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Figun 3·19. HistogrQm of error valu~s re!ultlng from estimation using invcne 
square(! distnnr:e. ~ 

but the distribution for the kriged estimates is more tightly cente~d tJ'Ou!'ld zero: 
that is, it hns ll preferable smaller variance. 

3.7 MISCLASSIFlCATION ERRORS 

__ .. 

Precision, accuracy, and unbiMednenli nrc not tht only criteri11 by which we may 
wish to lStlect an estimator. In many cases, t..~e statistics of the two distributions 
will be closer to one another than the two presented here. Equivalent performance 
makes the selection of an optimal estimator more difficult. In this situation and in 
siruations in w~jch or,ly one threshold concentrntion is of concern, another proce­
dure may be utilized. 

Often, maintaining small errors and unbinsedneas will be superseded by 
classification issues. For example, if an un$am.pled area bas a concentration of 
1000 ppm, an eatimator will seldom eslimetc ~t valge of the area to be 1000 ppm 
exactly. An estimate of 980 ppm might be considered l .. good" eRtimatc or a 
"good" approxlmation b.nsed on tbe accurllcy. SlmHarly, an ~stlmat~ of 1010 ppm 
might also be considered 11ccurate. Note th.at, in each case (980 ppm and 1010 
ppm), the percent error is 2% or less. For ~;patial estimetion, thi.s Level of accuracy 
is consldered very good. 

For remedial activities, critical threshold concentrations are esr!i.bli&htd for 
ench contaminant of concern. Area~~ estimated to have concentrations above this 

, 
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Lbresbold will rec~ivc treannent, but areas estimated ro be below the. threshold will 
pot. Given a strict wesbold level, ".small" estimation errors or ipaccurades may 
be quite aianificant. In t~ followin~ discussion, the difference between a quanti· 
tadve error (real minus estim~ted) will be contrasted with a qualitative error 
(tniseJasaitication). 

J.7.J Type I Error: False Po.ritive.s 

Consic!et &nother &itusdon in which the true soil PCB concentration of a block 
IU"CC il 22 ppm and tl-.e e&tablishe.d threshold !or remediation is equal to 25 pp:m. 
Any IOi1J estimated to be 2' ppm OI above will be excanted and tree.ted. If the 
bJock Is eatimated to have a PCB concentration ifeater than or eq01al to 25 ppm 
(29 petha.ps), two errors have been made.. The first is the error of estimation (29 
ppm minua 22 ppm or 7 ppm). ~ second is the miscla.ssl/ication enor, so named 
because the block has been incorrectly classified above the 2~ ppm threshold. 

Despite 11 relatively "small'' error of e:stimation, the mise1assification error in 
tbl!l case. (u weU as generally) will have a greater impact on the remedial 
e,.,... wencca than will the estimation error. The reason for this is that 11 treat.'llent 
~ .. <>n is beina made based on the classification of the estimate. An area whose 
jdl1l8ted concentration it above 25 ppm that truly has a concentr<ltlon less than 

-2~ ppm wlll be remediated. This remediation is ine.ppropriate and increases the 
remedial expense to those who arc fundina th~ ctean\lp, This fonn of misclassiti· 
cation ia cr.llcd Type 1 EITOr (Rendu 1980). It is also referred lc as overestimation 
or, 1.1 discus&td in Chapter J, a falSI po.sitiv~. 

If the tlitlmared concentr ~tion b•d been J S ppm, the error of estimation would 
have. bun of exactly the same ma~nitude as before (7 ppm vs. 7 ppm). Although 
the ml.iiDtude of the error is eq'LleJ tn both cases, an e&timate of IS ppm places the 
bloc:Jdn a different material classification. More important, this time it is a correct 
c:lassific1tion. Despite the 7 ppm trror of e$timatlon, thb block will not incl.lt 
inappropriate remedial costa. 

3.7.2'JYpt II Error: Falst Negatives 

TypeD Error ia the counterpan. of'n'PC I Error in tenns of rnlsc.iassiflcetioll. If the 
e.stimatad concentration of the block described above does not e:-.ceed the thresh· 
old (21 ppm, for u..smple). che block goes untreated based on the 2S ppm action 
lhrcshold..lf the true concentralion of the block is .reBlly aboYe 2.S ppm, e deci5ion 
will be made tc forso b'tatment. This Incorrect decision is known as Type U Error, 
alto known u und,restinw.tion or fals• negatlvt.s. In thh case. potential future 
health rlsk Uabitltfes (of unknown magnitude) arise as opposed to the direct, 
immediate cost of \lM~essary remediation. Even though the lona·term liability 

-
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may indeed provt to have a cost, it is very difficult to estimD.te and is beyond the 
seope of this book. 

If L~e estimation had been 62 ppm, the error of e~timation would have been 
much greater than that fer the estimate of 21 ppm. However, an estimate of 62 
ppm will cause a conect classifiCDtion decision to be mide despite a larse estima. 
tion error. Estimation errors for areas with conc:entrltions above the thresbold 
limit are of\en very large. For e:utmple, it is not uncommon for sella PCB 
concentrations to reach 2~ ,000 ppm or mere although the threshold 1\mit may be 
clo~r to 25 ppm. Also, in the case of PCBs, the contaminant distribution is often 
highly erratic, wtth concentrations exhibiting steep grndients over .short dista11cea. 
There.fore, an area could be esti.rr.ated to have a PCB concentration of 1000 to 
5000 ppm when itfi actual concentration may be closer to 500 ppm. Nevertheless, 
the correct c:lnssification will be made. 

Pigure 3-20 5hows n seneralhed visual representation of the correct and 
iocorre(;t classifications described above. This graph is known as a f"!IJclassifica· 
tlon ellip.~e. To develop the tllip:w!, the estimated concentrntions nrc plotted on the 
X axis, and the tiUe concentrations are plotted on lhe Y axis.' If an estimation 
method were perfect, the estimatecl concentration would always equal the true 
concentration. Plotting tnJe vs. estimated in this siMltion would result in a graph 
with a 45° Une emanating from the ori~in of the graph. 

UnfOJtuna.tely, perfect estimation is &eldo.m achieved and the estimated coo­
centraticns fall off the 4.5• line. A$ repented estimation experiments e.re perfonned 
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Figure 3·20. The misclessificlllion elUpse. (Prom Optiml:.atfon of Sampling Pollcie1: A 
GtoslatiJiical Approach, by J-M. Rcndu, MMil·AIME. 1980, with permlaslou.) 
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and th~ true v.. e5timated values plotted, a scatter of points forms. This scatter plot 
oflcn-takes on a roughly eJliptical shape; hence the name misclassifica.tion ellipse. 

To ascertain the quantities and types ofmisclassitications present, the thresb­
old conctntration is aJso plotted on the graph (Fi1. 3-20). perpendicular to axes 
for both the true and estimated values. By means of this process, four distinct 
quadrants of clusification emerge. These correspond to tht error and correct 
tliitificatio.n types, with each representina a different decir;ion category. 

The lowet lf!t quadrant of Pigu~ 3-20 (labeled BB) containi concentration 
values for which both the estimated and the true values are below the threshold. 
In this cue, correct classification has been made, so that the area wm appropri· 
attl)' avoid treatment. Similarly, in the upper right quadrant (labeled AA), both the 
estimated and true values fall above the threshold. Again, correct classification 
decisions result, this time with the materlaJ being scheduled for appropriate 
ueannenl. 

'The remdnina quadrants, labeled I a:1d ll, present situations of problematic 
classification. Th"e correspond to Typt l and 1)rpe n Errors. The lower ri6ht 
quidrant,labc:led I, shows the estimated concentrations above the lhre5hold llmit, 
ll~~b th~ true concentrations ~re below the thrubold. This is Type I Error. In 
lr'-- cr left quadrant, labeled Il, the estimated valuea lte below the threshold 

tt1be actual values fall above the threshold. This situation is ~·pe II Error. 
"" Table 3-l pre,enu the krlfins and lSD data in a misclauifieation format. 
lt!at.ead of lislini the tctual error, the type of classification is presented. For this 
approach, the rnl!initude of the error takes a back seat to the deci:;ion mnde on the 
clzniilcatJon. Differences in classfflca~ion between the two methods are hi8h· 
lljhted with an asterisk. 

As with the statistical c;omparison, the kriging estimates niain emerge the 
wlnnm since krhilns producu fewer mbcla.ssitication errors. Kriging produced 
three T)•pc I Errors and one Type II Error, whereas ISD produced six Type 1 Errors 
and two Type 11 Errors. 

Scatter plots for the kriged .and lSD data can be seen in Figure 3-21. The 
krifed values cluater around the 4S' line much more tlghtly than the ISD estimates 
do. Tbia "1lirmner" ellipse is generally ar1 indication of better estimation and more 
accumte clsssiftcation. 

The turn 1')ptcastlng of Error has been applled to the technique o! analyzing 
mJsclauifice.Oon error (Myers 1991 ). This approach ia highly useful in conjunction 
with the method of crosa vaUc:!ation. This approach can be used to determine optimal 
variogram e.nd optimal krl&in; parameter.& employingperformance-ba5ed goals. 

Tbe Typecasting of Error approach lY'..ay not always point to kri&ns as the best 
intczpola.tion rntthod for a particular dati set. For different data, a spline or other 
Interpolation method ma:y be more appropriate. This can assist greatly in pl'oblem& 
dlscu11sed in Chapter z. Typecasting techniques wilJ be discussed in detail in I2ter 
cbll'lefl. 

( 
-· 
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Table 3-2. Comp~~tison of number of misdii.S~ification errou produ~d by twO 
cstimalion re,hr.iques (Kri&lng 'IS. Inverse Squared DisiJUlce), 

Val111 Clarl 

Sam,.W 
Number Real Xrl~ed lSD K.tiet4 ISD 

1 1671 1'36.0 1304.1 AA AA 
2 993 1146.2 12.19.0 I I 
3 i630 1647.8 1546.8 AA M 
4 1439 1509.3 1.559.0 AA AA 
! 746 738,, 766.1 BB BB 
6 667 757.4 787.0 BB BB 
7 1254 1284.1 1447.2 AA AA 
8 1318 1267.9 1368.3 AA AA 
9 1154 Wl.3.~ 991.9 AA ll' 

10 l 012 1012.6 1172.3 AA AA 
11 821 1017.3 1206.0 I I 
l'l 1726 1736.9 180'7.6 AA AA 
13 1105 933.7 91:3.8 n n 
14 1:239 1~09.3 1218.9 AA M 
IS 921 919.2 sos.o as I!B 
16 64.4 689.8 674.4 BB Bl 
17 14.52. 1410.8 1512.7 AA AA 
JB 1220 1176.1 11~9.6 AA AA 
19 !954 1803.0 1713.0 M. AA 
20 1389 1588.3 1850.6 AA AA 
21 976 996.7 1131.1 Bl 
21 13)0 1208.6 1081,, AA 
23 863 893 . .5 lOS3 . .5 BB 
24 2034 18~0.4 1813.2 M M 
25 1587 1717.1 1838.1 AA AA 
26 956 936.9 1138.7 BB BB 
27 ]J)! 1106.0 i.OS0.7 AA AA 
28 1338 122.7 . .5 1320.1 AA M 
29 2267 1973j 1SCS8.8 AA AA 
30 \.541 136,.3 1450.9 AA AA 
31 792 1071.6 1132.0 I I 
32 914 962.6 994.3 DB B8. 
33 127! 1244.4 12'4.9 AA AA 
34 1,!3 1302 . .5 !Ui2;6 AA A/1 
3~ 1076 1453.1 1813.3 M. AA 
36 ssa 738.0 908.0 BB BJ 
37 964 984.1 114!.1 DB J' 
38 1298 1349.1 14!!51.3 AA AA 

'Ettimllltes wh$n:. 150 p~e• a mistlalGiflcation whik Krlgin; produces the correct clusificatioa. 
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~21, Scauet plot of estlma.tl:d vs. true values: (a) Krlfied estimates are used; 
~~·\..,_,/e aquared dl&tance 1stimatea are ua~ed. 

CoNCLUSION 

83 

PrcdlctJoo is a risky game as one tries to zeneralize from specific sample data to 
the sutTOUnding nrea. Estimsl:ion is an unfortunate necessity as time and resowce 
c'on•traints limit other options. R!sk and uncertainty are a prlori entities as they 
deacrlbc potential problems. Error ls a po5teriori in that one. can measure or ddine 
a sp~ciflc result. A number of techniques for estimttin~ spa.tia1 data have been 
presented, with va.rying levels of ~ornplexity. Ahhouih not comprehensive, thia 
aample' of techniques is sufficient to demonstrate that an)' estimation technique 
has a dearee of associated eiTOr. It is important to reali~ that the differ!nce 
between a deterministic 11.lgorjthm and a Atatistical model u that the statistical 
alJOritbm provides an cnor of estimation. Within tht realm of error, different 
types exist that must be mana.aed in different ways, dependina on che DQO and 
other nuda of a project. Chapter 3 has defined some general conditions End 
con.ideradonl; subsequent GEM chapters wlll set out specific technique& for 
addreuing, solvina. and manaein& the errors and uncertainty aurro-.mding esti· 
matea and map• thro\.l.&h statistics, STP, and OA. 

c 
-· 



401 

In .FiJure 14-23a, there ialittle deviation of the conditional e:xpeetadon curve 
:he 45° llr.e ever any range of concentrations. No conditionnl bias i& present 

Ia case, and the estimates are abo globally unbi8.!ed. 

i.4 Assessing Performance.· T)'Ptcasting Error 

mary &tatiarica of estimates and errors, e.long with distribution analysis of 
'lJ.lel end wars derlved from the eros' vaUdation proeess, provide a ,seneral 
l for decision making. However, as Figure 14-20 demonstrates, the results of 
«nt litatistical criteria used to measure performance may b4! in conflict, once 
n relegatinJ decisions regardlnJ preferred estimator~ and appropriate 
JS.I"'...n'l parameters to the !iubjectivc realm. Mod.ined approachu have been 
•osed (Clark 1986, Da,id 1988), but the conclm;ions again indicated that 
~tMty could not be eliminate~ from the crou valic;lztlon process. 
The simplified decision rules i!p}Jlicable to environme-ntal remediation offer 
'ppon.unit)' to remove the subjectivity from cross validation 6tl.ldies. Once an 
:m level has bet.n selected for remediation, D.ll soil estimated t~ cont.tin con­
tQtiona equal to or greater than tf'js value will be subject to remediation. For 
lial purposes, it cioes not matter whether the concentration oflead (Pb) in soil 

l1 Ql' .50,000 ppm; both will be trtated when the nction·Ie.vel is SOO ppm. If a 
k eoncentr&don is incorrectly e5timated, the magnitude of the error is far le!s 
onant than the classiflcation of clean or dirty. One possible exception is PCBs, 
~·hJ~h incineration may be required at levels above SOO pprn in soil. 
ln. Che.pter 3, the mlsclassificatlon ellipse was introduced, alon; witb the 
:ess of typeustln, error. Fi.:ure 14·24 shows a diagram of the misc:la.s6ifice-

J 

' 

IJre 14-24. Mlsclassiflcatfon ellip•. 
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'Thble 14·1. Typecasting of error crou·vnlidntion tesulm for 11 
PCB project. 

!1\re&hc\d co~centration, ppm: 
Total number of estimntes; 

Oocurrl\>nce1 of 'l)'pe l c:rror: 
Occurren~ of Type II error: 
Oct'~rretlces bc:low thrc:tbold: 
Octurrenc:.:a 1bove threahcld: 
Total rr.isclanificati(Jnl: 
Total corrc:ct decisions: 

Numbr,. 
86 
63 

j\8 
198 
149 
516 

2~ 
66! 

P~ICtnt 

12.93 
9.47 

47.82 
29.77 
21.41 
77.59 

tion ellipse. Two general categories are illustrated by the tlllp5e: (l) COil"CQ 

classification in t..~e lower left and upper right quadrants (BB and AA), and (2) 
incorrect clt.ssificarion ('fypes I e.r.d Il) in the lower right and upper left · 
res pee tively. 

By plotting the .oction threshold limit on a scatter plot of true concentrati~ 
vs. concentrarions estimated by cross \'alido.tion, t.lje mlsclEssification ellipse ii· 
fanned. Then, either by counting points on a scatter plot or by computer-~enmled. 
summary, the number of comet classificntions .end the number of errors for eac)l 
category may be tt~bulated. This comparison of correct vs. erron~ous dedsion1 
called f)'pecastins of error (Myer.s 1991 ). 

tJsing lr.is precess, a cross validation estimate fells Into only one of , 
possible classes. The result:s of the classification are then tots led. and &ummari 
An e~~:s.mple Iesult of a typecastins cross vr.lidntion for a PCB project Is IJU•I•~'u..., 
in Table 14-1. . 

The objective of the typecasting approach is to minimize the misc].assificalloD 
errors associated with a iiven estimator or given set of estimation parameterS. ThiJ 
will help minimi.!e decision errors during reme&srion. Ocala can be set durina 
DQO process according to the needs of the stakeholders. PRPs will benefit 
red•Jcing the occurrences of Type I errora, and thus minimizing false 
J"esults and costly ovetremediation. Regulatory tgencles will benefit by ........... -:. 
in& Type II errors, Ll}ere'by helping to assure health and safety. 

14.5.5 Typecasting Error as a Decision Tool 

14.5.5.1 Selecting An Estimat()r 

Many cornputerlxed interpolation methods are available for iJidding da&a 
crcatin~ block models. Amoni the commonly nvai~ble routines a.rc.lnverwc 
distance, triangulation, radial basia functions, Shepard's method. minim~m 

l LINE LONG 
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IUJ"C, polynomial regression, splines, trend surface analysis, and, of couue kriging. 
Kri;inJ al6o comes in many ''flavors"; ordinary. simple, disjunctive, multi-gauss· 
tan, universal, indicator, probabi1lty, and so on. 

It is unlikely that a single estimator will be optimal for all situations. There­
fore, we may wish to test various interpolation methods in order to determiM 
wbich method perfonns best for a particular data set or a particular COC. The 
typecasting error ~pproach allows us to compate estimators based on env1ronmen­
WJy relevant object!~. 

}4,5.5.2 Stltcting Sample Locations 

The result& from a typeca&tifll cross validation lend thexmelves to infonna­
tlvc ,1sual display. Figure 14-25 shows one level of the ReSolve site, a multilevel 
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·Jilpra 14-lS, T)'~stlnJ of trTor location map for one level of the R.eSolve PCB 
"lite. (from A aeo&tatlstical analy111J of PCB concentration11 in soils at the Rt:Solve fiile. 
~S.C. M,..:n, 1992.) 
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site conto:minated with PCBs. As D grcup, the clnssification rc~Jults show rough!) 
the same dusification percentages as those listed in Table 14· I. 

The spatinl confisuration of the remlts ls also of interest. BB (below/below) 
results (from locDtions where both the true and estimattd concentrntlons &rt below 
the thre~hold, or Below/Below) ttnd to be at the mHJiins of the site, as might be 
expected. Similarly, AA (nbove/r.bove) t'eS\llU tend toward the interior portions of 
the site. Type I errors occur in bolh interior 1.\nd exterior locations. They also 
cl\lster in the southwest portion of the map, ir.dicnting a consi!t!nt difficult)' iD 
appropriate e6l~mation. Type II en·ors are few o.nd widely dispersed, showlna DO 
c:onsist.en\ pattern. 

Once the original sample data ar~ returned to the data set, we would expect · 
local estimation to improve, eliminntini gome of the misclas"ificlltions. Tile next 
step, however. is to estimnte block concentrations instead of sample locations. lt 
is reasonable to assume that the ctea.'l that were correctly classified without the 
benefu of tne removed srunple will cont1nue to be correct))' classified.. Whether 
the estimates given to the transition a.teil& between the Type I and D erron &nd AA 
and BB classifications will result in correct classifications is s-till in do1.1bl 

Trnnsition areas provide good tarsets for additional samples. This m&y be 
possible if the site is in the enrly :stll~es of 1nve£.tigstion or it ndditlonalss.mplins 
pro&rams are already planned. PRPs wishing to reduc! the CQst of remediatinJ 
clean soil classified as dirty mli)' wi~h to invest some money in e.ttempts to reduce 
the remedial cost nssocir.ted with Type I error. If no additional characterl;zatiOft 
£amp ling is planned, tmnsiticn Type Il areas provide good taraets for postremediaJ 
excavation samplinJ. These areas are }mown to be diffic\.llt to clas:sify and haYi 
t.~e hishest probabHity of false negative. cltlS&itications. 

14.5.6 Optimizing Interpolation Parameters 

Cross validntion and typ~as ting error technjques may be \.latd for more than 
simply di!tinguisbing between different estimation techniques. They may a1ao be 
u~ed to optimiu the parameters used for a partic\llar estinutor, some of which 11'1. 

extremely sensitive. For simplicity, only kri;ing pl\rameters will be discuued in . · 
this section; the same or similM methods may be used for other interpolators. 

14.5.6.1 Numbtr of Neighbors 

Experience has shown that the parameter most sensitive to typecutinc cnot . 
f~r krlgin~ is tbe number of neigbborins samples used in the cross vali"atloa · 
process (Myera 1991). One reason for this is thAt environmental data ofttn spar 
several orders o£ma.;nitude. An extreme concentration can dramatieally intlucnce. 
the estimated eoncenti'Qtion, even at great dlMa.ncet. • . 

Piaure 14·26 shows a plot of the mlsclassification e:ror u a functioa ot lhl 
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I 
ure 14·16. Plot of th• total misclauifi~al!on error vs. the number of nei&h~ots u$ed 
··pecutlna of c11or cron validation (sample con;t:ntrations) for the ReSolve PCB 

.Prom A saoatallstical analyds of PCB concentrations in 8oil5 at the ReSolve. eile, 
J.C. Myen. 1992.) 

.mber of neiahbors for a soil PCB site usini three different 5t.ts of ~phericaJ 
rlopm parameters. The vapb depictl a steady lind rapid increase in total 
beliasifleations from one sample to approx.imutc:ly 10, with a slower rate of 
:cline beyond. Baaed on this curve, lhe optim\lm nutnber of neighbors for cross 
&iJdat!on is one. This hnplle.s that, for the nctl.lal .kriiing, two samples will be 
~ bece.uac the oriafnal sa.mple wm be ll!pla<:ed in the data set. 
; ~ote that all three varloaram models performed in a surpl'isiniiY f.imilar 
~h!o.a. This does nor Jrnpl)' that rhey ere not impona.nt.lt does, however, suggest 
·~•on&ble approach ro optfmfzing the kri&}na parameten. A preliminary 

·irio;run analysis should be nm and a reasonable model fit to th~ experimental 
lata. Thia y.t.Jfminaty model may then be csed co determine tbe optimal number 
.t'lle!Jhbora. Once that. number bas been determined, it CAn be held constan( while 
~ aenlidvit)' of othedaisJn& parametert is ln\•esti~etecl. 

The resullt presented in Fiaure 14-26 tuggest an almost polygont1 approach 
:0 tacfmattoa. Such ~ lts are 110t necessarily typical. Fi,ure 14-27 $bows anothe.r 
Fapb of tbe same type es Ffrun 14-26, this lime for the jndicator values of the 
lime data, In1tcad of • condnoous rise wllh increasin& n~labbon. the grzph !:ihcw• 
.• 001\dstenr drop ln enu u.ntil a minimum it reaehed for lS neighbors. Beyond 
.!his minfmum, errort be&fn a slow but fluctuatina rise. 
,t Ptsure 14-:28 shows anothet example of misclasslflc:ation en-or behavior. 
".,.or vl.luu fall sharply at first, reach.inaa minlmumat four. Ector then begins a 

l _______ _ 
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Figure 14·17. Plor of tht tot11.l mis.;las~iticnlion error vs. the number of nelahbort used 
in typecastin£ of error crou validation (lndi.;lltOJ val1.1es) for !he ReSolv~: PCB sile. 
(From A aeos~t1st.icalllnalyllis of PCB concenrrlllion5 in soils ~t the R~:Solvc sile, by 
J.C. Myer•, 1992.) 
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Figure 14-ll. Plot of the lora! ml$classllication ~rror va. the number of neipbotl 
\!Sed in typecasting of ~rror cro~ ~Udatlon of semple concentrations for a VOC ln 
groundwater. (Frcm A iCOStatlstical anal>-sis of PCB concenttationa ic aoU• at lbw 
ReSolve site, by J.C. Myere, 199Z.) 

slow but mostly consistent rise beyond the minimum. As a remirdcr, five 
'hould be \lsed duting kriging aa it is appropriat~ to include the original 
ar.d all !our optlmal oeigbbort. 

14.5.6.2 Search Radius 

As dis~ussed earlier in this chapter, the final utimate il inflllenetd bf 
search param.ete.rs uaed. Cross validation ~6U1ts are also influenced by the 
parameters and are somewhat related to the number of nei;hbon. 
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. In otder to obtain a larae number of neighbors, a reasonably large search 
adi11s will be needed in many instances. One must remember that, whereas lS 
clahbota :may be ~pecified as a maximum. an insufficient redius may never 
~ture this many sample points. Thil!i must be balanced by the fact that samples 
i exueme distances may not be a.pproprl&te for local estimation. 

r~.5.6.3 \.hrtoaram Rangt 

•: The krigina ellsmple in Chapter 13 demonstr2ted that the rnnge of the 
~osn.m model has an cff~t on the :kriaina weights and, con&~uently, the final 
Nt~mate. While typccastinc cnor results are not as sensitive to the ran,e as to the 
aumber of ne.iihbors, different vuiosram ranses and snilsotropies (both ratios and 
llritnt.ttlons) should be investiizted. The model tha.t provides the best tit to the 
eJ.PCrimental varioifam may not, in fact, be the most reliable estimatoi. 

U.5.6.4 Nugg~t Effect 

Typecas.lina error re~oults are quite sensitive to the influence of a nugget eff!tt. 
~the nupet effect increut.s, sample weiihts become more alike and estimates 

..raw closer to a simple averaae. In aeneral, the addition of a nu~get effect has s 
· cktrlalantal effect on tbt typecDStins error results. The effect of various nugget­
to·a111 ratios should be lnvestlaat~ durins a cross validation study. 

U.S.6.5 Vizrioaram Sill 

AI d.l~ussed in Chapter 13, the heisht of the sill does not affect the krlsina 
we~tl nor the block gr point estimate. Therefore, it is not necessary to investl­

. Jilt different sills durln1 cross vrJidetion. 

I 

.~ U.S.7 Caveats for Cross Validation 

t.;4,J. 7.1 Problems ln 7Wo Dlrn~nsiont 
: Figurt 14-29a showsa re~Ylar unit arid ofsamples at distanced (d "" 1), with 

·u unsampled point p to be estimated. In thi1 case, fOJ any unsampled pcint. 

Maximum distance • -Jr 

Clr &PPJ:Ox!mately 0. 7 . . · 

-~ . ··.· . ·~ .. 
. . ~ ~!f 
":~-n·: 
·~::~ .. 
'·!'~ ·· ....... (' .. 

'}:~if· 

··"' '"~ ···~ 

~~~t 
rr-t.· 

~ . ·.: .... ... 
~-~~· 
·"·"' 



408 GEOSTATISTICAL. APPRAISAt. 

, ... d ..; 

• • • • • • 
1· 

• 
!4-r-

• ·<· • • • • • , 
• • p • • • • • • 
• • • • • • • • 

(a) (b) 

Fiuure 14·19. Problems itl cross vnlidntion: the two-climc:nslone~J c::~ac. (Prom 
Hand/xJOk of Applltd Adwmctd Gtostaristic(ll Ort &~trve E.rrii'!Kifion, by M. D1\'icl, 
Elsevier, 1988. Cour~sy of Mi~llel D1wld.) 

Fignre 14·30. Problema i11 cross validation; the three-dimensional r:u .. (from 
H,mdboofc of Applied Advt~nctd GtollatJ.nicgl 0~ RtstTY• E~limarWri, by M. O•vid. 
EJsevi.r, 1988. Courte.y of Michel David.) 
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The geometry chana;es wh•n a point is removed for cross va.llc!aticn. Figure 
14-l9b ahows that lho closest dbta.nce from pcint P to a sample is now d or l. 
Mtb all aamplas at a aruter rlistance, it will bt more difficult for any estimator 
r;~ produce an accurate estimate or cllssiflcr.tion of the un5ampled point. 

}4.5.7.'2 Probltms in Thrte Dimensions 

~ Figure 14·30 show& ih~ reverse problem fr\lm two dimensions. A vertic~ bor­
llli la mown wlth a central interval removed in antlcipaUon of estimation by croas 
va:u<Sation. Now, the nee.rest nei,&hbon are directly above and below the point to bD 
~mated. Reaardleu of the estimator of variogrun model selected, the point es ti­
mate wiU be very close to the t'lrarai;e. of the two samples surrounding the interVal. 

Without additional samplina, the problem in two dimensions is not easily 
'tolved. In three dimensJons, however. we n-..ay remove samples within a certain 
distance of the point to ba e£timattd. This should be done with ca1.1tion 50 as to 
JVcl4 re(rtatin& the two-dimensional problem . 

... -:oNCLUSlON 

!IICCCIJful lmplc::mentallon of lcriaina dept.nds not only on a computer program 
·tat respec:ll the cqua.tion1 develop~ in Chapter 13 but a1so on a practical 
. IIOOnL&nding of the interactions between the various lcrlsfna pau.z:neter$ and 

b)ock model constraints. Theat inc!ude toposra.phic constraint&, COlTect search 
proced-ures, and appropriate cross validation where typecasting enot may be 

i valaable. Computar kriaing and contouring can often be accomplished with the 
i P'IISb of a button, but the practitioner is responsible for detennininG whether the 
r.resulttnt map s.~ould ~ cluaiiied as "sospel" or ·•aarbaae." 


