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The Average Is Hardly Anywhere

(GeoWorld May, 2006)
(return to top of Topi¢

Remember your first encounter with statistidazhe days of old before politically correct

examples, you might have calculated the average weight of the students in the class by adding up
all of the studentsd weights anavetadgereightdi vi di n
givesyou anestimmae of how heavy a fstandard devaatiotetistyaud ent 0 i -
how typical that typical is.

Now imagine your old classroom with the bulky jocks in the back, the diminutive bookworms in

front, and the rest caught in between. Two things shmartk to mind 1) not all of the

students had the same typical weight (some were heavier and some were lighter) and 2) the
differences from the typical weight might have followed a geographic pattern (heavy in the back,

light in the front). The secondptin f or ms t he foundation of surf a

by

variation in geographic data sets. o
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Figure 1 illustrates the spatial and rgpatial character of a set of animal activity data. The right
side of the figure lists the number of sightings ategr locations for two 2hour periods (P1 in
June; P2 in August). Note the varying levels of actédvit§ to 42 for P1 and O to 87 for P2 that
can be reduced to their average values of 19 and 23, respectively. A wildlife manager might
ponder these findgs, and then determine whether the implied typical activity is too little, too
much or just right for a particular management action.
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some of the data peoints balanced above
(green) and some below (red) the
“typical” value
{uniform estimate of the spatial distribution)

Figure 1. Comparison of the spatial distributions of field samples (floating balls) and their
arithmetic average (horizontal plane).

But the average does not address the variation in the datalsats the role of the standard

deviation. Asageneralruet er med t he Coefficient of Variat.
relatively large compared to the arithmetic average, the aveaa@tbe used to make

deci sionso as there is too much unexpl ai ned v
very typical).

Possibly some of the variation in animal activity forms a pattern in geographic space that might

help extend the explanation. That is where the left side of figure 1 comes into play with a three
dimensional plot used to show the geogirepocation (X, Y) and the measured activity levels

(z2) . [ bet your eye is fAmapping the varia
in the Northwest and moderate elsewhere.

The thick line in the plot outlines a horizontal plan@&{arithmetic average) that spatially
characterizes the typical animal activity as uniformly distributed in geographic space (horizontal
plane). But your eye tells you that guessing 23 around Sample #15 with a measured value of 87,
is likely an understatment. Similarly, a guess of 23 around Sample #4 with a value of O is likely
an overstatement. That is what the relatively large standard deviation indicgtesss 23 but

expect to be way off{26) a lot of the time.
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The nonspatial procedure, howewr , doesnét provide a hint as
guessing too low and where it might be guessing high. That's the main difference between
traditional statistics and spatial statisficsraditional statistics characterizes the central tendency
(average) of data in numeric space; spatial statistics seeks to map the variation (standard
deviation) of data in geographic space.

Figure 2 illustratedap Generalizatioras an approach to mapping the spatial trend in the data
usingpolynomial surfaceitting. The average of 23 is depicted as a horizontal plane that does its
best to balance half of the balls above it and half below it by minimizing the set of squared
deviations from the plane to each floatimg| (similar to curvditting regression techniques in
traditional statistics).
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Map Generalization - fits standard functional forms to the
data, such as a N order polynomial for curved surfaces with
several peaks and valleys
(similar to curve fitting techniques in traditional statistics)

Figure 2. Map Generalization can be used to approxirgatgraphic trends.

HORIZONTAL
PLANE

Now relax the assumption that the plane has to remain horizontal. Tilt itwheryway until

it better fits the floating balls (Tilted Plane). Or even better, the assumption of a flat plane can be
relaxed and the surface can curvdetter fit the ups and downs of the data points. The right
portion of the figure fits a" degree polynomial (Curved Plane).

Figure 3 shows an entirely different approach to fitting a surface to the data by usspatiad
Interpolationtechnique ofterative smoothing Imagine replacing the floating balls with

columns of modeler's clay rising to the same height as each ball. In effect this is a blocky first
order estimate of the animal activity throughout the project area deriveohply sissigning the
closest field sample to each map location.

Now imagine whacking away some of the clay at the top of the columns andifillaighe

bottom. In the example, a 3x3 averaging window was moved around the matrix of values to
systematiclly smooth the blocky surface. When the window is centered over one of the sharp
boundaries, it has a mixture of small and larger map values, resulting in an average somewhere
in between... a localized whack off the top and ariitht the bottom.
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assigned the value of the closest sample
(first order estimate of the spatial distribution)

Smooth 1 Smooth 2 Smooth 3 Smooth 4

High values in
the northeast

Smooth 4
Surface
Average

Smcfc_oth 9 Smooth 29

Smooth 49 Smooth 99

2 29 42 2 sa

Figure 3 Iteratively Smoothed approximations of localized geographic distribution.
<Click hereto download an animated slide set of Interactive Smoothing>

The series of plots in the figure show repeated passes of the smoothing window from once
through ninetynine times. Like erosion, the mountains (high animal activity) are pulled down
and thevalleys (low animal activity) are pulled up. According to theory, the process eventually
approximates a horizontal plane floating at the arithmetic average.

The bottom line is that field collected data with geographic coordinates holds a lot more

infformat i on than simply a reduction to a typical
other more powerful methods for estimating the spatial, as well as numerical distribution

inherent in mapped data.

Under the Hood of Spatial Interpolation

(GeoWorld June, 2006)
(return to top of Topi¢

Last month's article described héeld collected datédiscrete points) can be used to generate a

map (continuous surface)f t he dat ads spat i alextepdsthe familiars . Th
concept of central tendency to a map of the geographic distribution of the data. Whereas

traditional statistics identifies the typical value in a data set, surface modeling identifies "where"

you might expect to find the typicahdnot so typical responses.

The kerative Smoothingpproach described last time is a simple -daiteen procedure.

However, all of the interpolation techniques share a similar approach that generates estimates of
a mapped variable based on the data vaduigsn the vicinity of each map location. In effect,

this establishes a "roving window" that moves throughout an area summarizing the field samples
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it encounters within its reach. The summary estimate is assigned to the center of the window,
and then imoves on. The extents of the window (both size and shape) influence the result,
regardless of the summary technique. In general, a large window capturing numerous values
tends to smooth the data. A smaller window tends to result in a rougher surface.

Three factors affect the window's configuratiorits reach, number of samples, and balancing.
Thereach or search radius, sets a limit on how far the computer will go in collecting data
values. Thewumber of samplesstablishes how many data valued i used. Thealancing

of the data attempts to eliminate directional bias by insuring that values are selected from all
directions around the window's center.
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Figure 1. A roving window is used to identify and summarize nearby sample values.

Once a window is established, the summary technique comes into plainvétse Distance
Weighted (IDWj}echnique is easy to conceptualize (figure t)estimates a value for a location

as the weightedverage of the nearby data values within the roving window. The average is
weighted so the influence of the surrounding values decrease with increasing distance from the
location being estimated.

Figure 2 shows the IDW calculations for the location identified in figure 1. The Pythagorean
Theorem is used to calculate the geographic distance between the location and the six sample
values in the window. A weight for each sample is determined &sth&h the weighted

average of the samples is calculated and assigned to the location. The process is repeated for
each location in the project area.
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Distance Weight (1/D?) Value

Weight *

Value
Location 2200 1300
#6 1500 1500 728.01 0.00000189 73 0.0000038
#9 2000 1000 360.56 0.00000769 6 0.0000462
#10 2000 1500 282.84 0.00001250 22 | 0.0002750
#11 2000 2000 728.01 0.00000189 42 | 0.0000792
#13 2500 1000 424.26 0.00000556 16 | 0.0000889
#14 2500 1500 360.56 0.00000769 43 | 0.0003308
Sum=  0.00003721 0.0008238
Interpolated Value (Sum W*V / Sum W) = .0008238 /.00003721 = 22.14

Location
= Sample #10 X=2000, Y= 1500

X=2200, Y=1300

Distance = SQRT [ (2200 — 2000)? + (1300 - 1500)¢ ] = SQRT [ (40,000) + (40,000) ] = 282.84
Inverse Distance Squared =1/ D?=1/(282.84)? = 0.00001250
Sample #10 Value = 22

Weight,, * Value,, = 0.00001250 * 22 = 0.0002750

...repeat for other sample points, then calculate the Sum of the Weights
and the Sum of the Products and divide for the distance-weighted
average Interpolated Value at the location = 22.14

...repeat for all of the other locations in the project area

to generate the IDW Interpolated Surface

=

Figure 2. IDW calculations use simple geographic distance to weight the average of samples
within a roving window.

Because IDW is a static averaging method, the estimated values can never exceed the range of
values in the original sample datalso, it tends to "puldown peaks and puilp valleys" in the

data. Inverse distance is best suited for data sets where the samples are fairly independent of
their surrounding locations (i.e., no strong regional trend).

Another approactKriging (KRIG) uses regional variable theory based on an underlying
variogram. That's techgpeak implying that there is a lot of math behind the approach. In

effect, the technique develops custom weights based on trends in the sample data. The moving
average weiglstthat define the data trends can result in estimated values that exceed the field
data's range of values. Also, there can be unexpected results in large areas without data values.
The technique is most appropriate for fairly dense, systematically shogake exhibiting
discernable regional trends.

The center portion figure 3 illustrates how the Krig weights are derived. The distances between
each sample point and all of the other sample points are calculated. At the same time, the
sampl e
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Figure 3. A variogram plot depicts the relationship between distance and similarity between
sample values.

The origin of the plot a@,0is a unique caseThe distance between samples is zero; therefore,
thereshoulddt be any di ssi mzetgasthetogatioh it exacty the same ast i o n
itself. As the distance between points increase, subsets of the data are scrutinized for their
dependencyThe shaded portion in the idealized plot shows a rapidideggon of the spatial

dependency among the sample poifitee maximum rangeMax Rangg position identifies the

distance between points beyond which the data values are considered independent. This suggests
that using data values beyond this distamcef | nt er pol ati on i sndt usef.

An equation is fit to the Distandeifference data and used to determine the weights and reach

used in averaging the sample values within the roving window. Whereas IDW uses a fixed
geometric function, Krig derives the ights by investigating the spatial dependency in the

sample data (see Authoro6s Note). Keep i n min
or more spatial interpolation technigdedut they all share the common basics of a window
configuration and aummary procedure.

Aut hor 6 ketme@polegize in advance for such a terse treatment of a complex subject. Topic 8, Investigating
Spatial Dependency of the online bdd&p Analysig www.innovativegis.com/basisliscusses in greater depth the
various measures of spatial autocorrelation, their interpretation and use in interpolation.

Justifiable Interpolation

(GeoWorld, February 1997, pg. 34)
(return to top of Topi¢

Several previous Beyond Mapping articles have discussed the basic considerations in generating
maps from point data. Recall that both sampling desigrnaagbolation technique greatly

affect the results when converting discrete point samples (e.g., soil samples) to continuous map
surfaces (e.g., map of phosphorous levels throughout a field). The only thing for certain is that
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t her e i s n 0 tocedureshaticaydrseaall situatons. $ome rules of thumb and general
considerations have been discussed, but the o
empirically verify the results. This involves generating several maps under different
samplindinterpolation procedures, then testing the results against a set of known measurements,
aptly termed a Atest set. o As in horseshoes

The accompanying table show large differences among three interpolated surfacateden

from the same set of point sampled data, term
and relative advantages and disadvantages of the Inverse Distance, Kriging and Minimum

Curvature techniques where discussed in GW Vol 7,480 Whatshould spring to mind at this

point is AOK, theyore different, so how can |
technique, termed residual analysis, summarizes the differences between interpolation estimates

and actual measurements for each l@sation.

The table in figure 24 contains a test set of sixteen random samples3Z)lLdsed to evaluate

three maps. The AActual o column | ists the me
ACol , Rowd coor di nat easevalues énd thase pretlicted byrthe threeb e t we
interpolation techniques form the residual s s
compares the whole field arithmetic mean of 23 (guess 23 everywhere) for each test location.

Figure 221. Residual table identifying actual and estimated values.

For example, the first sample (#17) guessed 2
thesign of the residual indicates whether the guess was too high (positive) or too low (negative).

If it was a perfect data world, you would expect the Sum of the Residuals to be 0 (just as many

high as low missés balanced bodoo). However, in this caskere is a net residual ef7

indicating a strong bias to under estimate. The Average Unsigned Residual is simply the average
magni tude of mistakes, regardl ess whether the
expect to be off by about 22.2 edtohe you guess. The Normalized Residual Index is simply
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