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The Average Is Hardly Anywhere

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

Remember your first encounter with statistics? In the days of old before politically correct

examples, you might have calculated the average weight of the studentslasshiey adding up

all of the studentsd weights anavetadgereightdi vi di n
gives you an estimate of h ctanddrcedawatonels ydgut y pi c all
how typical that typical is.

Now imagine your lal classroom with the bulky jocks in the back, the diminutive bookworms in
front, and the rest caught in between. Two things should come t@ rhnaot 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 second point for ms

by

variation in geographic data sets. o
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Figure 1 illustrates the gpal and norspatial character of a set of animal activity data. The right
side of the figure lists the number of sightings at sixteen locations for tho@4periods (P1 in
June; P2 in August). Note the varying levels of actdit9 to 42 for P1 an@ to 87 for P2 that

can be reduced to their average values of 19 and 23, respectively. A wildlife manager might
ponder these findings, and then determine whether the implied typical activity is too little, too
much or just right for a particular managernaction.

.4 .e "12 "m
Field Collected Data

e 9 9, "15'\‘;15 [sample[ X Y P1 P2
. #1 1000 1000 11 4
e o o 9 N 2 1000 1500 19 9
2 & 10 14 3 1000 2000 8 0
87 =p2 sample value 4 1000 2500 0 0
) @O O 5 1500 1000, 27 25,
8 [ 5 2 13 6 1500 1500 12 2
2D Plot (top view) 7 ggg Eggg 1; :
9 2000 1000 10 6
10 2000 1500 17 22
11 2000) 2000 34 42
12 2000 2500 22 33
@ 13 2500 1000 20 16
14 2500( 1500 28 43
15 2500) 2000 42 87
& 16 2500 2500 34 68
Total 300 361
Average 19 23
m StDev 12 26

Arithmetic Average - plot of the
data average is a horizontal plane in 3-
dimensional geographic space with
some of the data points 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 g@he).

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

deviation. As a gener al rule (termed the Coe
relatively large compared to the arithmetic averdge aiverageannotbe used to make

deci sionso as there is too much unexplained v
very typical).

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

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

(zZ) . 1 bet your eye i s &ctvilypnghe Nagtheashlew v ar i a
in the Northwest and moderate elsewhere.

The thick line in the plot outlines a horizontal plane at 23 (arithmetic average) that spatially
characterizes the typical animal activity as uniformly distributed in geographie @parczontal

plane). But your eye tells you that guessing 23 around Sample #15 with a measured value of 87,
is likely an understatement. Similarly, a guess of 23 around Sample #4 with a value of O is likely
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an overstatement. That is what the relativatge standard deviation indicafedguess 23 but
expect to be way off{26) a lot of the time.

Thenons pati al procedure, however, doesnbdt provic
guessing too low and where it might be guessing high. Thateam 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 geographspace.

Figure 2 illustratedap Generalizatioras an approach to mapping the spatial trend in the data
usingpolynomial surface fitting The average of 23 is depicted as a horizontal plane that does its
best to balance half of the balls above it anfithelow it by minimizing the set of squared
deviations from the plane to each floating ball (similar to cdittieg regression techniques in

traditional statistics).
¥ e Linear
Regression CI:JL?;JEED
-/""V

X

_'.%_ Average

o®e ®

Y
Polynomial
Regression

X

TILTED PLANE

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)

HORIZONTAL
PLANE

Figure 2. Map Generalization can be used to approximate geographic trends.

Now relax the assumption that the plane has to remain horizontal. Tilt itwhesty-way until

it better fits the floating balls (Tilted PlaneQr even better, the assumption of a flat plane can be
relaxed and the surface can curve to better 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 ustpgtiad
Interpolationtechnique ofterative smoothing Imagine replacing the floating balls with

columns of modeler's clay rising to the same height as eachimalifect this is a blocky first

order estimate of the animal activity throughout the project area derived by simply assigning the
closest field sample to each map location.
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Now imagine whacking away some of the clay at the top of the columns amgiifillat the

bottom. In the example, a 3x3 averaging window was moved around the matrix of values to
systematically smooth the blocky surface. When the window is centered over one of the sharp
boundaries, it has a mixture of small and larger map valegsiting in an average somewhere

in between... a localized whack off the top and arfitht the bottom.

— Nearest Neighbor Surface - all locations are
assigned the value of the closest sample
{first order estimate of the spatial distribution)

Smooth 1 Smooth 2 Smooth 3 Smooth 4

Smooth 9 Smooth 29
. Smooth 49 Smooth 99

Figure 3 IterativelySmoothed 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 smosithéow from once

through ninetynine times. Like erosion, the mountains (high animal activity) are pulled down
and the valleys (low animal activity) are pulled up. According to theory, the process eventually
approximates a horizontal plane floatinghag arithmetic average.

The bottom line is that field collected data with geographic coordinates holds a lot more
information than simply a reduction to a typi
other more powerful methods for estimating 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 datédiscrde points) can be used to generate a
map (continuous surface)f t he datads spati al patterns. Th
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concept of central tendency to a map of the geographic distribution of the data. Whereas
traditional statistics identdés 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 thenterpolation techniques share a similar approach that generates estimates of
a mapped variable based on the data values within the vicinity of each map location. In effect,
this establishes a "roving window" that moves throughout an area summarizirgctisamples

it encounters within its reach. The summary estimate is assigned to the center of the window,
and then it moves on. The extents of the window (both size and shape) influence the result,
regardless of the summary technique. In generatge l@indow 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 liran how far the computer will go in collecting data
values. Thewumber of samplesstablishes how many data values will be used. batancing

of the data attempts to eliminate directional bias by insuring that values are selected from all
directions aound the window's center.

Sample| X Y P1 P2
= #lp T T T il IDW Interpolated
2 1000 1500 19 9
3 1000 2000 g 0
4 1000 2500 0 0
5 1500 1000 27 25
8 1500 1500 12 2[4
7 1500 2000 14 4
8 1500 2500 2 0 :
9 2000 1000 10 6 <<
10 2000 1500 17 22|44
1 2000 2000 34 42|
12 2000 2500 22 33 1
13 2500 1000 20 16 14
14 2500 1500 28 43
15 2500 2000 42 87 3
16 2500, 2500, 34 68| : Inverse Distance Weighted
H Interpolation for...
Field Collected Data froeeeee LoCAtON X= 2200, Y= 1300 -e-flrrrerrreerreeriesissmnins
0 0 33 68 ... closer samples influence
o o . o weighted average more than
distant samples within the
roving window
0
9
#1=4
—> @

Figure 1. A roving window is used to identify and summarize nearby sample values.

Once a window is establishatie summary technique comes into play. Trhwerse Distance
Weighted (IDWj}echnique is easy to conceptualizedfigure 1). It estimates a value for a

From the online booBeyond Mapping llby Joseph K. Berrywww.innovativegis.com/basis/All rights reserved. Permission to copy for
educational use is granted.
Page5



Topic2_files/image004.gif

location as the weightealverage of the nearby data values within the roving window. The
average is wegihted 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 &sthéh the weighted

average of the samples is calculated and assigned to the location.odéwsps repeated for

each location in the project area.

. . Weight *
2
Distance Weight (1/D*) Value Value
Location 2200 1300
#6 1500 1500 728.01 0.00000189 2 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 X= 2200, Y=1300

— Sample #0 X=2000, Y=1500
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 low-an:;
...repeat for all of the other locations in the project area . 2 é

to generate the IDW Interpolated Surface ' ”ﬂ/

=

Figure 2. IDW calculations use simple geographic distance to weight the aversgaues
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 data. Also, it tends to “goV/n peaks and pullp valleys" in the

data. Inverse distance isdbesuited 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 implyinghat 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 weights that define the data trends can result in estimated values that exceed the field
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data's rang of values. Also, there can be unexpected results in large areas without data values.
The technique is most appropriate for fairly dense, systematically sampled data exhibiting
discernable regional trends.

The center portion figure 3 illustrates htve Krig weights are derived. The distances between

each sample point and all of the other sample points are calculated. At the same time, the

di fferences in the sample values are recorded
more alikethanidst ant thingso and a pl ot of Distance
like thevariogramin the center of the figure.

Field Collected Data Variogram Plot Krig Surface

e o o o T K A 1
A = { h) +
5 + ¢ Max Range
L) L] ] o =
I = 2L AL 1A L L
E Interpolation
¢ = | T ¥ Joint Variation (Kj)
|_
* < [ ..measure of varalion refiecled in the
¢ o o o 3 W+ _ _ Eflich:
palrs of points af vanous distances
1]
1] DISTANCE =
Geographic Space Numeric Space Geographic Space

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,
there shoul dndt be an yerdlasthelocatonlisexactlythe sgnkas a v a
itself. As the distance between points increase, subsets of the data are scrutinized for their
dependencyThe shaded portion in the idealized plot shows a rapid deterioration of the spatial
dependency among thamaple points.The 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 distance f

An equations fit to the Distancdifference 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 weights by investigating the spatial dependehey

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 a summary procedure.

Aut hor 6bketmdea@polegize in advance for such a terse treatment of a complex subject. Topic 8, Investigating
Spatial Dependency of the online bad&p Analysiq www.innovativegis.com/basigliscusses in greater depth the
various measures of spatial autocorrelation, their interpretation and use in interpolation.
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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 design and interpolation technique greatly

affect the results when converting discrete point samples (e.gsasgples) to continuous map

surfaces (e.g., map of phosphorous levels throughout a field). The only thing for certain is that
there isnb6t a single best procedure that <cove
considerations have been disaugss, but the only good way to det
empirically verify the results. This involves generating several maps under different
sampling/interpolation procedures, then testing the results against a set of known measurements,
aptlytermeca At est set . 0O As in horseshoes and boch

The accompanying table show large differences among three interpolated surfaces generated
from the same set of point sampled dataes term
and relative advantages and disadvantages of the Inverse Distance, Kriging and Minimum

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

point is AOK, theyore diff erempircalvesficationow can |
technique, termed residual analysis, summarizes the differences between interpolation estimates

and actual measurements for each test location.

Figure 1. Residual table identifying actual and estimated values.
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