare”classical”for Matherons (1963)
estimateand’robust” for CressieandHawkin’s (1980)robust
estimator Only thefirst characteof the stringneeddo begiven.

Notel: Thefunctionvariogram computeghe
semivarigram (y(-)), but notthevariogram(2y(-)).

Note2: In additionto variogram , thereareboth
covariogram , for covarianceestimationand
correlogram , for correlation.

N /
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Thescal | ops Data

OmnidirectionalVariogram

As we saw in EDA of thescallops  data,thereis atrend
thatneedgo beremovedto make thelog(tcatch+1)
procesg’more’) intrinsically stationary

> |og.catch.res <- log(tcatch+1) - predict(trend)
Let’s plot log.catch.res to view thesmall-scale
randomproces®f interest:(pon't Do IN LAB)

> int.res <- interp(long,lat,log .ca tch .re s)

> map(usa’,xlim=c(-7 35,7 1)yl im=c(3 8.2 ,41.1) )
> image(int.res,add=T )

> contour(int.res,add =T, col =4)

> points(long,lat,pch =16,co I= 8,c ex=0.8)

Youwill noticelittle trend,but spatialpattern(areasof low
andhighresiduals).

N

~
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Assumeanisotropic spatialvariationandcompute and
plot, theempirical variogrant

KZ 0.14690005

> vl <- variogram(log.catch I es 7 loc(long,lat),
+ method="r")
> v1[1:5]] ## show the first 5 lines

distance gamma np azimuth
1 0.08295816 1.295506 155 0
1.905280 290 0

Spring2000

GardarJohannesson
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/3 0.21910418 2.935881

~

\> plot(v2)

404 0
4 0.28922939 2.630932 458 0
5 0.36211783 2.880160 541 0
> plot(vl,main="After trend-removing’) ## plot it
Whatis goingon?!
After trend-removing
o
£
=
S
o
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
distance
Considemow thislooksfor log(tcatch+1)
> v2 <- variogram(log(tcatc h+1) ~ loc(long,lat),
+ method="r’)
## not shown

Spring2000
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DirectionalVariogram

Thevariogram functioncanbeusedto compute
empiricaldirectionalvariogramsay specifyingthe
azimuth amument(vectorof angles):(pon't Do In LAB)

> v3 <- variogram(log.catch. res = loc(long,lat),
+ azimuth=c(0,45,90,13 5),
+ tol.azimuth=11.25, method=r")
> plot(v3,main="After trend-removing’)

After trend-removing

0.0 0.4 0.8 1.2

\ \ L \ \ \ \
90 135

gamma
|
o
I
o

45

o N £ » (o]
\
\

0.0 0.4 0.8 1.2

distance

N /
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~

/Notetheslightdifferencein thedirectionalvariograms.

We needto correctfor anisotiopy— rotateandscalethe
axes.Checkingfor anisotroy canbedonewith thefunction
anisotropy.plot . As anexample let’'s rotatethe axis
by 45 degreesandtry differentscaling:(oon't Do In Las)

> anisotropy.plot(log .ca tch .r es ~ loc(long,lat),
+ angle=2*22.5,

+ ratio=seq(1,by=0.25, le= 12) ,
+ method="r’,layout=c( 3,4))

A rotationof 45 deggreesanda scallingof 2 seamdo give
satisfyingresult(seefigure on next page).

N /

Spring2000 GardarJohannesson Page22




Part 3 — SpatialStatistics

4 N

3.25 3.5 3.75
3.5
3.0
2.5
2.0
1.5
T T T T T T T T T T T T T T
0.5 1.0 1.5 2.0 0.5 1.0 15 2.0 2 0.5 1.0 1.5 2.0 2.5
25 2.75 3
3.5
3.0
2.5
2.0
1.5
CG T T T T T T T T T T T
E 0.5 1.0 1.5 0.5 1.0 15 2.0 0.5 1.0 1.5 2.0
© 1.75 2 2.25
(@)]
3.5
3.0
25
2.0
1.5
T T T T T T T T T T T T T
02 04 06 08 10 12 14 0.5 1.0 1.5 0.5 1.0 1.5
1 1.25 1.5
35
3.0
2.5
2.0
1.5
T T T T T T T T T T T T T T T T T T T T T
0.2 0.6 1.0 1.4 02 04 06 08 10 12 14 02 04 06 08 10 12 14
distance

Correctingfor Anisotiopy

Thegeneraformatof theloc functionusedin
variogram is:

loc(x, y, angle=0, ratio=1)

Theangle andratio amgumentstanbeusedto correct

N /
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/for anisotropy. Theinputspatiallocationsarerotated, \
scaled androtatedbackto correctfor geometricanisotropy
definedby angleof anisotroy andtheratio. For example,
usinganangleof 45 degreesandaratio of 2, resultsin the
following directionalvariograms:

> v.f <- variogram(log.catch. res lo c(l ong,la tia =45,
+ azimuth=c(0,45,90,1 35) ,

+ tol.azimuth=45/4, method="r")

> plot(v.f,main="Angl e=45, Ratio=2’)

:2) ,

N /
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Angle=45, Ratio=2

0.0 0.5 1.0 15
B | | | BT | |
_ — 6
_ — 5
= — 4
_ — 3
| — 2
g = 1
_ — 0
5 L
4 — L
3 L
2 L
1 L
0 - \ \ \ \ \ 3
0.0 0.5 1.0 15
distance
Theempiricalvariogramthatwe will useis then:
> v.use <- variogram(log.catc h.r es” loc (lo ng, lat ,a =45
+ method="r")
> plot(v.use) ## not shown in notes

N /
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Fitting Theoretical Variograms

S+SPATIALSTATS providesfunctionsfor common
theoreticalvariograms:

exp. vgr am An exponentialvariogram.

spher . vgram A sphericalvariogram.

gaus. vgr am A gaussiarvariogram.

| i near. vgram A linearvariogram.

power . vgram A powervariogram.

For example thespher.vgram functionis:

> spher.vgram

function(distance, range, sill = 1, nugget = 0)
{
distance  <- distance/range
nugget + sill * ifelse(distance < 1,
(1.5 * distance - 0.5 * distance”
3, 1)

}

Thatis, thefunctionhasagumentslistance , range ,
sill  (bydefault1),andnugget (by defaultO).

Thenodel . var i ogr amFunction

It is possibleto fit avariogrammodelto anempirical

~

\variograminteractively(i.e., by specifyingthe parameters /

Spring2000 GardarJohannesson
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~

Interactvely throughvisualmatchingof thetheoretical
variogramdo theempiricalvariogram.This is doneby
usingthefunctionmodel.variogram (seethe help-file).

Fitting UsingNonlinearLeastSquaes

Usetheweightedeastsquaesestimatorof Cressig1985),
givenby minimizing

K (i 2
S~ IN(R()) ( v (’”) 1)

= y(h(j);0

Thefirst stepin usingthis approacho fit atheoretical
variogramis to write a functionto computetheresiduals
(thesquareaoot of thetermsin the sum). For the spherical
variogram this functionis:

spher.wfun  <- function(gamma,dis tan ce, np,
range,sill,nugget)
{
gamma.hat <- spher.vgram(distance sra nge,si Il, nugge
sqrt(np) * (gamma/gamma.hat - 1)

}

Then,usethenls functionto fit anon-lineamodelby
minimizing residualsumof squares:

\> fit.var <- nls("spher.wfun(gam ma, dis tan ce, /

Spring2000 GardarJohannesson Page27
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nugget)

Parameters:
Value Std. Error t value
range 0.681931 0.0725497 9.39951
sill 2.386900 0.2201930 10.84000
nugget 0.701372 0.2178590 3.21939

Residual standard error: 1.54461 on
17 degrees of freedom

Correlation of Parameter Estimates:
range sill
sill -0.545
nugget 0.676 -0.958
>

Plotthefitted variogram:

> plot(v.use)
> dist.use <- seq(0,max(v.usesdi s), le= 100)
> lines(dist.use,sphe rv gra m(dis t.u se,
\+ range=0.6819,sill=2 .3 87, nugget =0. 701 3))

/+ np,range,sill,nugget ,
+ data=v.use, start=list(range=0.6 :
+ sill=2,nugget=1))
>
> summary(fit.var)

Formula: ~ spher.wfun(gamma, distance, np, range, Si

)

J
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gamma

0.0 0.5 1.0 15

distance

Note: It is alwaysanissueasto whatshouldbetakenas
deterministicrendandwhatis arandomprocesgwith
spatialdependence)A non-flexible trendleavesbehinda
lot of structureto be modeledasarandomprocesghat
couldviolatetheinstrinsicstationaryassumptiorof the
processCorversely avery flexible trendsurfacedoesnt
leave very muchfor therandomprocess.

N /
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‘Krigingl

S+SPATIALSTATS usesthetwo functionskrige and
predict.krige to do bothordinary anduniveisal
Kriging.

Fitting

Basedon the exampleof the scallopswe fit:

Coefficients:
constant
-0.2965647

Number of observations: 148

KRecaIIthatothercovariancefunctionsareavailablein

> K.fit <- krige(log.catch.re s ~ loc(long,lat,a=45,r
+ covfun=spher.cov,
+ range=0.6819,sill= 2.3 87, nugget =0.70
> K.fit
Call:
krige(formula = log.catch.res ~ loc(long, |at,

a =45 r = 2), covfun = spher.cov, range

= 0.6819, il = 2.387, nugget = 0.7013)

~

F2)

13)

/
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/S+SPATIALSTATS, suchasexp.cov andgauss.cov \

(Theusercanalsoconstructhis ownvariogramandcovariancefunctions.)

Predicting

Thefunctionpredict.krige predicts,by default,ona
30 x 30 grid definedby therangeof thedata.To predicton

1st Qu.:-0.6021
Median:-0.2966

Grrors(se.fit)

This functiongivesbothfitted values(fit
. Theobjectk.pred isadata.frame /

thesc.grid  grid, createdbefore,enter:
> k.pred <- predict(k.fit,sc.gri d)
> summary(k.pred)
long lat
Min.:-73.70 Min.:38.60
1st Qu.:-73.17 1st Qu.:39.17
Median:-72.61 Median:39.76
Mean:-72.61 Mean:39.76
3rd Qu.:-72.05 3rd Qu.:40.35
Max.:-71.52 Max.:40.92
fit se.fit
Min.:-2.7890 Min.:0.5013

1st Qu.:1.1990
Median:1.5540

Mean:-0.2865 Mean:1.4950
3rd Qu.:-0.1374 3rd Qu.:1.7920
Max.: 2.9410 Max.:1.7920

) andstandard

Spring2000
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~

/It IS easyto plot thefitted values(e.g.,usingafunctionfrom
thetrellis plotting library):

> k.pred$fit[lin.area ] <- NA ## NA outsie of AOI
> levelplot(fit ~ long*lat,data=k.pred :

+ contour=T,pretty=T)
41.0 ‘ ‘ - T
-k ° ij%
40.5 )0 /zo R
s o o5
) 05 —— .,
-0’50

lat

40.0 ! 0:
-12%)%5 0

395 f _ -
-1 7 ‘44‘ L4
j i
39.0 =0

\ \ \ \ \
-73.5 -73.0 -72.5 -72.0 -71.5

long

For the standarcerrors(addingthe sites’locations) enter:
(DON’'T DO IN LAB)

\> k.pred$se.fit[lin.a rea] <- NA /
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/> levelplot(se.fit long*lat,data=k.pred :

(Notetheonegrid pointwith muchlower SEthanthe others.)

41.0 — -

40.5 — L

40.0 L

lat

39.5 —

39.0 L

\ \ \ \ \
-73.5 -73.0 -72.5 -72.0 -71.5

long

\needto addbackthetrendto thekriging values:

— 14
— 13
12
11
— 1.0
— 0.9
— 0.8

— 0.7

I )

~

+ panel=function(x,y,. N

+ panel.levelplot(x, Y,. ..)

+ panel.xyplot(long, lat ,co I=4 ,ce x=1,p ch=
+ })

To predictlog(tcatch + 1), thelog.catch  variable,we

16)

/
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/> k.pred$pred <- predict(trend,sc.g rnd ) + k.pred$fit\
> k.pred$pred[lin.are a] <- NA ## NA outside of AOI
Thenwe plot:
> levelplot(pred ~ long*lat,data=k.pre d,

+ contour=T,pretty=T)
41.0 — ' — —
40.5
40.0
ks
39.5
39.0

-73.5 -73.0 -72.5 -72.0 -71.5
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Diagnostics

Cross-\lidation

Thefollowing functiondoescross-alidation(CV) for a
krige object(asdiscussedn class):

cv.krige <- function(obj,fit.dat a) {
## obj is the output from krige()
n <- nrow(fit.data)
fit.all <- predict(obj,newdata =fi t.d ata )$f it
fit <- se <- numeric(n)
for(i in 1:.n) {
cat("doing observation",i,"\n")

drop

new.krige  <- update(obj,data=fi td ata [-i ,])  ##
pred <- predict(new.krige,ne wdata= fit .da ta] i, ])
fit[i] <- pred$fit[1]
se[i] <- pred$se.fit[1]
}
res <- (fitall - fit)/se ## stand.  diff.
data.frame(fit.all = fit.all, fit = fit,
res = res, Se = se)
}
(Thisfunctionis avilable in /nome/gardar/pub/.D ata )
In our case:
> fit.data <- data.frame(log.cat ch. res ,lo ng, lat )
\> k.fit.cv <- cv.krige(k.fit,fit .da ta) J
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Part 3— SpatialStatistics

/I\/Iake a histogramanda Q-Q plot of the standardized
difference(thecolumnres in theoutput):

> histogram(k.fit.cv$ res )

> gn <- qgnorm(k.fit.cvéres p lot =F)

> plot(gn$x,qndy,type ="n",x la b=" Norm", yla b="CV")
> text(gn$x,qndy,1:14 8)

> qgline(k.fit.cv$res )

Obsenationnumber68 sticksout:

> scallops[68,]

strata  sample lat long tcatch  prerec
68 6270 139 39.71667 -72.85 0 0
recruits
68 0

>

Obsenation68 hadzeroscallopsobsered.
Whereis obsenation68: (bon'T Do In LaB)

> plot(long,lat,type= mn )
> points(long[68],lat [68 ],p ch=16,co I=2 ,ce x=2)
> text(long,lat,tcatc h,c ex=0. 8)

It is now not surprisingthatobsenation 68 (labeledwith
bluedot) hasa high CV residualsinceits countis very
differentfrom the high countsof its nearneighbors.
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Part 3— SpatialStatistics
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