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# ¥ - Moran Correlogram

Correlogram: plot distance on X-axis against correlation coefficient on Y-axis
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# ¥ © Simple Linear Regression Model

y; = a + PBx; + &;.

Y; ~ ??(Et‘,—l— BI;‘,GE)




Geostatistical approach: Random field (%% 1% 3-)

Z(s): a regionalized random variable that is associated with a true
measurement, z(s), that characterizes the quantity of a variable
at point s.

Z(s) = u(s) g(s); seD,

random variable, mu =0
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‘ Stationary & Z_i

E(n(s +h) —n(s))=0,

var(n(s +h)—n(s)) =@-

Variogram (% £ )
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Variogram

= A variogram might be thought of as
“dissimilarity between point values as a
function of distance”, such that the dissimilarity
is greater for points that are farther apart

E{[Z(x+ 1) - Z(x)P?

Variogram (% £ )

Variogram y(h)




Variogram: Mathematical definition

2y(h)=E{[Z(x+ 1) — Z(x)]? ]

¢

2y(h) = average[(z(f) -2(j)) ]

N(h): the number of paired comparisons at lag h.




‘ Semivariogram y(h)

I

n(h) 2

y(h)= 2”(]“)2[*(1 + 1) — Z(x;) ]

where n is the number of sample points, Z(x;) is the measured sample value
at location x;, Z(x;,,) is the sample value at location x;,,, regionalized vari-
able Z(x), and|n(h) is the number of pairs of observations|a distance /1 apart.

$o(b)

/)




Concept of

Semivariogram

Semivariance

o — N w EE

Range
A
-
)
_ ® Observed
Sl — Empirical
}Nugget
0 10 20 30 40

Lag distance



Fitting a Variogram Model

Now, we’re going to fit a variogram model (i.e., curve) to the
empirical variogram

That is, based on the shape of the empirical variogram,
different variogram curves might be fit

The curve fitting generally employs the method of least
squaresl the same method that’s used in regression analysis
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Variogram Model

Semivariance
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The Variogram Parameters

The variogram models are a function of three parameters,
known as the range, the sill, and the nugget.

Semivariance value where it flattens out is called a “sill.”

The distance range for which there is a slope is called the
“neighborhood”; this is where there is positive spatial
structure

The intercept is called the “nugget” and represents random
noise that is spatially independent
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‘ Variogram Models

spherical model

3 1R
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Variogram Models

spherical model

4 Ra)n\ge
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Variogram Models A(h) = e [1 B exp%”}

exponential model

e similar to the spherical model, but assumes that the correlation
never reaches exactly zero, regardless of how great the distances
between points are

* In other words, the variogram approaches the value of the sill
asymptotically

* Because thessill is never actually reached, the range is generally
considered to be the smallest distance after which the covariance
is 5% or less of the maximum covariance

* The model is monotonically increasing

— l.e., as h goes up, so does y(h)



Variogram Models

Model Variogram Types
Value Model variogram type (from VarModel) Equation
i 3
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‘ Variogram Models

Semivariogram
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‘ Variogram Models

The Wave (Hole-Effect) Model

the waves exhibit a periodic pattern. A
non-standard form of spatial
autocorrelation applies. Peaks are
similar in values to other peaks, and
troughs are similar in values to other
troughs. However, note the dampening v (Wave) Variogram
in the covariogram and variogram

below: That is, peaks that are closer o
together have values that are more
correlated than peaks that are father
apart (and same holds for troughs).




Steps of Variogram Modeling
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Steps of Variogram Modeling (cont’d)
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‘ Lab: Variogram (Exploring data)

= % FKRE i+ gstat

. NaN €@ 76th
gSta t V1.1-6 | Otherversions v Monthly downloads > Percentile
S | https://www.rdocumentation.org/packages/gstat

Spatial and Spatio-Temporal Geostatistical Modelling, Prediction and Simulation
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Variogram modelling; simple, ordinary and universal point or block (co)kriging; spatio-temporal kriging; sequential Gaussian or indicator (co)simulation; variogram and
variogram map plotting utility functions.
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‘ R COde: Ioading data PM concentrations
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Tibrary(rgdal)

rm(1ist=1s5())

setwd("C:/Wen_Files/SA_Labs")

EPA_STN <- readoGR(dsn = "./data", layer = "EPA_STN1", encoding="utf-8")
plot (EPA_STN); head(EPA_STN)

data= EPA_STN@data
PMdata=EPA_STN@data["PM"]

bubble(EPA_STN, "PM", col="red", fil1l=FALSE, maxsize = 1.5, main = "PM concentrations")




Exploring distance vs. variance
27(h) = average|(Z()~Z(j))'|  Dist.(h) vs. [z(x+h)-z(x)]?

variogram cloud
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Exploring distance vs. variance (R code)
27(h) = average|(2()-2()))’]  Dist.(h) vs. [z(x+h)-z(x)]?

¥= coordinates(EPA_STN)[,1]
y= coordinates (EPA_STN) [, 2]

STNDF = chind(x,y)
dis_STN= dist(STNDF)

pm= EPA_STNGdatal,12]

PMDF= cbind(pm,pm)
dis_PM = dist(PMDF)

plot(dis_PM~sqrt(dis_STN))
abline(Im(dis_PM~sqrt(dis_STN)), lwd=3, col="red")



Using variogram() function in R

variogram {gstat} R Documentation

Calculate Sample or Residual Variogram or Variogram
Cloud

Description

Calculates the sample variogram from data, or in case of a linear model is given, for the residuals, with
options for directional, robust, and pooled variogram, and for irregular distance intervals.

In case spatio-temporal data is provided, the function variogramsT is called with a different set of
parameters.

Tibrary(gstat)
pm.vgm = variogram(PM~1, EPA_STN,cutoff=80000, width=1000)




Using variogram() function in R

library(gstat)
pm.vgm = variogram(PM~1, EPA_STN,cutoff=80000, width=1000)

plot(pm.wvgm)
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Fitting a Variogram Model

Semivariance

fit variogram {gstat}

Fit a Variogram Model to a Sample Variogram

Description
Fit ranges and/or sills from a simple or nested variogram model to a sample variogram

Usage

Range

} Nugget

[ ]

e Observed

Sil — Empirical

10

fit.variogram(cbject,| modell, fit.=i1lls = TRUE, fit.ranges = TRUE,

fit.method = 7, debug.level = 1, warn.if.neg = FALSE,

Sill, func.

20 30 40
Lag distance

fit.kappa = FALSE)

range, nugget

pm.fit = fit.variogram(Cpm.vgm, |model = vgm(1000, "Exp",2000,1)




® Observed
— Empirical

Sill

Semivariance
N

vgm {gstat}

} } Nugget

Generate, or Add to Variogram Model 0 10 20 30 40

Lag distance

Description

Generates a variogram model, or adds to an existing model. print . variogramMadel prints the essence of a
variogram model.

Usage

vgm(p=sill = NA&A, model, range = NA, nugget, add.to, anis, kappa = 0.5, ..., covtabl
Err = 0)

## 532 method for class "variogramModel'

print(x, ...)

a=z.vgm.variomodel (m)

Sill, func. range, nugget

pm.fit = fit.variogramCpm.vgm, |model = vgm(1000, "Exp",2000,1)|)




library(gstat)
pm. vgm
pm.fit
plot(pm.vgm,pm.fit)

variogram(PM~1, EPA_STN,cutoff=80000, width=2000)
fit.variogram(pm.vgm, model = wvgm(1000, "Exp",20000,1) )
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Next: Spatial Prediction

Geostatistical Approach to
Spatial Interpolation:

using semivariogram } N
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Spatial autocorrelation: Moran’s | index
0 Spatial weighting matrix
o Monte-Carlo significance test

2 Moran scatter plot and correlograms

Local Moran (LISA) and Gi*(d) statistics

Semivariogram analysis



