
Pa
rt3

—
S

p
a

tia
lS

ta
tistics

S
-P

L
U

S
S
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S

+
S

P
A

T
IA

LS
TA

T
S

T
hesenotesare

m
ostly

basedon

�

S
+

S
P

A
T

IA
LS

TA
T

S
U

ser’s
M

anual,version1.0
(1996).

M
athS

oft,Inc.
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tistics

T
he

S
+
S
P
A
T
I
A
L
S
T
A
T
S

M
odule

S
+

S
P

A
T

I
A

L
S

T
A

T
S

is
an

a
d

d
-o

nm
oduleto

the
S

-P
L

U
S

system
(i.e.,it

is
boughtseparately).It

hasm
ethodsfor

the

threem
ain

typesofspatialdata:

�

G
e

o
sta

tistica
ldata.

�

L
a

ttice
data.

�

S
p

a
tia

lPo
in

tPa
tte

rn
s

O
n

the
otherhand,version1.5

(current)is
designedfor

tw
o-dim

ensionaldataand
doesnotinclude

any
m

ethodsfor

the
analysisofsp

a
tio

-te
m

p
o

raldata.

Starting
S
+
S
P
A
T
I
A
L
S
T
A
T
S

To
startthe

spatialm
odulein

S
-P

L
U

S
type

atthe
S

-P
L

U
S

prom
pt:

>
m

o
d

u
le

(sp
a

tia
l)

and
the

m
oduleis

available.It
can

be
u

n
lo

a
d

e
d

(deactivated)by
the

com
m

and:

>
m

o
d

u
le

(sp
a

tia
l,u

n
lo

a
d

=
T

)
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T
he

Schedule

T
he

third
partofthis

S
-P

L
U

S
S

hortC
oursew

ill
cover:

E
D

A
of

SpatialD
ata

E
xploratoryD

ata
A

nalysisthrough

graphicsin
S

-P
L

U
S

.
Tw

o
datasetsw

ill
be

used;the

sca
llo

p
s

(non-gridded)dataw
ill

be
ourprim

ary

dataand
the

co
a

l.a
sh

(gridded)secondary.

T
rend

T
rend

estim
ationand

rem
oval.

V
ariogram

E
m

piricalvariogram
s,detectingand

correcting

for
anisotropy,and

fitting
theoreticalvariogram

m
odels.

K
riging

C
om

putingkriging
predictionsand

standard

errors,and
plotting.
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s
c
a
l
l
o
p
s

E
D

A

T
he

s
c
a
l
l
o
p
s

D
ata

“T
he

scallopsdatafram
e

is
a

spatialdatasetlisting
the

catchof

scallopsfrom
a

1990
N

ationalM
arine

F
isheriesS

ervicetraw
l

survey
in

the
A

tlantic
O

cean.T
he

survey
arearunsfrom

the

D
elm

arva
P

eninsulaoff
the

coastofV
irginia

and
M

aryland
up

to

the
G

eorge
B

anks.”
(from

the
S

-P
L

U
S

help-file
for

this
data.)

S
o

u
rce

:F
rom

E
ckerand

H
eltshe(1994),w

ho
presenta

geostatisticalanalysisofthe
data.
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D
e

scrip
tio

n

s
t
r
a
t
a

A
factorindicating

the
N

ationalM
arine

F
isheries

S
ervice(N

M
F

S
)4

digitstratadesignatorin
w

hich
the

sam
ple

w
astaken.

s
a
m
p
l
e

S
am

plenum
berperyearrangingfrom

1
to

approxim
ately450.

l
a
t

Location
in

term
soflatitude

ofeachsam
plein

the
A

tlantic

O
cean.

l
o
n
g

Location
in

term
sofnegative

longitudeofeachsam
plein

the
A

tlantic
O

cean.

t
c
a
t
c
h

totalnum
berofscallopscaughtatthe

ith
sam

ple

location.T
his

is
prerec+

recruits.

p
r
e
r
e
c

N
um

berofscallopsw
hoseshelllength

is
sm

allerthan

70
m

illim
eters.

r
e
c
r
u
i
t
s

N
um

berofscallopsw
hoseshelllength

is
70

m
illim

etersorlarger.
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L
ocations

of
Sites

P
lotlocation

ofsites(and
U

S
A

m
ap):

>
a

tta
ch

(sca
llo

p
s)

#
#

a
tta

ch
th

e
d

a
ta

:

>
lib

ra
ry(’m

a
p

s’)
#

#
u

se
th

e
m

a
p

lib
ra

ry
in

S
-P

L
U

S
:

W
a

rn
in

g
m

e
ssa

g
e

s:

T
h

e
fu

n
ctio

n
s

a
n

d
d

a
ta

se
ts

in
lib

ra
ry

se
ctio

n

m
a

p
s

a
re

n
o

t
su

p
p

o
rte

d
b

y
M

a
th

S
o

ft.
in

:

lib
ra

ry("m
a

p
s")

>
tre

llis.d
e

vice
()

>
m

a
p

(’u
sa

’,xlim
=

c(-7
4

,-7
1

),ylim
=

c(3
8

.2
,4

1
.5

))

>
p

o
in

ts(lo
n

g
,la

t)

Form
ore

inform
ation

on
the

m
a

p
function,type

h
e

lp
(m

a
p

)
atthe

prom
pt.
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E
D

A
of

TotalC
atch

T
he

variableofm
ostinterestis

tca
tch

(totalcatch).

H
istog

ra
m

T
he

distribution
of

tca
tch

is
highly

right-skew
ed,asa

h
istog

ra
m

of
tca

tch
show

s:

>
h

isto
g

ra
m

(tca
tch

,n
in

t=
4

0
)

T
he

argum
entn

in
t

specifiesthe
num

berofintervals
(bars)

to
use.

B
y

looking
only

at tca
tch

<
1

0
0

,a
p

e
a

kat0
is

observed:

>
h

isto
g

ra
m

(tca
tch

[tca
tch

<
1

0
0

],n
in

t=
1

5
)

T
his

is
sim

ply
becauseatsom

esitesthereare
no

scallops.
A

bad
’solution’(and

one
very

often
used)to

this
bim

odal
behavior

ofthe
datais

to
“log-plus-one”transform

the
data:

>
lo

g
.ca

tch
<

-
lo

g
(tca

tch
+

1
)

>
h

isto
g

ra
m

(lo
g

.ca
tch

,n
in

t=
1

0
)

It
doesn’tfix

the
problem

,justdim
inishesit

slightly.
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Interpolation;
L

evelplot
and

C
ontours

T
he

sca
llo

p
s

datais
non-griddeddata.

T
he

functions:

i
n
t
e
r
p
(
)

In
te

rp
o

la
te

snon-griddeddatato
a

grid
(seethe

help-file
for

m
ore

detailson
the

constructionofthe
grid).

i
m
a
g
e
(
)

C
reatesa

levelplot(im
age,pixelplot).T

he

outputfrom
in

te
rp

can
be

usedasinput.

c
o
n
t
o
u
r
(
)

D
raw

s
contour-lines.T

he
outputfrom

in
te

rp
can

be
usedasinput.

E
xa

m
p

le

>
in

t.d
a

ta
<

-
in

te
rp

(lo
n

g
,la

t,lo
g

.ca
tch

)

>
m

a
p

(’u
sa

’,xlim
=

c(-7
3

.5
,-7

1
),ylim

=
c(

3
8

.2
,

4
1

.5
))

>
im

a
g

e
(in

t.d
a

ta
,a

d
d

=
T

)

>
im

a
g

e
.le

g
e

n
d

(in
t.d

a
ta

,x=
-7

2
.7

5
,y=

3
8

.8
,s=

c(2
,0

.
2

))

>
co

n
to

u
r(in

t.d
a

ta
,a

d
d

=
T

,co
l=

4
)

>
p

o
in

ts(lo
n

g
,la

t,p
ch

=
1

6
,co

l=
8

,ce
x=

0
.

8
)

T
he

argum
enta

d
d

=
T

a
d

d
sboth

im
ageand

contourlines
to

currentplot.
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H
ere

are
the

actualcom
m

andsusedto
createthe

postscriptfile
w

ith
the

im
ageshow

n
below

:

>
tre

llis.d
e

vice
(p

o
stscrip

t,file
=

’2
d

im
_

sca
llo

p
s.

p
s’,

+
h

o
rizo

n
ta

l=
F

,w
id

th
=

6
,h

e
ig

h
t=

6
,co

lo
r=

T
)

>
p

a
r(m

a
r=

c(0
,0

,0
,0

))

>
m

a
p

(’u
sa

’,xlim
=

c(-7
3

.5
,-7

1
),ylim

=
c(3

8
.2

,
4

1
.1

))

>
im

a
g

e
(in

t.d
a

ta
,a

d
d

=
T

)

>
im

a
g

e
.le

g
e

n
d

(in
t.d

a
ta

,x=
-7

2
.7

5
,y=

3
8

.8
,s=

c(2
,0

.
2

))

>
co

n
to

u
r(in

t.d
a

ta
,a

d
d

=
T

,co
l=

2
)

>
p

o
in

ts(lo
n

g
,la

t,p
ch

=
1

6
,co

l=
8

,ce
x=

0
.4

)

>
d

e
v.o

ff()

0
2

4
6

8

2

2

2

4

4

4

4

4

4

6
6

6

6

6

6
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D
etecting

and
R

em
oving

T
rends

B
efore

exploring
and

estim
atingthe

va
riog

ra
m

,w
e

needto

rem
ove

any
la

rge
-sca

letrendsto
m

eetthe
requirem

entof

in
trin

sic
sta

tio
n

a
rity.T

hatis,decom
posethe

sig
n

a
linto

a

large-scaletrend
and

a
sm

all-scalerandom
variation.

F
itting

T
rend

Surfaces

F
ita

sm
o

o
thtrend

surfaceto
the

scallopsdatausing
the

lo
e

ss
function

(lo
ca

lreg
re

ssio
nm

o
d

e
l):

>
tre

n
d

<
-

lo
e

ss(lo
g

.ca
tch

˜
lo

n
g

*la
t,

sp
a

n
=

0
.7

5
)

>
tre

n
d

C
a

ll:

lo
e

ss(fo
rm

u
la

=
lo

g
.ca

tch
˜

lo
n

g
*

la
t,

sp
a

n
=

0
.7

5
)

N
u

m
b

e
r

o
f

O
b

se
rva

tio
n

s:
1

4
8

E
q

u
iva

le
n

t
N

u
m

b
e

r
o

f
P

a
ra

m
e

te
rs:

8
.8

R
e

sid
u

a
l

S
ta

n
d

a
rd

E
rro

r:
1

.7
8

1

M
u

ltip
le

R
-sq

u
a

re
d

:
0

.4

R
e

sid
u

a
ls:

m
in

1
st

Q
m

e
d

ia
n

3
rd

Q
m

a
x

-4
.8

2
5

-1
.2

4
2

-0
.1

8
4

9
0

.9
9

7
2

4
.7

2
5

>
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w
herethe

sp
a

n
argum

entspecifiesthe
am

ountof

sm
o

o
th

in
g,the

fraction
ofthe

datausedto
fit

locally
ata

given
point(value

of0.50,0.25,and
0.15

w
ere

also
tried).

O
therm

ethodsinclude
m

e
d

ia
np

o
lish

in
g

(for
griddeddata),

seethe
help

on
the

function
tw

o
w

a
y

.

V
isualizing

T
rend

Surfaces

P
re

d
ictin

g

Forprediction,w
e

w
ill

createa��
���

rectangularg
rid

using
the

rangeofthe
data:

>
lo

n
g

.g
<

-
se

q
(m

in
(lo

n
g

),m
a

x(lo
n

g
),le

=
5

0
)

>
la

t.g
<

-
se

q
(m

in
(la

t),m
a

x(la
t),le

=
5

0
)

>
sc.g

rid
<

-
e

xp
a

n
d

.g
rid

(lo
n

g
=

lo
n

g
.g

,la
t=

la
t.g

)

T
he

sc.g
rid

objectis
a

d
a

ta
.fra

m
e

.

A
re

a
O

fIn
te

re
st(A

O
I)

O
urrectangulargrid

coversthe
originalsam

plingsites,but

also
extra

p
o

la
te

soutsidethe
areacoveredby

the
scallop

sam
plingsites.Forplotting

trend
surfaces,and

laterfor
kriging

prediction,w
e

are
o

n
ly

interestedin
area(s)thatthe

datare
p

re
se

n
t.
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O
ne

suchA
O

Iis
a

co
nvex

h
u

llaroundthe
sites:(D

O
N

’T
D

O
IN

L
A

B
)

>
d

e
f.h

u
ll

<
-

ch
u

ll(lo
n

g
,la

t)
#

#
T

if
site

d
e

f
h

u
ll

>
m

y.h
u

ll
<

-
list(x=

lo
n

g
[d

e
f.h

u
ll],

y=
la

t[d
e

f.h
u

ll])

>
in

.h
u

ll
<

-
p

o
in

ts.in
.p

o
ly(sc.g

rid
$

lo
n

g
,sc.g

rid
$

la
t,

+
m

y.h
u

ll)

>in
.h

u
ll

is
then

a
lo

g
ica

lvectorspecifyingw
hich

grid

sitesare
w

ithin
the

convex
hull.

I
have

also
definedan

area(a
polygon

using
the

lo
ca

to
r

function)and
the

definition
is

in
the

listobjectm
y.a

re
a

in
/h

o
m

e
/g

a
rd

a
r/p

u
b

/.D
a

ta
.To

find
outw

hich
grid

pointsare
w

ithin
m

y.a
re

a
:

(D
O

N
’T

D
O

IN
L

A
B

)

>
in

.a
re

a
<

-
p

o
in

ts.in
.p

o
ly(sc.g

rid
$

lo
n

g
,sc.g

rid
$

la
t,

+
m

y.a
re

a
)

To
seethesetw

o
A

O
I:

(D
O

N
’T

D
O

IN
L

A
B

)

>
m

a
p

(’u
sa

’,xlim
=

c(-7
3

.5
,-7

1
),ylim

=
c(

3
8

.2
,

4
1

.1
))

>
p

o
in

ts(sc.g
rid

$
lo

n
g

,sc.g
rid

$
la

t,co
l

=
7

,ce
x=

0
.4

,
p

ch
=

3
)

>
p

o
in

ts(lo
n

g
,la

t,p
ch

=
1

6
,co

l=
8

,ce
x=

0
.

4
)

>
p

o
lyg

o
n

(m
y.a

re
a

,lty=
2

,d
=

0
,co

l=
2

)
#

#
th

e
A

O
I

>
p

o
lyg

o
n

(m
y.h

u
ll,lty=

3
,d

=
0

,co
l=

3
)

#
#

th
e

co
n

ve
x

h
u

ll
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P
re

d
icta

n
d

P
lo

t

N
ow

,predictusing
the

loess-trendon
the

sc.g
rid

grid:

>
p

re
d

<
-

p
re

d
ict(tre

n
d

,sc.g
rid

)

and
ignore

the
observationsoutsidethe

areadefinedby
m

y.a
re

a
:
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>
p

re
d

[!in
.a

re
a

]
<

-
N

A
#

#
N

A
o

u
tsid

e
o

f
A

O
I

P
lotthe

trend:

>
p

e
rsp

(x=
lo

n
g

.g
,y=

la
t.g

,p
re

d
,xla

b
=

"l
o

n
g

",
yla

b
=

"
la

t")

In
this

case,w
e

usedthe
p

e
rsp

function,butw
e

could

have
usedthe

im
a

g
e

function
(asfor

the
interpolateddata).

-73.5
-73

-72.5
-72

long

�

39�

39.5

�

40�

40.5

�

lat

�
-4 -2  0 2 4 6

Z
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Variogram

E
m

piricalV
ariogram

T
he

m
ain

S
-P

L
U

S
function

to
com

putee
m

p
irica

l
variogram

is
va

rio
g

ra
m

.Its
argum

ents(and
defaults)

are:

va
rio

g
ra

m
(fo

rm
u

la
,

d
a

ta
,

su
b

se
t,

n
a

.a
ctio

n
,

la
g

,
n

la
g

=
2

0
,

to
l.la

g
=

la
g

/2
,

a
zim

u
th

=
0

,

to
l.a

zim
u

th
=

9
0

,
b

a
n

d
w

id
th

=
1

e
2

1
,

m
a

xd
ist,

m
in

p
a

irs=
6

,
m

e
th

o
d

=
"cla

ssica
l")

w
here(seealso

the
help-file

for
va

rio
g

ra
m

):

f
o
r
m
u
l
a

Form
ula

defining
the

responseand
the

predictors.

d
a
t
a

A
n

optionaldatafram
e

in
w

hich
to

find
the

objectsm
entionedin

form
ula.

l
a
g

A
num

ericvalue,the
w

idth
ofthe

lags.If
m

issing,lag
is

setto
m

axdist/nlag.

n
l
a
g

A
n

integer,the
m

axim
um

num
beroflagsto

calculate.

t
o
l
.
l
a
g

A
num

ericvalue,the
distancetolerance.

a
z
i
m
u
t
h

A
vectorofdirection

anglesin
degrees,m

easuredclockw
ise

from
N

orth.A
separatevariogram

w
ill

be
estim

atedfor
each

direction.
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t
o
l
.
a
z
i
m
u
t
h

A
ngle

tolerancein
degrees.A

tol.azim
uthof90

or
greater(the

default)resultsin
an

om
nidirectionalvariogram

.

m
a
x
d
i
s
t

T
he

m
axim

um
distanceto

include
in

the
returnedoutput.T

he

defaultis
halfthe

m
axim

um
distancein

the
data.

m
i
n
p
a
i
r
s

T
he

m
inim

um
num

berofpairsofpoints(m
inim

um
value

for
np)thatm

ustbe
usedin

calculatinga
variogram

value.If
np

is
less

than
m

inpairsthen
thatvalue

is
droppedfrom

the
variogram

.

m
e
t
h
o
d

A
characterstring

to
selectthe

m
ethodfor

estim
atingthe

variogram
.T

he
possiblevaluesare

”classical”for
M

atheron’s
(1963)

estim
ateand

”robust”for
C

ressieand
H

aw
kin’s

(1980)robust

estim
ator.O

nly
the

firstcharacterofthe
string

needsto
be

given.

N
o

te
1

:
T

he
function

va
rio

g
ra

m
com

putesthe

se
m

iva
riog

ra
m

(� 	 
� ),butnotthe
variogram

(�� 	 
� ).
N

o
te

2
:

In
addition

to
va

rio
g

ra
m

,thereare
both

co
va

rio
g

ra
m

,for
covarianceestim

ation,and

co
rre

lo
g

ra
m

,for
correlation.
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T
he

s
c
a
l
l
o
p
s

D
ata

O
m

n
id

ire
ctio

n
a

lVa
rio

g
ra

m

A
s

w
e

saw
in

E
D

A
ofthe

sca
llo

p
s

data,thereis
a

tre
n

d
thatneedsto

be
rem

oved
to

m
ake

the
lo

g
(tca

tch
+

1
)

process(’m
ore’)

in
trin

sica
lly

sta
tio

n
a

ry:

>
lo

g
.ca

tch
.re

s
<

-
lo

g
(tca

tch
+

1
)

-
p

re
d

ict(tre
n

d
)

Let’s
plotlo

g
.ca

tch
.re

s
to

view
the

sm
a

ll-sca
le

random
processofinterest:(D

O
N

’T
D

O
IN

L
A

B
)

>
in

t.re
s

<
-

in
te

rp
(lo

n
g

,la
t,lo

g
.ca

tch
.re

s)

>
m

a
p

(’u
sa

’,xlim
=

c(-7
3

.5
,-7

1
),ylim

=
c

(3
8

.2
,

4
1

.1
))

>
im

a
g

e
(in

t.re
s,a

d
d

=
T

)

>
co

n
to

u
r(in

t.re
s,a

d
d

=
T

,co
l=

4
)

>
p

o
in

ts(lo
n

g
,la

t,p
ch

=
1

6
,co

l=
8

,ce
x=

0
.8

)

Y
ou

w
ill

notice
little

trend,butspatialpattern(areasoflow

and
high

residuals).

S
pring

2000
G

ardarJohannesson
Page18



Pa
rt3

—
S

p
a

tia
lS

ta
tistics

-4

-2-2

-2-2 -2

-2

-2
-2

-2

 0

 0

 0

 0 0 0

2
2

2

2 2
2

2
2

2

2

A
ssum

ean
iso

tro
p

ic
spatialvariation

and
com

pute,and
plot,the

e
m

p
irica

lva
riog

ra
m

:

>
v1

<
-

va
rio

g
ra

m
(lo

g
.ca

tch
.re

s
˜

lo
c(lo

n
g

,la
t),

+
m

e
th

o
d

=
’r’)

>
v1

[1
:5

,]
#

#
sh

o
w

th
e

first
5

lin
e

s

d
ista

n
ce

g
a

m
m

a
n

p
a

zim
u

th

1
0

.0
8

2
9

5
8

1
6

1
.2

9
5

5
0

6
1

5
5

0

2
0

.1
4

6
9

0
0

0
5

1
.9

0
5

2
8

0
2

9
0

0
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3
0

.2
1

9
1

0
4

1
8

2
.9

3
5

8
8

1
4

0
4

0

4
0

.2
8

9
2

2
9

3
9

2
.6

3
0

9
3

2
4

5
8

0

5
0

.3
6

2
1

1
7

8
3

2
.8

8
0

1
6

0
5

4
1

0

>
p

lo
t(v1

,m
a

in
=

’A
fte

r
tre

n
d

-re
m

o
vin

g
’)

#
#

p
lo

t
it

W
hatis

going
on?!

A
fter trend-rem

oving

distance

gamma


0.0
0.2

0.4
0.6

0.8
1.0

1.2
1.4

0 1 2
�

3
�

C
onsiderhow

this
looks

for
lo

g
(tca

tch
+

1
)

:

>
v2

<
-

va
rio

g
ra

m
(lo

g
(tca

tch
+

1
)

˜
lo

c(lo
n

g
,la

t),

+
m

e
th

o
d

=
’r’)

>
p

lo
t(v2

)
#

#
n

o
t

sh
o

w
n
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D
ire

ctio
n

a
lVa

rio
g

ra
m

T
he

va
rio

g
ra

m
function

can
be

usedto
com

pute
em

piricald
ire

ctio
n

a
lvariogram

sby
specifyingthe

a
zim

u
th

argum
ent(vectorofangles):(D

O
N

’T
D

O
IN

L
A

B
)

>
v3

<
-

va
rio

g
ra

m
(lo

g
.ca

tch
.re

s
˜

lo
c(lo

n
g

,la
t),

+
a

zim
u

th
=

c(0
,4

5
,9

0
,1

3
5

),

+
to

l.a
zim

u
th

=
1

1
.2

5
,

m
e

th
o

d
=

’r’)

>
p

lo
t(v3

,m
a

in
=

’A
fte

r
tre

n
d

-re
m

o
vin

g
’)

0 2 4 6 8

0.0
0.4

0.8
1.2

0
45

90

0 2 4 6 8

0.0
0.4

0.8
1.2

135

distance

gamma�

A
fter trend-rem

oving
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N
ote

the
slightdifferencein

the
directionalvariogram

s.

W
e

needto
correctfor

a
n

iso
tro

p
y

—
rotateand

scalethe
axes.C

heckingfor
anisotropy

can
be

donew
ith

the
function

a
n

iso
tro

p
y.p

lo
t

.A
s

an
exam

ple,let’s
rotatethe

axis
by

45
degreesand

try
differentscaling:(D

O
N

’T
D

O
IN

L
A

B
)

>
a

n
iso

tro
p

y.p
lo

t(lo
g

.ca
tch

.re
s

˜
lo

c(lo
n

g
,la

t),

+
a

n
g

le
=

2
*2

2
.5

,

+
ra

tio
=

se
q

(1
,b

y=
0

.2
5

,le
=

1
2

),

+
m

e
th

o
d

=
’r’,la

yo
u

t=
c(3

,4
))

A
rotation

of45
degreesand

a
scalling

of2
seam

sto
give

satisfyingresult(seefigure
on

nextpage).
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1.5
2.0
2.5
3.0
3.5

0.2
0.6

1.0
1.4

45 1

0.2
0.4

0.6
0.8

1.0
1.2

1.4

45
1.25

0.2
0.4

0.6
0.8

1.0
1.2

1.4

45
1.5

0.2
0.4

0.6
0.8

1.0
1.2

1.4

45
1.75

0.5
1.0

1.5

45 2

1.5
2.0
2.5
3.0
3.5

0.5
1.0

1.5

45
2.25

1.5
2.0
2.5
3.0
3.5

0.5
1.0

1.5

45
2.5

0.5
1.0

1.5
2.0

45
2.75

0.5
1.0

1.5
2.0

45 3

0.5
1.0

1.5
2.0

45
3.25

0.5
1.0

1.5
2.0

2.5

45
3.5

1.5
2.0
2.5
3.0
3.5

0.5
1.0

1.5
2.0

2.5

45
3.75

distance

gamma
C
o

rre
ctin

g
fo

r
A

n
iso

tro
p

y

T
he

generalform
atofthe

lo
c

function
usedin

va
rio

g
ra

m
is:

lo
c(x,

y,
a

n
g

le
=

0
,

ra
tio

=
1

)

T
he

a
n

g
le

and
ra

tio
argum

entscan
be

usedto
correct
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for
anisotropy.T

he
inputspatiallocationsare

rotated,
scaled,and

rotatedbackto
correctfor

geom
etricanisotropy

definedby
angleofanisotropy

and
the

ratio.Forexam
ple,

using
an

angleof45
degreesand

a
ratio

of2,resultsin
the

follo
w

ing
directionalvariogram

s:

>
v.f

<
-

va
rio

g
ra

m
(lo

g
.ca

tch
.re

s˜lo
c(lo

n
g

,la
t,a

=
4

5
,r=

2
),

+
a

zim
u

th
=

c(0
,4

5
,9

0
,1

3
5

),

+
to

l.a
zim

u
th

=
4

5
/4

,
m

e
th

o
d

=
’r’)

>
p

lo
t(v.f,m

a
in

=
’A

n
g

le
=

4
5

,
R

a
tio

=
2

’)
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0 1 2 3 4 5 6

0.0
0.5

1.0
1.5

0
45

90

0 1 2 3 4 5 6

0.0
0.5

1.0
1.5

135

distance

gamma�

A
ngle=

45, R
atio=

2

T
he

em
piricalvariogram

thatw
e

w
ill

useis
then:

>
v.u

se
<

-
va

rio
g

ra
m

(lo
g

.ca
tch

.re
s˜lo

c(lo
n

g
,la

t,
a

=
4

5
,

r=
2

),

+
m

e
th

o
d

=
’r’)

>
p

lo
t(v.u

se
)

#
#

n
o

t
sh

o
w

n
in

n
o

te
s
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F
itting

T
heoreticalV

ariogram
s

S
+

S
P

A
T

IA
LS

TA
T

S
providesfunctionsfor

com
m

on
theoreticalvariogram

s:

e
x
p
.
v
g
r
a
m

A
n

exponentialvariogram
.

s
p
h
e
r
.
v
g
r
a
m

A
sphericalvariogram

.

g
a
u
s
.
v
g
r
a
m

A
gaussianvariogram

.

l
i
n
e
a
r
.
v
g
r
a
m

A
linearvariogram

.

p
o
w
e
r
.
v
g
r
a
m

A
pow

ervariogram
.

Forexam
ple,the

sp
h

e
r.vg

ra
m

function
is:

>
sp

h
e

r.vg
ra

m

fu
n

ctio
n

(d
ista

n
ce

,
ra

n
g

e
,

sill
=

1
,

n
u

g
g

e
t

=
0

)

{

d
ista

n
ce

<
-

d
ista

n
ce

/ra
n

g
e

n
u

g
g

e
t

+
sill

*
ife

lse
(d

ista
n

ce
<

1
,

(1
.5

*
d

ista
n

ce
-

0
.5

*
d

ista
n

ce
ˆ

3
),

1
)

}T
hatis,the

function
hasargum

entsd
ista

n
ce

,ra
n

g
e

,
sill

(by
default1),and

n
u

g
g

e
t

(by
default0).

T
h

e
m
o
d
e
l
.
v
a
r
i
o
g
r
a
m

F
u

n
ctio

n

It
is

possibleto
fit

a
variogram

m
odelto

an
em

pirical
variogram

in
te

ra
ctive

ly(i.e.,by
specifyingthe

param
eters
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interactively
throughvisualm

atchingofthe
theoretical

variogram
sto

the
em

piricalvariogram
.T

his
is

doneby

using
the

function
m

o
d

e
l.va

rio
g

ra
m

(seethe
help-file).

F
ittin

g
U

sin
g

N
o

n
lin

e
a

rL
e

a
stS

q
u

a
re

s

U
se

the
w

e
ig

h
te

dle
a

stsq
u

a
re

sestim
atorofC

ressie(1985),

given
by

m
inim

izing

�������� �	 �	�
�� �� � 	 �	�
��

� 	 �	�
���� � !
"# $

T
he

firststepin
using

this
approachto

fita
theoretical

variogram
is

to
w

rite
a

function
to

com
putethe

re
sid

u
a

ls
(the

squarerootofthe
term

sin
the

sum
).Forthe

sp
h

e
rica

l
variogram

,this
function

is:

sp
h

e
r.w

fu
n

<
-

fu
n

ctio
n

(g
a

m
m

a
,d

ista
n

ce
,n

p
,

ra
n

g
e

,sill,n
u

g
g

e
t)

{

g
a

m
m

a
.h

a
t

<
-

sp
h

e
r.vg

ra
m

(d
ista

n
ce

,ra
n

g
e

,sill,n
u

g
g

e
t

)

sq
rt(n

p
)

*
(g

a
m

m
a

/g
a

m
m

a
.h

a
t

-
1

)

}T
hen,usethe

n
ls

function
to

fit
a

non-linearm
odelby

m
inim

izing
residualsum

ofsquares:

>
fit.va

r
<

-
n

ls(˜sp
h

e
r.w

fu
n

(g
a

m
m

a
,d

ista
n

ce
,
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+
n

p
,ra

n
g

e
,sill,n

u
g

g
e

t),

+
d

a
ta

=
v.u

se
,

sta
rt=

list(ra
n

g
e

=
0

.6
,

+
sill=

2
,n

u
g

g
e

t=
1

))

>>
su

m
m

a
ry(fit.va

r)

F
o

rm
u

la
:

˜
sp

h
e

r.w
fu

n
(g

a
m

m
a

,
d

ista
n

ce
,

n
p

,
ra

n
g

e
,

sill,

n
u

g
g

e
t)

P
a

ra
m

e
te

rs:

V
a

lu
e

S
td

.
E

rro
r

t
va

lu
e

ra
n

g
e

0
.6

8
1

9
3

1
0

.0
7

2
5

4
9

7
9

.3
9

9
5

1

sill
2

.3
8

6
9

0
0

0
.2

2
0

1
9

3
0

1
0

.8
4

0
0

0

n
u

g
g

e
t

0
.7

0
1

3
7

2
0

.2
1

7
8

5
9

0
3

.2
1

9
3

9

R
e

sid
u

a
l

sta
n

d
a

rd
e

rro
r:

1
.5

4
4

6
1

o
n

1
7

d
e

g
re

e
s

o
f

fre
e

d
o

m

C
o

rre
la

tio
n

o
f

P
a

ra
m

e
te

r
E

stim
a

te
s:

ra
n

g
e

sill

sill
-0

.5
4

5

n
u

g
g

e
t

0
.6

7
6

-0
.9

5
8

>P
lotthe

fitted
variogram

:

>
p

lo
t(v.u

se
)

>
d

ist.u
se

<
-

se
q

(0
,m

a
x(v.u

se
$

d
is),le

=
1

0
0

)

>
lin

e
s(d

ist.u
se

,sp
h

e
r.vg

ra
m

(d
ist.u

s
e

,

+
ra

n
g

e
=

0
.6

8
1

9
,sill=

2
.3

8
7

,n
u

g
g

e
t=

0
.7

0
1

3
))
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distance

gamma%

0.0
0.5

1.0
1.5

0 1 2
&

3
'

N
o

te
:It

is
alw

aysan
issueasto

w
hatshouldbe

taken
as

determ
inistic tre

n
d

and
w

hatis
a

random
process(w

ith

spatialdependence).A
non-flexible

trend
leavesbehinda

lotofstructureto
be

m
odeledasa

random
processthat

could
violate

the
instrinsicstationaryassum

ptionofthe

process.C
onversely,a

very
flexible

trend
surfacedoesn’t

leave
very

m
uch

for
the

random
process.
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K
riging

S
+

S
P

A
T

IA
LS

TA
T

S
usesthe

tw
o

functions krig
e

and

p
re

d
ict.krig

e
to

do
both

o
rd

in
a

ry
and

u
n

ive
rsa

l

kriging.

F
itting

B
asedon

the
exam

pleofthe
scallops,w

e
fit:

>
k.fit

<
-

krig
e

(lo
g

.ca
tch

.re
s

˜
lo

c(lo
n

g
,la

t,a
=

4
5

,r=
2

),

+
co

vfu
n

=
sp

h
e

r.co
v,

+
ra

n
g

e
=

0
.6

8
1

9
,sill=

2
.3

8
7

,n
u

g
g

e
t=

0
.7

0
1

3
)

>
k.fit

C
a

ll:

krig
e

(fo
rm

u
la

=
lo

g
.ca

tch
.re

s
˜

lo
c(lo

n
g

,
la

t,

a
=

4
5

,
r

=
2

),
co

vfu
n

=
sp

h
e

r.co
v,

ra
n

g
e

=
0

.6
8

1
9

,
sill

=
2

.3
8

7
,

n
u

g
g

e
t

=
0

.7
0

1
3

)

C
o

e
fficie

n
ts:

co
n

sta
n

t

-0
.2

9
6

5
6

4
7

N
u

m
b

e
r

o
f

o
b

se
rva

tio
n

s:
1

4
8

R
ecallthatothercovariancefunctionsare

available
in
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S
+

S
P

A
T

IA
LS

TA
T

S,
suchas

e
xp

.co
v

and
g

a
u

ss.co
v

.
(T

he
usercan

also
constructhis

o
w

n
variogram

and
covariancefunctions.)

P
redicting

T
he

function
p

re
d

ict.krig
e

predicts,by
default,on

a

( ) *
( )

grid
definedby

the
rangeofthe

data.To
predicton

the
sc.g

rid
grid,createdbefore,enter:

>
k.p

re
d

<
-

p
re

d
ict(k.fit,sc.g

rid
)

>
su

m
m

a
ry(k.p

re
d

)

lo
n

g
la

t

M
in

.:-7
3

.7
0

M
in

.:3
8

.6
0

1
st

Q
u

.:-7
3

.1
7

1
st

Q
u

.:3
9

.1
7

M
e

d
ia

n
:-7

2
.6

1
M

e
d

ia
n

:3
9

.7
6

M
e

a
n

:-7
2

.6
1

M
e

a
n

:3
9

.7
6

3
rd

Q
u

.:-7
2

.0
5

3
rd

Q
u

.:4
0

.3
5

M
a

x.:-7
1

.5
2

M
a

x.:4
0

.9
2

fit
se

.fit

M
in

.:-2
.7

8
9

0
M

in
.:0

.5
0

1
3

1
st

Q
u

.:-0
.6

0
2

1
1

st
Q

u
.:1

.1
9

9
0

M
e

d
ia

n
:-0

.2
9

6
6

M
e

d
ia

n
:1

.5
5

4
0

M
e

a
n

:-0
.2

8
6

5
M

e
a

n
:1

.4
9

5
0

3
rd

Q
u

.:-0
.1

3
7

4
3

rd
Q

u
.:1

.7
9

2
0

M
a

x.:
2

.9
4

1
0

M
a

x.:1
.7

9
2

0

T
his

function
givesboth

fitted
values(fit

)
and

standard
errors(se

.fit)
.T

he
objectk.p

re
d

is
a

d
a

ta
.fra

m
e

.
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It
is

easyto
plotthe

fitted
values(e.g.,using

a
function

from
the

tre
llis

plotting
library):

>
k.p

re
d

$
fit[!in

.a
re

a
]

<
-

N
A

#
#

N
A

o
u

tsie
o

f
A

O
I

>
le

ve
lp

lo
t(fit

˜
lo

n
g

*la
t,d

a
ta

=
k.p

re
d

,

+
co

n
to

u
r=

T
,p

re
tty=

T
)

39.0

39.5

40.0

40.5

41.0

-73.5
-73.0

-72.5
-72.0

-71.5

-2.5

-2.0

-2.0-2.0

-1.5

-1.5

-1.5

-1.5

-1.5

-1.0

-1.0-1.0-1.0

-1.0
-1.0

-1.0 -1.0
-1.0

-0.5
-0.5

-0.5-0.5

-0.5

-0.5

-0.5
 0.0

 0.0  0.0

 0.0

 0.0
 0.0

 0.0

 0.5
 0.5

 0.5

 0.5

 0.5 0.5

 1.0

 1.0

 1.0

 1.5

 1.5

 2.0  2.0

 2.0

 2.0

 2.5

 2.5

long

lat

-3 -2 -1  0  1  2  3

Forthe
standarderrors(addingthe

sites’locations),enter:
(D

O
N

’T
D

O
IN

L
A

B
)

>
k.p

re
d

$
se

.fit[!in
.a

re
a

]
<

-
N

A
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>
le

ve
lp

lo
t(se

.fit
˜

lo
n

g
*la

t,d
a

ta
=

k.p
re

d
,

+
p

a
n

e
l=

fu
n

ctio
n

(x,y,...)
{

+
p

a
n

e
l.le

ve
lp

lo
t(x,y,...)

+
p

a
n

e
l.xyp

lo
t(lo

n
g

,la
t,co

l=
4

,ce
x=

1
,p

ch
=

1
6

)

+
})

(N
ote

the
one

grid
pointw

ith
m

uch
low

erS
E

than
the

others.)

39.0

39.5

40.0

40.5

41.0

-73.5
-73.0

-72.5
-72.0

-71.5

long

lat

0.6

0.7

0.8

0.9

1.0

1.1

1.2

1.3

1.4

To
predict+,- . /

0 1/
0 2
3 4
5 ,the

lo
g

.ca
tch

variable,w
e

needto
add

backthe
tre

n
d

to
the

kriging
values:
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>
k.p

re
d

$
p

re
d

<
-

p
re

d
ict(tre

n
d

,sc.g
rid

)
+

k.p
re

d
$

fit

>
k.p

re
d

$
p

re
d

[!in
.a

re
a

]
<

-
N

A
#

#
N

A
o

u
tsid

e
o

f
A

O
I

T
hen

w
e

plot:

>
le

ve
lp

lo
t(p

re
d

˜
lo

n
g

*la
t,d

a
ta

=
k.p

re
d

,

+
co

n
to

u
r=

T
,p

re
tty=

T
)

39.0

39.5

40.0

40.5

41.0

-73.5
-73.0

-72.5
-72.0

-71.5

-0.5

-0.5

-0.5

-0.5

 0.0

 0.0
 0.5

 0.5

 0.5
 1.0

 1.0

 1.0

 1.0

 1.0

 1.5
 1.5

 1.5  1.5

 1.5

 1.5
 2.0 2.0

 2.0

 2.0

 2.0

 2.0

 2.0

 2.5

 2.5 2.5

 2.5

 2.5

 2.5

 3.0  3.0

 3.0

 3.0

 3.0
 3.5

 3.5

 3.5

 3.5

 3.5

 4.0

 4.0

 4.0
 4.0

 4.5

 4.5

 4.5
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 5.0
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 6.0
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lat
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D
iagnostics

C
ro

ss-Va
lid

a
tio

n

T
he

follo
w

ing
function

doescross-validation
(C

V
)

for
a

krig
e

object(asdiscussedin
class):

cv.krig
e

<
-

fu
n

ctio
n

(o
b

j,fit.d
a

ta
)

{

#
#

o
b

j
is

th
e

o
u

tp
u

t
fro

m
krig

e
()

n
<

-
n

ro
w

(fit.d
a

ta
)

fit.a
ll

<
-

p
re

d
ict(o

b
j,n

e
w

d
a

ta
=

fit.d
a

ta
)$

fit

fit
<

-
se

<
-

n
u

m
e

ric(n
)

fo
r(i

in
1

:n
)

{

ca
t("d

o
in

g
o

b
se

rva
tio

n
",i,"\n

")

n
e

w
.krig

e
<

-
u

p
d

a
te

(o
b

j,d
a

ta
=

fit.d
a

ta
[-i,])

#
#

d
ro

p
i

p
re

d
<

-
p

re
d

ict(n
e

w
.krig

e
,n

e
w

d
a

ta
=

fit.d
a

ta
[i

,])

fit[i]
<

-
p

re
d

$
fit[1

]

se
[i]

<
-

p
re

d
$

se
.fit[1

]

}re
s

<
-

(fit.a
ll

-
fit)/se

#
#

sta
n

d
.

d
iff.

d
a

ta
.fra

m
e

(fit.a
ll

=
fit.a

ll,
fit

=
fit,

re
s

=
re

s,
se

=
se

)

}(T
his

function
is

avilable
in

/h
o

m
e

/g
a

rd
a

r/p
u

b
/.D

a
ta

)

In
ourcase:

>
fit.d

a
ta

<
-

d
a

ta
.fra

m
e

(lo
g

.ca
tch

.re
s,lo

n
g

,la
t)

>
k.fit.cv

<
-

cv.krig
e

(k.fit,fit.d
a

ta
)
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M
ake

a
histogram

and
a

Q
-Q

plotofthe
standardized

difference(the
colum

n
re

s
in

the
output):

>
h

isto
g

ra
m

(k.fit.cv$
re

s)

>
q

n
<

-
q

q
n

o
rm

(k.fit.cv$
re

s,p
lo

t=
F

)

>
p

lo
t(q

n
$

x,q
n

$
y,typ

e
=

"n
",xla

b
=

"N
o

rm
",yla

b
=

"C
V

")

>
te

xt(q
n

$
x,q

n
$

y,1
:1

4
8

)

>
q

q
lin

e
(k.fit.cv$

re
s)

O
bservation

num
ber68

sticksout:

>
sca

llo
p

s[6
8

,]

stra
ta

sa
m

p
le

la
t

lo
n

g
tca

tch
p

re
re

c

6
8

6
2

7
0

1
3

9
3

9
.7

1
6

6
7

-7
2

.8
5

0
0

re
cru

its

6
8

0

>O
bservation

68
had

zero
scallopsobserved.

W
hereis

observation
68:

(D
O

N
’T

D
O

IN
L

A
B

)

>
p

lo
t(lo

n
g

,la
t,typ

e
=

’n
’)

>
p

o
in

ts(lo
n

g
[6

8
],la

t[6
8

],p
ch

=
1

6
,co

l
=

2
,ce

x
=

2
)

>
te

xt(lo
n

g
,la

t,tca
tch

,ce
x=

0
.8

)

It
is

now
notsurprisingthatobservation

68
(labeledw

ith
blue

dot)hasa
high

C
V

residualsinceits
countis

very
differentfrom

the
high

countsofits
nearneighbors.
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