MAPPING GROUNDWATER QUALITY IN THE NETHERLANDS



CIP-GEGEVENSKONINKLIJKE BIBLIOTHEEK,DEN HAAG
Pebesma&dzerJan

MappingGroundvaterQuality in theNetherland¢ EdzerJan
Pebesma.Utrecht:FaculteitRuimtelijke Wetenschappen
UniversiteitUtrecht.- lll., tah
ProefschriftUniversiteitUtrecht.- Met lit. opg.- Met
samenattingin hetNederlands.

ISBN 90-6266-127-0

Trefw.: grondwaterkwaliteit ; kartering; Nederland

ISBN 90-6266-127-FThesis)
ISBN 90-6809-216-ZNGS)

Copyright O FaculteitRuimtelijke WetenschappedniversiteitUtrecht 1996

Niets uit dezeuitgave mag wordenvermenigvuldigden/of openbaargemaaktworden door
middelvandruk,fotokopieof op welke anderewijze danook zondervoorafgapandeschriftelijke

toestemmingandeuitgevers.

All rightsresered. No part of this publicationmay be reproducedn ary form, by print of
photoprintmicrofilm or ary othermeanswithout written permissiorby thepublishers.

Omslagontwerpviark Oonk



M APPING GROUNDWATER QUALITY IN THE NETHERLANDS

HET KARTEREN VAN DE GRONDWATERKWALITEIT IN NEDERLAND
(meteensamenattingin hetNederlands)

PROEFSCHRIFT

TER VERKRIJGING VAN DE GRAAD VAN DOCTOR AAN DE
UNIVERSITEIT UTRECHT OP GEZAG VAN DE RECTOR MAGNIFICUS
ProrF.DR. J.A. VAN GINKEL, INGEVOLGE HET BESLUIT VAN HET
CoLLEGE VAN DECANEN IN HET OPENBAAR TE VERDEDIGEN OP
1MAART 1996DESMIDDAGSTE 14:30UUR

DOOR

EpzeEr JAN PEBESMA

GEBORENOP 3 JULI 1967,TE BEETSTERZWAAG



promotor: Prof.dt PA. Burrough FaculteitRuimtelijke Wetenschappen
UniversiteitUtrecht
co-promotor: Dr.ir. JW. deKwaadsteniet Rijksinstituutvoor VolksgezondheiénMilieu

Dit proefschrift werd mogelijk gemaaktmet financiéle steun van het Rijksinstituut voor
VolksgezondheiénMilieu (RIVM)



foar AnneenAndrys






Contents

Chapter 1 Generalintr oduction
1.1 Problemdefinition
1.2 Groundwvaterquality—whatis it?
1.3 Monitoringgroundvaterquality
1.4 Modellinggroundvaterquality
1.5 Groundwaterquality monitoringnetwork optimization
1.6 Objectvesandapproach
1.7 Outlineof thisthesis

Chapter 2 Statistical Mapping
2.1 Introduction
2.2 Uncertaintyaccurag andstatistics
2.3 Linearmodels
2.4 Changeof supportanderrorstructure
2.5 Geostatistics
2.6 Confidencenterval maps
2.7 Mappinggroundvaterquality

Chapter 3 Mapsof the groundwater quality in the Netherlandsat 5-17metredepth
in 1991

3.1 Introduction

3.2 An aggrgatedmapcomprisingsoil typeandlanduse
3.3 Dataselection

3.4 Spatialinterpolation

3.5 Thegroundvaterquality maps

3.6 Theeffectsof stratification

3.7 Theeffectsof monitoringnetwork density

3.8 Discussion

Chapter 4 Maps of temporal changes in the groundwater quality in the
Netherlandsat 5-17metre depth

4.1 Introduction
4.2 An aggrgatedmapcomprisingsoil typeandlanduse

o ga »~» B DNN R R

© N~

11
15
16
19
20

22
22
23
23
25
29
32
32
41

44
44
45

vii



4.3 Dataselection

4.4 Changesn groundvaterquality variablesatthewell screens
4.5 Spatialinterpolation

4.6 Results

4.7 Discussion

Chapter 5 Impr oving estimateswith ancillary information

5.1 Introduction

5.2 Ancillary information

5.3 Spatialinterpolationwith ancillaryinformation

5.4 ExampleA. Nitrateleachingfrom agriculturalsoils

5.5 ExampleB. Atmospheriaepositionof zinc

5.6 ExampleC.Measurementsf sulphatan shallov groundvater
5.7 Theeffectsof ancillaryinformation

5.8 Discussion

Chapter 6 Discussionand conclusions

6.1 Introduction

6.2 Optimizingthegroundvaterquality monitoringnetworks
6.3 Generabspect®f thediscussions

6.4 Conclusions

6.5 Futuredirections

Summary

Samervatting in het Nederlands

Appendix A Tables

References

viii

45
46
48
51
54

57
57
58
59
61
66
71
74
74

80
80
80
81
83
83

87

91

96

99



List of Figures

2.1 Nitrate-N concentation measued in the groundwater monitoring networksat
5-17 m depthin 1991.Bulletsare cented at measuementocations.Bullet sizeis
proportionalto themeasued concentation

3.1 Soil typeand land usemap.Dominantsoil-land usecategoriesfor 2 km x 2 km
cells

3.2 Monitoringnetworklocations Sitesof thenationalgroundwaterqualitymonitoring
network(s) and the provincial groundwaterquality monitoringnetworks(+) that
contributedto thegroundwatergquality maps

3.3 Variogramsof 9og(Al), stratified by soil typeand land use A numberreflectsthe
numberof observatiorpairs usedfor an estimatg+) of a variogrampoint,codes
usedfor a variogrammodel(—) are explainedin Table A3 page 97

3.4 Map of aluminiumin the groundwater95% Confidencentervalsfor 4 km x 4 km
block medianvaluesrelatedto four concentationlevels

3.5 Map of aluminiumin the groundwater (alternative display of Fig. 3.4). 95%
Confidenceintervals for 4 km x 4 km block median values related to four
concentationlevels

3.6 Theeffectsof nostratificationfor aluminium95%  Confidencentervalsfor 4 km x
4 kmblodk medianvalueswhensoil andland useinformationis ignored,relatedto
four concentationlevels.Onlyresultsthat differ fromFig. 3.4are shown

3.7 Variogramof 9og(Al), whenstratificationis omitted Codesusedfor thevariogram
model(—) are explainedin Table A3 page 97

3.8 Variogramsof og(Al), stratified by land useonly. A numberreflectshenumberof
observatiorpairs usedfor an estimate(+) of a variogrampoint,codesusedfor a
variogrammodel(—)are explainedin Table A3 page 97

3.9 The effects of stratification by land use only for aluminium.95% Confidence
intervalsfor 4 km x 4 km blodk medianvalueswhensoil informationis ignored,
related to four concentation levels. Only resultsthat differ from Fig. 3.4 are
shown

310 Variogramsof 9Gog(Al), stratified by soil typeandland use usingonlyinformation
fromthe national groundwaterquality monitoringnetwork A numberreflectsthe
numberof observatiorpairs usedfor anestimatg+) of a variogrampoint,codes
usedfor a variogrammodel(—) are explainedin Table A3 page 97

26

27

28

30

31

33

34

34

35

37



311 Theeffectsof networkdensityfor aluminium (total). 95% Confidenceantervals

for 4 km x 4 km block medianvaluesbasedon measuementsrom the national
groundwater quality monitoring network only (provincial monitoring network
informationis left out),relatedto four concentationlevels.Onlyresultsthat differ
fromFig. 3.4areshown

312 Theeffectsof networkdensityfor aluminium(secondorder information).95%

Confidencentervalsfor 4 kmx 4 kmblock medianvaluesbasedon (i) first order
information from both monitoring networks,and (ii) secondorder information
from the national groundwaterquality monitoring networkonly, relatedto four
concentationlevels.Only resultsthat differ fromFig. 3.4 are shown

313 Theefrectsof networkdensity(first order information).95% Confidencentervals

4.1

4.2

4.3

4.4

4.5

5.1

5.2

5.3

for 4 km x 4 km block medianvaluesbasedon (i) first order informationfrom
the national groundwaterquality monitoringnetworkonly, and (ii) secondorder
informationfrom both networksrelatedto four concentation levels.Only results
thatdiffer fromFig. 3.4 are shown

Monitoringnetworklocations Sitesof thenationalgroundwatergquality monitoring
networkthat contributedto themapsof changesin groundwaterquality

Sdematicrepresentatiorof ‘new observationsandtheir accuacy(aserror bars)
at a singlemonitoringwell screen(no actualmeasuementslrawn)

Variogramsof 9og(K), stratified by soil typeand land use obtainedfromthe 1991
measuementgnationaland provincial monitoringnetworks)A numberreflectghe
numberof observatiorpairs usedfor an estimatg+) of a variogrampoint,codes
usedfor a variogrammodel(—) are explainedin Table A3 page 97

Map of potassiunin the groundwateraround 1980,whee it differs fromFig. 4.5
(‘faround 2000’).95% Confidencenterval for 4 km x 4 km block medianvalues,
relatedto four concentationlevels

Map of potassiunin the groundwateraround 2000,whete it differs fromFig. 4.4
(‘faround 1980’).95% Confidencenterval for 4 km x 4 km blodk medianvalues,
relatedto four concentationlevels

Mapof nitrogenleacingratefromagricultural soilsto shallowgroundwateNalues
are avelagedfromtheoriginal 500m x 500 m modelcalculationsto yield 2 kmx 2
kmmeanvaluesOnly cellsin thecategory grasslandon sandare shown

NO,-N concentation in groundwaterand nitrogen leaching rate Plot of NO,-N
concentationmeasuedin thegroundwatewversusnitrogenleachingratefromsoils
to shallowgroundwaterfor thecategory grasslandon sand

Variogramsof (a)elog(Nos-N),and(b) residualdor thecategorygrasslandonsand.
Calculationof the samplevariogramsis explainedin TablesA2 (page 96) and A6
(page 97). Numbesreflectthenumberof (a) observatiorpairsor (b) residualpairs
usedfor an estimatg+) of a variogram point.Codesusedfor a variogrammodel
(—)areexplainedin Table A3 (page 97)

38

39

40

47

49

50

52

53

62

62

63



5.4 Mapof NO;-N in thegroundwater(category grasslandon sand) 95% Confidence
intervalsfor 4 kmx 4 kmblodk medianvaluesyelatedto four concentationlevels.
Estimatesare obtainedby ordinary kriging (on log-scale) usinginformationfrom
themonitoringnetworksonly

5.5 The effects of using information on nitrogen leadhing rates.95% Confidence
intervalsfor 4 kmx 4 kmblock medianNO,-N concentationsyelatedto four levels.
Estimatesare obtainedby univeisal kriging (on log-scale)usingbothinformation
from the monitoring networksand ancillary information (nitrate leaching rates).
Onlyresultsthat differ fromFig. 5.4 are shown

5.6 Map of atmospheriaepositionof zinc.Valuesare interpolatedfromthe original
10 kmx 10 kmmodelcalculationsto 2 km x 2 kmcells.Only cellsin the category
semi-natual vegetationon sandare shown

5.7 Zincconcentationin groundwaterandatmospheridepositiorof zinc.Plot of zinc
concentationmeasuedin thegroundwaterversusatmospheridepositiorof zinc,
for thecategory semi-natual vegetationonsandA bullet (¢) marksa measuement
at a seepagelocation

5.8 Variograms of (a) 9og(Zn) and (b) residualsfor the cateyory semi-natual
vegetation on sand,non-seepge locations.Numbes reflect the number of (a)
observationpairs or (b) residualpairs,usedfor an estimate(+) of a variogram
point. Codesusedfor a variogram model(—) are explainedin Table A3, page 97.
Calculationof the samplevariogramsis explainedin TablesA2 (page 96) and A6

(page 97)

5.9 Map of zinc in the groundwater (category semi-natual vegetation on sand).
95% Confidenceantervalsfor 4 km x 4 km block medianvalues relatedto four
concentation levels.Estimatesare obtained by ordinary kriging (on log-scale),
usinginformationfromthe monitoringnetworksonly (resultsapplyto non-seepge
locationsonly)

510 Theeffectsof usinginformationonatmosphericepositiorof zinc95%Confidence
intervalsfor 4 kmx 4 kmblock medianzincconcentations relatedto four levels.
Estimatesre obtainedby universal kriging (onlog-scale)usingbothinformation
from the monitoring networks and ancillary information (zinc atmospheric
depositiorrates) Only resultsthat differ fromFig. 5.9 are shown(resultsapplyto
non-seepge locationsonly)

511 Map of sulphatemeasuementsites.Shallowgroundwatermeasuementsites(+)
and groundwaterquality monitoringnetworksites(e) in thecategory semi-natual
veggetationon sand

64

65

67

67

68

69

70

72

Xi



512

513

514

515

Variograms of sulphate Variogram for (a) eIog(SOA) measuementsfrom the
groundwaterquality monitoring networks(category semi-natual vegetationon
sand)for (b) eIog(SOA,) fromtheshallowgroundwatemeasuementsand(c) cross
variogramfor (a) and(b).Anumbermreflectehenumberof observatiorpairsused
for anestimatd+) of avariogrampoint,codesusedfor avariogrammodel(—)are
explainedin TableA3 page 97. Calculationof thesamplevariogramsis explained
in TablesA2 (page 96) and A7 (page 98)

Map of sulphatein the groundwater(category semi-natual vegetationon sand).
95% Confidencantervalsfor 4 km x 4 km blodk medianvaluesrelatedto four

concentation levels.Estimatesare obtainedby ordinary kriging (on log-scale),
usingmeasuementgromthe groundwaterquality monitoringnetworksonly and

thevariogramof Fig.512a

The effects of using shallow groundwater measuement information. 95%
Confidenceintervals for 4 km x 4 km block mediansulphateconcentations,
relatedto four levels.Estimatesare obtainedby cokriging (on log-scale)using
measuementsfrom shallow groundwater and from the groundwater quality
monitoringnetworksand the variogramsof Fig. 512a-c.Only resultsthat differ
fromFig.513areshown

Local scatterplotsof measuementsrersusancillary variablefor NO,-N (a) and
zinc (b). For five arbitrarily chosen(but distinct) local kriging neighbourhoods
R, scatter plots showconcentation in groundwater(a: NO,-N in g/m3, b: zinc
in mg/rﬁQ') versusthe ancillary variable (a: nitrate leacing ratein kg/(ha.yr),b:
atmospheridepositionof zincin mol/(ha.yr)) Arrowslink thelocationfor which
kriging neighbourhoodnformationis shownto thecorrespondingscatterplot

6.1 Monitoringnetworkoptimizationtotal costasa functionof measuemenintensity
Thearrow pointsto an‘optimal’ measuementintensity

Xii

73

75

76

81



List of Tables

3.1

3.2

3.3

5.1

Basicinformation: (1) soil-land usecategory, (2) areacovered by the category, (3)
numberof selectedneasuement$romthenationalgroundwateiqualitymonitoring
network for ead category and (4) numberof selectedmeasuementsfrom the
provincial groundwatemuality monitoringnetworkfor eat category. Figs.3.1and
3.2showthespatialinformationon (2),(3) and (4)

Theeffectsof stratificationfor aluminiumNumberof cellsfor which thevalueof
a 95% confidencenterval for a 4 km x 4 km block medianconcentation related
toareferencdevel (possiblevalueshigherlowerandnotdistinguishableghanged
asaresultof omittingstratificationby (a) land use (b) soil typg and (c) both(total
numberof cells:8197).Changd cellsfor columns(b) and (c) are shownin Figs.
3.9and 3.6 respectively

The effects of monitoring network densityfor aluminium.Numberof cells for

which the valueof a 95% confidencenterval for the 4 km x 4 km blodk median
concentation relatedto a refelencelevel (possiblevalues:higher lower and not
distinguishablethangedasa resultof omittingtheinformationfromtheprovincial

groundwaterquality monitoring networks(PGMs) (total numberof cells: 8197).
Changesare a resultof (a) lossof informationaboutvariograms(secondorder
information),and/or (b) loss of information about the meanlevel and location
specificinformation (first order information). Changes from eat one of these
componentare alsoshown Changed cellsare shownin Figs.311 (total),312(a)

and313(b)

Theeffectsof ancillary information.For ead variable and level the numberand
percentaye of cellsfor which the addition of ancillary informationchanged the
outcomgpossiblevalueslower, higherand not distinguishable)

24

36

36

77

Xiii



Xiv



Chapter 1
General introduction

1.1 Problemdefinition

Pollution from agricultural and industrial origin threatensthe groundvater quality in the
Netherland¢VanDuijvenbooden]989).Locally, this pollutionis measuredh thegroundvater
attensof metreglepth(CCRX,1994,1995) Sincegroundvateristhemainsourceof freshwater,
pollutioncausesidecrease thelong-termresourcesf watersuitablefor humanconsumption,
andcurrentlywatercompaniesave to increaseheir efforts for makinggroundwvater suitable
for drinking (Verstegh et al., 1995).Furthermorepbecausenostgroundvaterfinally flows to
thesurface a deterioratiorof groundvaterquality affectsthe ecotydrologicalconditionsof the
receving seepagareasaswell asthereceving seas.

In orderto getinsightin the currentsituationof groundvaterquality andthe systematic
change®sf groundvaterquality overtime,thenationalgroundvaterquality monitoringnetwork
(NGM) wasestablishedrom 1978to 1984 (Van Duijvenbooderet al., 1985). This network
consistof 370 permanentvells spreadairly evenly over the country(Fig. 3.2 page27), with
screensat 8-10and23-25metrebelon the soil surface. The network is sampledyearly, at first
for 19variablesandmorerecentlyfor 25variablesin recentyearsall provincescommencethe
installationof similar monitoringnetwork sites the provincial groundvaterquality monitoring
networks(PGMs).Currently they provide a doublingof thenumberof wellsin theNGM.

Becausehe monitoring network is a major financial investmentgquestiondike ‘do we
have sufficientmeasurements8t ‘canareducedmonitoringnetwork besufficient?arise Such
guestionsanonly be answeredvhenwe have answerdo the questionssufficient for what?’
and‘what exactly do we needto know aboutgroundvater quality?’ Clearly, this callsfor the
guantificationof what canbe inferredfrom availableinformationaboutthe quality of all the
groundwvater of interest.Thereforewe need(a) to choosea suitable,effective and estimable
measureof groundvater quality (what characteristiof groundwater quality do we needto
know?),and(b) to handletheestimatioruncertaintyn ameaningfulway (to whatextentcanwe
infer thischaracteristifrom availableinformation?)Theuncertaintyaboutthetruegroundvater
gualitythatresultdrom limited estimatioraccurag isthekey parametein optimizationstudies,
wherea trade-of betweerphysicalcostandlossesdueto limited knowledgeshouldbe made:
if we needto know everythingaboutgroundvaterthenwe will have to measureaverything,
whichwill costtoo much;if we donotwantto spendmoney, we will haveto live with complete
uncertaintyaboutthegroundvaterquality. Someavherebetweerthesdwo extremaliesanoptimal
groundvaterquality monitoringnetwork.
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1.2 Groundwater quality—what isit?

Groundvatermay be definedasthe subsuracewaterin soilsandrocksthatarefully saturated
(WardandRobinson1989).Dueto a precipitationsurplus partof theinfiltratedrainwaterflows
throughthesoil andreacheshesaturatedone whereit becomegroundvater In generalfresh
groundwvaterflowsin thedirectionof thelowestgroundvaterheadsusuallythelower elements
in the landscap€e.g.,a sea,lake, river, depressioror local drainagepoint), whereit finally
exfiltratesassurfacewater The flow speeddepend®n the gradient(slope)in the groundvater
table and the permeability(or resistancedf the soil. Conceptuallygroundvater flow canbe
dividedinto vertical flow andhorizontalflow. In the areawith sandysoils (Fig. 3.1, page26),
the vertical, downward flow speedof groundvater nearthe groundvater table is estimated
to be approximatelyl metre per year (Meinardi, 1994) in rechage (infiltration) areas.The
horizontalflow mayrangefrom afew metredo hundredof metreperyear dependingnlocal
circumstances.

Wheninfiltrating waterreacheghe groundvatertableit hasa chemicalcompositionthat
dependn the compositionof the rainwater on the condensatiorue to evapotranspiration,
andon the absorptiondesorptionchemicalandbiochemicakeactionghat occuredduringthe
flow throughthe possibly contaminatedsoil. The chemicalcompositionof groundvater is
variablein spaceandtimeasaresultof variabilityin theamountandin thechemicatomposition
of rain, of variability in the chemicalcompositionof infiltrating water (possibly resulting
from agriculturalor industrial pollution), variability in evapotranspirationasa result of soil
heterogeneityof interactionof infiltrating waterwith the solid phaseandof the heterogeneity
of the geochemicaandgeolydrologicalervironment.lt is often establishedhatthe variation
in chemicalcompositionis very largein the mostshallov groundwvater(i.e.the uppermetreof
groundvater).Duringtheflow of groundvater mixing occursandit is expectedhatasaresult
of thismixing thelarge (horizontalandvertical)short-distanceariationdecreasewith depth.

Groundwvater quality is the suitability of groundwater for a certain purpose Here,we
will define groundvater quality as the suitability of groundwvater for humanconsumption.
This suitability dependsnostlyon thechemicalcompositiorof groundvater(notethatin some
casesnicrobiologicalcomponentsnay be importantaswell). As far asgroundvaterquality is
determinedy chemicalcompositionjt canbe mappedby shaving the chemicalcomposition
in relationto critical levelsfor humanconsumptione.g.(multiplesof) targetconcentrationsr
maximumtoleratedconcentrations.

1.3 Monitoring groundwater quality

The national groundvater quality monitoring network (NGM) was establishedrom 1978
to 1984.The objectvesof this network are (Van Duijvenbooderet al., 1985)to investicate
(i) the quality of the groundwvaterin the upperaquifer, (ii) the extent of humaninfluenceon
groundvater quality and (iii) the changesof groundvater quality over time; and to collect
sufficientinformation(iv) to allow a good managemendf groundvaterresourcesand(v) for
thedevelopmenibf groundvaterquality managemennodels.

Human influence on groundwater quality would be detectableat first in the most
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shallov groundvater andthereforeit seemssensibleto monitor only the upperfew metresof
groundvater However, due to the large short-distancevariationin shallov groundwvater this
would call for somary monitoringsitesto beeffective thatthecostsof suchanetwork wouldbe
toohigh.For thisreasontheupperscreensf theNGM wereinstalledsomevhatdeeperat8-10
m depth.In rechageareaghegroundvatermeasureatthisdepthhasinfiltratedapproximately
10 yearsheforethetime of measuremen&creen®f 2 m lengthresultin anintegratedsample
of a2 m layer of groundvater thusrepresentinggroundvater that infiltrated in a period of
approximately? years The screerlengthchoicehasbeena compromiseshorterscreensnight
have revealedvariationsat shortdepthintervalsthatresultfrom (irrelevant)seasonavariation,
whereagongerscreensesultin averagingover alongertime (depth)interval whichwould have
hinderedthedetectiorof systematichange®f groundvaterquality over time.

Themonitoringwell locationsof theNGM wereselectedvith thefollowing criteriain mind
(VanDuijvenbooderetal.,1985):

(i) thelocationsshouldbespreadatherevenly overthecountry(e.g.seeFig.3.2)
(i) awell shouldbesitedonthe prevalentsoil typeandlanduseof thelocation

(i) awell site should,asfar aspossiblepe on the off-streamsideof a contiguousareawith
constansoil typeandland use thusenablinga non-ambiguouseterminatiorof soil type
andlanduseof theinfluenceareafor well screens

(iv) practicalconsiderations.g.it mustbe possibleto reachthelocationby car.

Monitoringwellsaresampledyearlybecaus@nly the structuraichangean groundwaterquality
over severalyearsis of directinterestin orderto avoid possibleseasonalfluctuationsto shav
upin thetime seriesfor a well, eachwell is visited every yearin the samemonth.The sample
thatis analysedn the laboratoryis taken after the withdrawval of approximatelyl00 litres of
groundvater Thereforeat a sedimentporosityof 0.3,this samplerepresentshe groundvater
presenin asedimentolumeof approximatelyonethird of a cubicmetre.Thesetof variables
measurechas grovn over the years.Most of the variablesmeasuredn the first yearsof
measurin@relistedin TableA5 (paged7), thevariablesneasuredh 1991arelistedin TableAl
Obviously, the choiceof variableghataremeasureds guidedby therelevanceof thevariables
for groundvaterquality assessment.

Theareaof influencefor awell screens theareawvheregroundvatersampledatthatscreen
hasinfiltrated.Horizontalgroundvaterflow causes horizontaldisplacemenof theinfluence
arearelatve to ameasuremerocation.

It is expectedthat factorslike land use,soil type and geotydrologicalsituationhave an
influenceon groundvaterquality. For the mappingof groundvaterquality—theestimationof
current situation and systematictemporalchangesof groundvater quality variables—these
factorsshould asfaraspossiblepetakeninto account.
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1.4 Modelling groundwater quality

Whenwe modelgroundvaterquality, we try to summarizeéhe spatialandtemporalvariationof
groundvaterquality variableswith alimited setof concept®r mathematicatquationsBecause
of thecomplity of variationin groundvaterqualityandourlimited knowledgeof it, any model
mustbea simplificationof reality.

Not all modelsare suitablefor mappingpurposesFor instancea modelthat needsthe
chemicakompositiorof thegroundvaterasinputfor assigninga certaincharacteristi¢oit (e.g.
Frapportiet al., 1993)canonly be appliedat measuremergites,i.e. wherethis compositionis
known. Sucha modelis oftena descriptve model:it summarizeg¢describeshe measurements.
For mappingpurpose# is necessarthata modelis predictve:it mustbecapableof estimating
the groundwvaterquality at locationswhereit wasnot measuredin additionto measurements,
predictve modelstypically useoneor moreindependentariablesvhosevalueis known at all
estimationmapping)ocations.

Tobecompleteaphysicallyandchemicallybasedieterministigroundvaterqualitymodel
would containatleastthree-dimensionalon-stationargonvectve anddispersve transportand
accountfor geochemicateactionsFor the transportmodelling(e.g.Domenicoand Schwartz,
1990)it would thenbe necessaryo know for every locationthe initial groundvatertable,the
groundvaterrechageasafunctionof time,andfor everylocationanddepth(or moreprecisely
for every spatialunit that discretizeghe three-dimensionahodelspace}he permeabilityand
dispersiorcoefficientof thesedimentFor thegeochemicainodelling(e.g.AppeloandPostma,
1993)it would thenbenecessaryo know theinitial chemicalcompositionof groundvater the
chemicalcharacteristicef the sedimentthe groundvatertemperaturend mary equilibrium
constantsagain for all model units. Collecting the necessarynformation—if possible—is
a major effort. For practicalreasonsa modelon a nationalscalewould have unitsthe size of
hundredsof metresto kilometres,and evenif we had acceptablesstimatesf the necessary
variablesandparameterdf remainsquestionablevhetherthe constantandequationsisedin
sucha modelarestill relevantwhenappliedto spatialunitsthissize(e.g.,Beven,1985).

As will be shawn later, mappinggroundwvater quality is possibleby usingmuchsimpler
modelsthat lump mostof the above mentionedfactorsinto a spatially dependenstochastic
term.

1.5 Groundwater quality monitoring network optimization

The groundwvater quality monitoring networks accountfor a substantiapart of the total cost
of ervironmentalquality monitoring networks, and questionsariseasto whetherthe way we
currentlymonitorgroundvaterqualityisworththecost Monitoringnetwork optimizationwould
atleastinvolvetheevaluationof thetotalcostof anetwork with respecto measuremerntensity
andparametechoice ,wheretotal costincludescostof measuringandthe lossdueto limited
knowledgeof the groundvaterquality. The specificatiorof sucha lossfunctionis non-trivial,
andis beyondthe scopeof thisstudy

Beforewe canmalke ajudgmentaboutthevalueof thecurrentmonitoringnetwork,we have
to establishio whatextentwe caninfer thecurrentsituationandchange time of groundvater
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quality for the whole of the NetherlandsFor this, we must map (estimate)he groundvater
quality, usingasmuch aspossiblerelevant information:measurementsom the nationaland
provincial groundvaterquality monitoringnetworks,mapinformationon soil typeandlanduse,
hydrologicalparametersind deterministigprocessnodels.The estimationaccurag limits the
possibilityto infer groundvaterquality from estimates.

1.6 Objectivesand approach
Theobjectvesof thisstudyareto

 map groundvater quality in the Netherlandsusing available measurementfrom the
nationalandprovincial groundvaterquality monitoringnetworksandmapinformationon
soil typeandlanduse

* shaw theeffectsof monitoringnetwork densityandthe effectsof usingsoil typeandland
useinformationon theresultinggroundvaterquality maps

* map the systematictemporalchangesn groundvater quality in a way similar to the
mappingof groundvaterquality

 shav how groundvater quality maps can be improved by using relevant ancillary
information in the estimationprocedure where ancillary information is obtainedfrom
deterministiqgorocessnodelsor from othermeasuredariables.

Theprimaryaimis, with theseobjectives,to try to answelrthe basicquestionf describinghe
currentsituationandsystemati¢demporalchange®f groundvaterquality for the whole of the
Netherlands.

In this studyfairly simple modelsare usedin which mary of the factors(or processes)
that could be usedin a complex deterministicphysical-chemicabpproachare lumpedinto a
stochastitermthatmaybespatiallydependeniThemodelsusedallow anexplicit quantification
of theaccurag of resultingestimatesThisaccurag is takeninto accounin theresultingmaps,
anticipatinghequestioraboutthevalueof thecurrentmonitoringnetworksfor inferringcurrent
situationandsystematichangesn time of groundvaterquality.

Thisthesisexplainsthe methodsused,illustratedby resultson a few groundvaterquality
variables. Completeresultsfor all groundvater quality variablesmeasuredn the monitoring
networksfor mapsof 1991(Chapter3) andfor mapsof changesn groundvaterquality (1980
vs.2000,Chapterd) arefoundin separateeports(PebesmandDe Kwaadsteniet]l 994,1995).

1.7 Outline of this thesis

The statisticalmappingof quantitatve spatial variableslike groundwater quality variables
Is introducedin Chapter2. It explainsthe basicsof spatialvariation,errors,uncertaintyand
statisticswhy we usegeostatisticamodelsfor the spatialestimationof variablesandwhy we
presentesultswith limited but known accurag asconfidencanterval maps,andit concludes
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with anoutlineof themethodsusedfor mappingthe groundvaterquality.

Chapter3 describeshiow mapsweremadefor all groundvaterquality variableshatwere
measureat 5-17m depthin 1991.Basedon a stratificationby soil type andland use,selected
measurementandaninterpolatiormethodhattakesspatialdependenceetweemmeasurements
into accountestimateof 4 km x 4 km local mean(block median)concentrationfiave been
presentedn mapsin termsof the approximated5% confidencantervals. The resultingmaps
andtheeffectsof stratificatiorandmonitoringnetwork densityonthesemapsareillustratedwith
exampleson aluminiumconcentration.

In Chapter4 short-termpredictionsfor two extrapolationmoments(1980 and 2000),
obtainedat the monitoringsitesfrom measuremergeriesareusedto obtainmapsof statistical
indicationsof time-trendsThisis illustratedby resultson potassiuntoncentration.

Chapter5 shavs how mapsof groundwvater quality variablescan be improved by using
ancillary information obtainedfrom deterministicprocessmodelsor from other measured
variables.

Chapter6 discussesomegenerabspect®f Chapters-5: it addressesionitoringnetwork
optimization,it shortly lists the main conclusionsandit givessomefuture directions.More
specificaspect®f monitoringnetwork optimization,.e.thevalueof resultsfrom this studyfor
groundvaterquality monitoringnetwork optimizationareaddresseth Chapters3 (monitoring
density) 4 (monitoringfrequeng) and>5 (improving estimatesvith ancillaryinformation).The
aspecbf uncertaintyresultingfrom limited samplesizeis addressethroughouthis study



Chapter 2
Statistical Mapping

2.1 Intr oduction

Thischaptedescribestatisticaimappingwhy we needt, whatstatisticaimapsare how we can
createthem,why we usegeostatisticswhy we presentstatisticalmapsasconfidencentenals
and how we make statisticalmapsof groundwater quality variables Without claimingto be
comprehensk, this chapterintroducesthe most obvious statisticalapproacheso mapping
groundvater quality variablesj.e. variablesthat have a value at every locationbut which are
sampledat a limited numberof locationsonly. Although geostatisticsvasnot developedfrom
classicabtatistic{Cressie1990),hereit isintroducedastheobviousgeneralizatiorf classical
statistical'prediction’for spatialapplicationsThis chapterdoesnot give a full introductionin
statisticor geostatisticdyut merelydescribeshemethodsisedin thefollowing chaptersMore
completereferencesree.g.Cressig(1991),Draperand Smith (1981),Journeland Huijbregts
(1978),andChristenselr{1987,1991).

A mapis a drawing of someattribute of an areaasit would appeatrif it wasseenfrom
above:it is a specialtype of graphthat shavs obsenationsin geographicaspacemappedin
two dimensiondy makinga scaledandthereforeusuallysimplified,generalizedimage Maps
tell uswhere somethinghappensMapsoftenshav directly observedi.e. visually obserned or
measureghhenomenahatcanfor instancebe discreteeventssuchasthelocationof acity or a
road,numbersuchasnumberof inhabitantsat thelocationof thecity, or continuousvariables
suchasthemeasuredalueof agroundvaterquality variableatthemeasuremenbcationgFig.
2.]). Fortechnicalreasonselementsn a mapcanonly bedisplayedwith limited accurag. In
orderto shav not morethanwhatis known, this displayaccurag shouldnot exceedthe extent
to which the elementsare known, and generallythis is solved by choosinga properscaling
anddisplayresolutionIn the ervironmentalsciencest is very commonthatthe ‘obsenations’
shavn onamapdo notdirectly portrayobsenedphenomenéut quantitieghatareonly knowvn
approximatelyandin this casetheneedto limit thedisplayaccurag becomesnoreimportant.

Errorsin mapsthediscrepanciesetweerwhatthemapshaovsandthepartof realityaimed
at, canbe ascribedto locationalerrorsand attribute errors.Errorsthat accruefrom locational
uncertaintywill notbeaddressebere Attributeerroristhediscrepang betweerthevalueshavn
atacertainlocationonamapandthereal truevaluethatthemapaimedto shav. Attributeerrors
usuallystemfrom incompleteknowledgeof theattributein themapareaandtheseerrorsoccur
easilywhenwe have to estimatehe attributefrom measurementthe measuregamples often
difficult andexpensveto obtainandreflectsonly asmallfractionof thepopulationFurthermore
thespatialvariationin themeasuredaluescanbelarge,asin Fig.2.1
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<0.11 g/m3
2.39/m3
5.6 g/m3
11.3 g/m3
22.6 g/m3
45.2 g/m3

Figure 2.1 Nitrate-Nconcentation measuedin thegroundwatemonitoringnetworksat 5-17
mdepthin 1991 Bulletsare cented at measuementocationsBulletsizeis proportionalto the
measued concentation

Theaccurag of amapistheclosenestrealityof themap,anddependsntheobsenations
onwhichthe mapis basedandon whatexactly is beingmappedFig. 2.1is a mapshaving the
Nitrate-N concentratioras measued in the groundvaterin the Netherlandgat 5-17 m depth,
in 1991),and eachmeasuremenrdippliesto a volume groundvater of at mosta cubic metre.
Consequentlthetotal volumeof the measurements atiny fractionof thetotal volumefrom
which the samplesveretaken.SinceFig. 2.1doesnot tell us anything aboutthe groundvater
guality atunsampledocationsthevalueof it asa mapof Nitrate-Nin thegroundvaterfor the
wholeof theNetherlandssrathedimited.AlthoughFig.2.1shavssomepatternnoclaimismade
aboutthe concentratiorat unsampledocations.For mappingthe groundvater quality for the
wholeof theNetherlandssimplyshavingthemeasurementmamapis notenoughandwe have
to estimatehevalueof groundvaterquality variablesatall unsampledocationsn themapping
areausingmeasurementsnd,aswe will see ptherrelevantinformationwheneer possible.
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2.2 Uncertainty, accuracyand statistics

If we wantto know thegroundvaterquality at somelocationwith maximumcertainty—within
the measuremenprecision—thenwe have to measuredt. Often, we cannotmeasuret at all
desiredocationsfor practicalreasonsandwe have to be satisfiedwith anestimateof it, which
will beanapproximateyncertairanswerWe estimatehevalueatanunsampledocationusually
by averagingmeasuremenfsom similar locationsj.e.locationsvheretheconditionsaresimilar
to thoseof the estimationlocation.How far this estimatemay departfrom the true value—the
estimatioraccurag—canbederivedfrom thenumberof andthevariationin themeasurements
atsimilarlocations.

If we areinterestedn the meanvalueof a groundvaterquality variableover the whole
country simply takingmoremeasuremeni®.g.at randomlychosernlocations)would increase
theaccurayg of theestimatef themeanHowever, it wouldberathemaieto usethisgrandmean
asanestimatdor thevalueataspecificlocation:thisestimatevould be (i) not specific(it would
bethesameaverywherepnd(ii) highly inaccuratehbecauseve know thatlocalconditionscause
groundvaterquality variablego deviatelocally from thisgrandmean.

In orderto obtainestimateshataremorespecificthanthis,for anestimateof agroundvater
guality variableat a specificlocationwe shouldselectmeasurementthat are obtainedfrom
locationswith conditionsthataresimilar to thoseat the estimationlocation.Only on the basis
of external,independeninformationaboutlocal conditionscanwe decidewhich obsenations
maybe consideredor this selectionFor mappingpurposesthe external,independenvariables
thatdefinetheseconditionsneedto be known for thewholeareaof interestj.e.atmeasurement
locationsaswell asat estimatiorlocations.

Ideally, ‘similar conditions’for an unsamplediocation would be specifiedin sucha
way that the setof measurementat connectedocations—haing the sameconditions—is(i)
homogeneou§i) large enoughto yield good estimategiii) dissimilarto measuremenrgetsat
otherlocations.This would resultin estimateghat are specificandaccurateenoughto reveal
local differencesn themappingvariable.

Externaljndependenvtariables

Externalindependentariableghatdefinesimilarity of conditionscanbe cateyoricalvariables,
continuousvariablespr combination®f them.An exampleof a cateyoricalvariablethatwould

be usefulfor the mappingof mary groundvater quality variableswould for instancebe the
areawith marineinfluenceif we knew this variable(assumingve could defineit), noneof the
estimatedor fresh groundwvater would be ‘contaminatedwith measurementsom the area
with marineinfluence. An exampleof a continuousvariabledefiningsimilarity of conditions
couldbetheatmosphericlepositionof avariable If atmosphericlepositions themainsource
for avariablemeasuredh thegroundvater the measurementst locationswith depositiorrates
similarto thedepositiorrateattheestimatiorlocationareexpectedo yield thebestestimateof

thevariableatthe estimatioriocation.

In generaljndependentexternal variablesthat are suitablefor the purposeof mapping
groundwvater quality are variablesthat cause(or explain) a major part of the spatialvariation
in groundwvater quality, suchasgeochemicaVariables(e.g.demarcatinghe areawith marine
influence or oxygen-or calcium-richgroundvater),or variableghatdefinefluxesfrom human
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supply(e.g.from manuringpesticideapplicationatmosphericdepositiorfrom industrialorigin,
etc.).Theconstraintof beingknown at all locationsin the mappingarealimits the possibilities
(Sections3.1 5.2).

Modelstructue

Themathematicalormulationof thesetof relationsconnectingndependentonditiondefining
variablego themeasuremenis themodel.Whichindependentvariablesareused andhow the
measurementariabledepend®nthemis themodelstructure.

The choice of the model structureshould be guided both by availability of data,i.e.
measuremenendindependentonditiondefiningvariablesandby theorythea priori ideasve
haveabouttheprocessve aremodelling.Theoryanddatashouldbebalancedvhenchoosinghe
modelstructurelf amodelistoocompleit isover-specifiedandthisisinefficientbecausenore
parameterthannecessariiaveto beestimatedn anextremecasesomeof theparametersannot
beidentifiedby thedataandit islik elythatsuchamodelwill producenadequatestimatesvhich
morereflectthe creators fantasythanthereality aimedat. On the otherhand,if a modelis too
simpleit is underspecified Thisis inefficientbecauset will resultin unnecessarilynaccurate
estimatesSincethe compleity of the modelstructuredependson the dataavailability, there
is not onecorrectmodel,andmoredatawill usuallysuggesandallow a morecomplex model
structure.The compromisein model structurecompleity we usually chooseis the simplest
adequatenodelthatis parsimoniousn its parameters.

Estimation

Only afterchoosinga modelstructurethatis suitablefor the problemat handi,it is possibleto

estimatethe quantity of interest.This demandsan explicit statemenbf the objectie: which

characteristiof a measuredjroundvaterquality variabledo we wantto estimate?Ve canfor

instancebe interestedn the valuethatwould be measuredt a specificlocation,the valuethat
would be measuredt a locationrandomlychosenfrom a specifiedareathe meanor median
valueof all measuremenis a specificarea,or thefractionof anareathathasvaluesabove a
critical level. Not all modelsareequallysuitablefor estimatinga specificcharacteristicGiven
a setof relationsthatdefinesthe modelstructurewe have to choosea statisticalprocedurdo

estimatehecharacteristiof interest.

Accuracy

Whenwe estimatean unknavn quantity we never knowthe estimationerror. However, from
measurementse canretrieveinformationaboutthesizeof theerrorwe canexpect,asaveraged
over similar estimatiorproblemsin someinstance®bsenationsaresoregularor sonumerous
thattheaccurag of the variablewe wish to mapis of noconcerntheaccurag is goodenough.
For groundvaterquality variablegheaccuraciesf estimatesreusuallynot negligible,andwe
cannotignorethis whenpresentingestimatesn mapsWhy andhow estimationaccuraciesre
accountedor whenmappingestimatesvill beexplainedin Section2.6, but we will first explain
somebasicconcept®f statisticalandgeostatisticanmodels.

Statistics
Statisticssthedisciplinethatprovidestheoryandtoolsfor decidingn thedata-theorgompleity
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trade-of, for inferring (estimating)opulationcharacteristicklom limited sampleinformation
andfor assigningaccurag measureso the inference Here, statisticalmappingis definedas
mappingresultsfrom an (inferential) statisticalanalysis,i.e. combiningestimatedvalue and
accurayg measuren onemap.The mostcommonlyusedmodelsin statisticsaresomeform of
alinearmodel.

2.3 Linear models

For mappinggroundvaterquality—estimatingroundvaterquality variablesatlocationswvhere
they arenotmeasured—weeedamodel Fromall possiblenodelsve choosestatisticainodels,
and the family of linear modelsprovides a comprehense framevork for most commonly
usedstatisticalmodels.A limitation of linear modelsis that they only allow additve effects.
For groundvaterquality variablegbeingnon-neative andhighly skewed)additwvity of effects
is often a reasonablessumptiorafter log-transformingthe measurementdVider classesof
problemscanbeformed,e.g.by non-lineartransformatiorof variablegasin generalizedinear
models,McCullaghand Nelder 1989),or by defininglinear relationslocally (approximating
morecomple relationswith local linearmodelsasin generalizeddditve models Hastieand
Tibshirani,1990).

Linear modelsarea meansof expressingeal-life problemsin a mathematicatorm, and
are thereforehelpful in the abstractionof problemsandin communicationComprehensie
treatmentf linear modelsarefoundin Rao(1973),Searle(1971),Christenser(1987),and
in DraperandSmith (1981).Cressig1991)and Christenserf1991)extendthesetreatmentso
spatiali.e.mappingproblemsA noteonterminologyin classicastatistictheword‘estimation’
Is resenedfor assigningsaluesto modelparametersyhereasprediction’is usedto denotethe
evaluationof randomvariableshut herel will use‘estimation’for both,following mostof the
traditionalgeostatisticditerature(e.g.Matheron1971,1989(page4-5),JournelndHuijbregts,
1978).

Threesimpleproblems
Linear modelsprovide a flexible way of expressinga wide rangeof problemsin a compact
notation.Considerthethreefollowing simpleproblems:

(i) ngroundvaterquality measuremenirecollectedrandomlyfrom a homogeneouspatial
unit, andwe wantto estimate¢he meanvalueof the measuredariablein this unit andits
estimationvariance

(i) ngroundvaterqualitymeasurementwrecollectedn two spatialunits,qin thefirst,n—qin
thesecondandwe wantto estimatehe mean(andits estimatiorvariancepf eachgroup

(i) n nitrate concentrationmeasurementsare collected in a spatial unit, and for every
measuremeribcationthe manuringrateis known. We assumehat nitrate concentration
increaseBnearlywith manuringate andwewantto know therateof increasgtheincrease
in nitrateconcentratiorat a unit increasen manuringrate)

For thesesimpleproblemsheobsenationsz(x) atlocationsx, i = 1...n canbewrittenas
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() zx)=m+d(x), ¥i:i=1..n
(i) zx)=m+d(x), Vi:i=1..q
Zx)=m,+d(x), Vi:i=q+1..n
(ii)) 20¢) = B,+ ()3, +d(x), Vi:i=1.n

Here,conceptuallthe measurementsretakenasthe sumof a structural systematipartanda
residualunsystematipart.Thestructurapartconsistof (i) m, themearvalueof thespatialunit;
(i) m andm,, themeanvaluesof units1and2; (iii) r(x), themanuringrateatlocationx;, 3, the
changen nitrateconcentratiomtaunitchangen manuringate and, thenitrateconcentration
atnomanuringrate. Theunsystematipartin all threeproblemss d(x): thedeviation of thei-th
measuremeritom thestructuralpart.

In alinearmodelthe obsenationz(x) is representedy a randomvariableZ(x;), andZ(x)
is modelledasthesumof its expectedvalueE(Z(x)) = m(x;) andarandomdeviationfrom m(x),

&x)
Z(x) = mix) + &(x), E(e(x)) =0,

(heree refersto ‘error, not in the senseof a mistale, but natural residualvariationthatis not
accountedor by m(x)). The expectedvaluem(x) is modelledasa linear functionof p known,
independentariableghathave a causainfluenceuponZ(x), andp unknavn coefficientsBj that
relatetheseindependenvariablego theobsenations

P
i) = 2 F ()5,
J:
which gives,usingvectornotation

Z(x) =f(x)5 +ex)

with f(x) = (f (%), f (%), ... ,fp(xi)) therow vectorwith thevaluesof theindependentariablesat
locationx;, and = (8, ... , 5,)', thecolumnvectorwith theunknavn coefficientsRepresenting
all obsenationsthemodelcanbewrittenas

Z(¥) = F,0+e&X)
with Z(x) = (Z(x), ... , Z(x.)))', F, = [fj(xi)]nxp: (9, ... ,fp(x))with fj(x) = (fj(xl), ,fj(xn))’,and
eX) = (&x), ... ,&x)). WhenwedefineF, andj accordinglythismodelcoversthethreesimple
problemdiscussedbove:

() p=1f(x)=Li=1.nandB,=m

(i) p=2if i <qthenf(x)=(1,0)elsef(x)= (0,1, ands = (m, m,)
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(i) p=2f(x)=(@Arx)),i=1.nandB=(3,0,).

Thuswe canstructurethe problemby choosingF, (andthusdefiningthe sizeof ). Thej-th
columninF,, fj(x) defineghestructureof therelationof themeasuremeniariablez(x) to thej-th
parameteﬁj. If ﬁj is the overallmeanasmin problem(i) or aninterceptas(, in problem(iii),
thenfj(x) isacolumnof oneslf themodelcontainsateyoriesasproblem(ii) andﬁj isthemean
of the-th category, thenfj(x) is thebinaryvariablethatfor every obsenationdenotesvhether
it belonggo thej-th categorywith aone,or not,with azero.In caseof aregression-typeelation
like in problem(iii), fj(x) containsthe value of the regressorthe independentvariableat the
obsenationlocations.

Beforewe canestimates or thevalueof obsenationsat unsampledocationswe have to
specifythestructureof theerrors.

Linear modelswith independentgenticallydistributederrors
In the simplestcasewe assumehatthe errorse(x) areindependenandidentically distributed
(1ID), resultingin themodel

Z()=F,B+ex), EEx)=0 Cov(ex)=o, 2.9
whichleadsto theordinaryleastsquareg¢OLS) estimateprovidedthatF, hasfull rank)

N

B=(F,F)F,2x), (2.29
andestimationvariancesindcovariancedor (3 — )

Cov(s— )= (FF,) 0% (2.28
andwhereo” is estimatedy

&= 2x)(1 - F(F/F) 'F)2x)/ (0~ R), 2.3

with Rtherank (thenumberof columns)of F..

At anunsampledocationx,, giventhis estimate%, thevalueof z(xy)) (andthe meanvalue
of r independenteplicationsof z(x)) is estimatedy

2x) = F(x )3, 2.4

with f(x ) thevalueof theindependenvariablesat locationx,. The estimationvarianceof the
estimatorof z(x,) (r = 1) or themeanof r independenteplicationsof z(x,) is givenby

(%) = (F1+ F(x)(FF) f(x)) o> 2.5

If theassumptiormf 11D errorsis appropriatetheequationg2.29-(2.3 leadto theanswetrof the
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threesimplequestiongposedat thebeginningof thissection.

Linear modelswith dependenérrors
A wider classof problemghanthe onewith 11D errorsis obtainedwhentheerrorsareallowed
to bedependent

Z()=Fp+eX), E@€X)=0 Cov(EeXx)=V (2.9

with V = [Cov(g(X), e(xj))] e Thisleadsto weightedeastsquaregWLS) estimatesf 3

B.=(F )NV F)FV A, 2.79
with estimationcovariances

Cov(B—B)=FN F)*t 2.7H

Underthis model,givené* by (2.79, theestimateof z(x) is

%) = FOQB, + VgV iz — F,5) 2.9

wherev, = (Cov(e(x,), &Xy)), -.. , Cov(e(X,), (X)), andhasestimationvariance:
02, %) = C(0) = VgV vy + (F (%) — VgV F)(F, VIR (%) — VgV R, 2.9

with C(0) = Var(e(x,)). In statisticaterms thevalueestimatedn (2.8 is expresseasthesumof
thebestlinearunbiasedestimateBLUE) of m(x), r?‘(xO) = f(x,)3, andthebestlinearunbiased
predictor(BLUP) of the (correlatedjrror, &(x,) = VgV~ {(z(X) — F,3,).

Multivariable estimation

Whensvariable<,(X), k= 1...seachollow alinearmodelZ,(x) = F x50+ 8(X), andtheg(x) are
correlatedthenit makessensdo extendtheweightedeastsquaresnodelto allow multivariable
estimationWithoutlossof generalityassumes = 2. Whenz(x) = (z,(x),z,(x)) andB = (3,,5,)
aresubstitutedor z(x) and3, andwhen

fx) O
0 fx)

with'V,, = [Cov(e,(X), el(xj))], V,, = (Cov(e,(x), &%), ...,Cov(e,(X,).€(Xy));and0aconforming
zeromatrix or vector aresubstitutedor f(x ), F,, V andv,, thentheleft-handsidesof both (2.9
and(2.9 yield themultivariableestimatestheleft-handsideof (2.8 thenbecomesheestimate
vectorz(x) = (z(x,), Z,x,)), andthe left-handside of (2.9 becomeghe (2 x 2) matrix with
estimationcovariances.

Fix O
0 F

Vll V12
V21 V22

f(x;) = , F, = , A

2X
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Confidencentervals

Whentheestimatiorerrorz(x,) — %(xo) isnormallydistributedwith zeromearandvariancerz(xo),
confidenceantenalscanbe constructedor z(x) (from, dependingon the modelused(2.4) and
(2.9, 0r (2.9 and(2.9), andtheintenal

[2x) —20(Xy) , Zxp) +20(X,)] (210

is a95%confidencenterval for z(x).

2.4 Changeof support and error structure

Usuallyameasuremerns notacharacteristiof apointin spacebut anaverageover somearea
or volume,the supportof the measurementlournelandHuijbrechts,1978).For groundvater
quality, the volumemeasureappliesto somethingbetweerthe volumepumpedfrom the well
beforea sampleis taken (i.e. approximatelyhundredlitres) and the volume that is actually
measuredi.e. a few millilitres). We hopethat enoughmixing occurredduring samplingand
thatthe measuremendn the small volumeis representate for the larger volume.In practice
the measuremergupportis determineddy practicallimitations:if it wereeasywe would have
measuretherelevantpopulationcharacteristi¢e.g.meangroundvaterqualityin acertainarea)
directly. The supportof measurementalso determineghe variationin the valuesobsenred:
measureaneansf largerspatialunitsshow lessvariation,becauseariationwithin the unitsis
averagedJournelandHuijbregts,1978).

Meaningfully mapping groundvater quality variablesfor units of the size of the
measurements—estimatiagluesthatwould actuallybe measurect unsampledocations—is
not possiblebecausehevariationin themeasuremenis frequentlytoolargeandconsequently
we cannotestimategroundvater quality with a reasonableccurayg at that scale.At a lower
spatialresolution(e.g. for meanvaluesof adjacentor overlappingsquarecells on a grid)
it is possibleto estimategroundvater quality variablesbecausedhe patternof local average
groundwvaterqualityis smoothethanthe patternof themeasurementBor theestimatiorof this
smoothpatternof local averagesve needa modelthatallows estimatiorof spatialocalaverage
values.

It would be corvenientto usethe linear modelwith independentliD) errorspresented
in the previous sectionbecauset is simpleandit is supportedby a rich body of researchn
classicaktatisticsHowever, if we wantto obtainindependencéom a design-basedrgument
(e.g.Hanseretal.,1983,De GruijterandTer Braak,1990),thenthis modelis only adequatéor
estimatinghepatterrof localmearnvaluesvhen(i) theobsenationsarecollectedandomlyfrom
theareaswith constanvaluesfor thef (x) (i.e.from thecategoriesdistinguishedr from anarea
with aspecificvaluefor theregressorsand(ii) theareagor whichwewantestimatesf aspatial
averagecoincidewith theseareasof constanf (x). Theseconditionslimit the suitability of this
modelfor estimatiorlocal averageseverely.

Therefore,for the mappingof groundwater quality variables,we will continue with
modelsthat allow errorsto be spatially dependentMoreover, althoughpart of the residual
error can usually be attributed to measuremengrrory, it is very likely thatin a linear model
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intendedfor spatial estimationa large proportion of the residual,unexplained variation is
causedy (unknawn) spatiallysmoothfactors resultingin a spatiallydependenerror, andfor
mappingpurposesve canusethis spatialdependencto capturethe spatialstructurepresenin
the measurementseyond the part explainedby the independenvariables Averagevaluesof
arbitrarilyshapedlementganbeestimatecfficientlyif wearewilling to assumemodelwith
aspatiallydependengrrorstructureEstimatingocal averagesisinga modelthatallows spatial
dependenerrorsis atypical problemin geostatistics.

2.5 Geostatistics

Geostatisticss thedisciplinethatprovidesa setof modelsandtoolsfor the estimationof block
average®rlocalaveragesrom sampleobsenationstakingbothlargescalevariation(thetrend)
andsmallscalevariation(spatialcorrelation)into accountTypically, in a geostatisticamodel
theobsenationsz(x) areconsideredsobtainedrom arealizationof therandomfield Z(x). For
thisrandomfield we assumehattheuniversalkriging model

Z(x) = m(x) + &x) (2.1

holds,with expectation

p
E(Z(x)) = m(x) = j:zlf B =F5 (2.119
anderror
E(eX)) =0, Cov(eX) =V, (2.119

with m(x) thetrend thelargescalefluctuationof Z(x), ande(x) the(possibly)spatiallycorrelated
error. Thus, the universalkriging modelis a linear model with dependenerrors,like (2.6).

Ordinarykriging is the simplestform of universalkriging with m(x) = m, a constantmean.
In the pastuniversalkriging hasbeenheld synorymously with non-stationarykriging using
polynomialsof thespatialcoordinatesasthefj(x), but herewe will only considervariableshat
carryaphysicalsignificancewith respecto Z(x) asclientsfor theindependentariabled J.(x), and
we will accountfor regionaldifferencegnon-stationaritypy assuminghat(2.1139 holdsonly

locally (JournelandRo0ssi,1989,Journel 1992).

The challengein geostatisticamodellingis to find a meaningfulstructurefor the trend
and suitablevaluesfor the spatialcorrelation.Sinceit is impossibleto obtain estimatesof
Cov(ex), e(xj)) experimentallyfrom a singlerealizationof Z(x), additionalassumptionbave to
beimposedontheerrore(x). Commonlyusedmodelsfor theerrorarethecloselyrelatedsecond
orderstationaryandintrinsically stationaryprocessesseconcrderstationarityimpliesthatthe
errorcovariancebetweertwo locationsg andx, is afunctionof theseparatiorvectorh = x, —
only, writtenas

Cov(e(x), &(x)) = Co%,X) = C(h),
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whereC (h) is thecovariogramof &x). Intrinsic stationaritympliesthatthesemvarianceof the
errorprocessy (X, )ﬁ) = hE(e(x) — e(>ﬁ))2 is afunctionof theseparatiovectoronly

Vel %) = 7% — %) = 7Lh),

where(h) is the variogramof ). A further assumptiorthat facilitatesthe estimationof

covariancess isotropy. IsotropicprocesseBave acovariogramor variogramhatdependsnthe
separatiowlistanceonly, disregardingdirection'C (h) = C(||h[)) and(h) = v(([[)). An adwantage
of usingthevariogramover the covariogramis thatif the expectationof Z(x) is a constantthe
variogramcanbedirectly expressedisa functionof theobsenrationvariableZ(x)

Yo%) = 1506, %) = BEZ(x) — Z(x))’,

and henceit canbe estimateddirectly from the measurementflable A2, page96), whereas
covarianceestimationadditionallyinvolvesthe estimatiorof themeanvalue.

For estimationyariogramvaluesfor ary distanceh maybe neededThereforewe have to
chooseafunctionthatguaranteegositveestimatiorvariancege.g.TableA3, paged7) andfit this
functiontothesampla/ariogram%(hj), calculatedrom sampledataatregulardistancentervals
hj (e.g.TableA2, page96 andTableA6, page97).

If thetrendcontainsanintercept(whichwill usuallybetrue,e.g.anunknovn meanvalue
for eachvariableor an unknovn meanfor eachcategory), andif a generalizeccovarianceis
definedasK (x;, xj) = — 7% xj) + d for anarbitraryconstantd, thensubstitutingk (x;, xj) for
Cov(ex), e(>ﬁ)) in (2.6) is sufficientfor (2.8 to yield thekriging estimateof z(x,) andfor (2.9) to
yield thekriging varianceri(x,) = o2,(%,) (Christenser.991,VI.3; Cressie1991,5.4).

AveragedvaluesZ(B) for rectangularor otherwiseshapedblocks B, are estimatedoy
replacinghepoint-to-pointsemvariancey (X, X,) with thepoint-to-blocksemvariancey(x;, B),
themeanof all pointsemvariancebetweerx, andthepointsthatdefineB,

7% B)) = By [ 7%, Uiy

with B,| the areaor volumeof B; by replacingy(X,, X,) with the block-to-blocksemiariance
7By By), themeanof all point semvariancebetweerthe pairsof pointsdefiningtheblock B,

—2
Yo(ByBy) =By “f 0, [ BO“Ye(UN)dUdV’

andby replacingf (x)) with f(B) = (f (By), ... ,fp(BO)), with f J.(BO) = |BO|71 f BOf J.(u)du, theaverage
valueof fj( -) overblock By,

In Chapted we have ‘new obsenations'thatareshort-ternpredictiondor anextrapolation
moment, obtained from a linear regressionmodel for each monitoring site. These ‘new
obsenations’are subjectto a location-specifidcime-predictionerror, and canthereforenot be
adequatelyepresentelly a stationarynodel.However, whenthesénew obsenations’estimate
an underlyingvariablez(x) that can be modelledby a stationarymodel,thenwe can model
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such‘new obsenations’y(x) asthe sum of a stationarycomponen#Z(x) (asof (2.13) anda
non-stationarymeasuremengrror’e(x):

Y(X) = Z(X) + &(X). (2.12

Whenwe assumethat (i) Var(e(x)) = af(xi) is known andCov(e(xi),s(xj)) =0, Vi,j:i#j,and
(i) Cov(e(x),e(X) = 0, Vi,x, and(iii) thevariogramy (h) isknown,then from ‘new obsenations’
y(x), Z(X,) is estimatedwith (2.8 and aﬁ(xo) with (2.9 when K (0) + ag(xi) is substituted
for Cov(e(x), &(x)) and generalizedcovarianceg(settingd = 0) are substitutedfor all other
covariancesasdescribedbove (Delhomme;1978).

Whenmorethanonemeasuredariableis usedfor theestimatiorof thevariableof interest
and the variablesare spatially inter-correlatedthe multivariable extensionof (2.8 and (2.9
canbe usedfor multivariableestimation(Ver Hoef and Cressie 1993).Inter-variablespatial
dependencis usuallymodelledwith thecrossvariogram(Sections.3 TableA7, page9d8) or the
crosscovariogramMultivariableestimatiorof point or block averagess calledcokriging.

Ordinarykriging within categoriesthat subdvide the areawith variogramsnodelledper
cateory is calledstratifiedkriging (Chapter3). Stratifiedkriging canbe seenasa specialcase
of multivariablekriging (with thevariablesn thedifferentcateyoriestakenasdifferentvariables
andnocrossvariograms)andwith alittle moreeffort asa speciakaseof universalkriging (with
thetrendmodelledasa seriesof binaryvariables—asteptrend—reflectinghe categories,and
a cateyory-specifiovariogramthatis only defined(i.e. not a constantfor pairsof obsenations
from thesamecateayory).

Animportantadaptiorof theuniversakrigingmodelthatleadso awiderandmoreflexible
classof modelss thelocal applicationof (2.1): theobsenationsareassumedo follow (2.1139
and(2.11h onlywithin alocalneighbourhoods.g.definedoy thenumberof nearesbbsenations
orthesizeof aneighbourhoo@reaconsideredThisallowsthelocalexpectatiorto deviatefrom
a globally fixed expectation gssentiallywealeningthe stationarityhypothesig2.119 to local
stationarity(i.e. globalnon-stationarity)Furthermordocal estimationonly callsfor variogram
valuesat distanceshatallow a meaningfulestimationof the variogram(i.e. valuesat distances
lessthanapproximatelyhalf thedimension®f theareausedfor variogramcalculation Journel
andHuijbregts,1978,111.B.7; Matheron,1989)andthatarelessaffectedby biasedestimatiorof
thetrendparameterg (CressieandZimmerman1992). .

In practiceV andy, arenot known but estimatedvith V and\A/O from sampledata,causing

3i(x0) — f(V, V) to underestimatehe true estimationerror o (Harville, 1985, Christensen,
1991 ,VIL.5). Thus,when&k(xo) is substitutedor o(x,) in (2.10, the probabilitythattheresulting
intervalswill covertherealvaluez(x,) is lessthan95%.In thisstudy however, intervalsobtained
in thiswaywill beusedasfirst approximationso 95%confidencentenals.
Estimationusing the multivariable extensionof model (2.1) and variogrammodelling
wereimplementedn theGsTat computeiprogram(Pebesmal,995) developedduringthisstudy
This programcanbe usedasan extensionto the GIS PCRusTer (Wesselingand Van Deursen,
1995,VanDeursen1995),andit allowsawiderangeof possibilitiesor theintegrationof point
information(measurementgndmapinformationfor the mappingof the measuredariable.lt
hasbeenusedfor all geostatisticatomputationshroughouthis study andPCRasTer hasbeen
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usedfor theprocessing@ndpresentatiomf all rastermaps.

2.6 Confidenceinterval maps

If theestimationaccurag (or morepreciselythe estimationprecision)of groundvaterquality
variablesslow, wehaveto shav thisin mapsecausshaving only theestimatedalue—silently
pretendingit is a good estimateof reality—is misleading.The estimationprecisioncan be
expressedstheestimatiornvariance((2.9, (2.9), but if we presentheestimatiorvariancen a
separatenap,we split theinformationaboutestimateandprecisionsuggestinghatthey aretwo
separatentitiesandinviting thereadetto ignorethe precisioninformation.

The obvioussolutionto this problemis to combineestimateand estimationvariancein a
confidencenterval (e.g.(2.10) andto presenthisonamap.Thiscanonlybedonef assumptions
ontheerrordistributionaremade(whichisnotnecessarilypadthequestiorarisesvhatthevalue
of anerrorvariancds whentheform of theerrordistributionis unknavn). Confidencentervals
shav wherethe true value probablylies (mostly betweenthe upperandlower boundsof the
intenal),andwhattheprecisionof theestimatas (thewidth of theinterval). Whentheprecision
is high, the confidencentenal mapreducedo the classicaimapthatshavsthe estimatedsalue
only, becausdothsidesof theconfidencenterval contractto thisvalue.

The confidencdevel of a confidencanterval controlsthe fraction of intervalsthat cover
the true valueif all modelassumptiongre met (i.e.,in a mapwith mary independentyalid
95% confidencantervals,approximately95% of the intervalswill cover the true value).This
level shouldbe chosenwith the applicationof the mapin mind. At first sight,choosinga low
confidencdevel (e.g.50% or 70%) seemsattractve becausat leadsto mapswith narrover
intenals, but the ‘precision’ achieved in this way is false:the fraction of matchess simply
smallerMoreover, choosinga low confidencdevel seriouslyunderminesheintuitive meaning
of theword ‘confidence,especiallybecausehe confidencdevel is valid only whenall model
assumptionsire met, which will in practiceonly be true approximatelyThe choicefor 95%
confidencantervalsfor the groundvaterquality mapsin this studyis a mixture of a matterof
tasteandtradition(e.g.,Fisher 1935).

Thedisplayof confidencentervalsin mapgaisesheproblemof shaving two valuegboth
sidesof theinterval) at onelocation.Splitting theinterval andshaving thetwo sidesin separate
mapgasin Pebesmd,992)isnotrecommendedjncetheuppersideof aconfidencéntervalmay
seemalarminglyhighwhile thelower sideis verylow, only meaninghatwe have noinformation
aboutthetruevalue.Thenotionof precisionthewidth of theintervalis lostwhenonly oneside
of theintervalis considered.

Consideringboth sidesof the interval simultaneouslyeadsto the desiredaim of a map:
to shav wherewe candistinguishestimate$rom specificvaluesFor asinglespecificvalue this
canbeeasilyachiezedin amap:ary interval is entirelylower thanthe specificvalue,is entirely
higherthanthevalue or straddleshevalue(in which caseheestimateandthespecificvalueare
not distinguishablebasedn theinformationavailable).For example Fig. 3.4 (page30) givesa
mapwherethe positionof the confidencantervalsrelative to four referencdevelsis shavn in
four separatsub-mapsonefor eachreferencdevel. The disadwantageof this mapis thateach
separatesub-mapdoesnot shav the precisionof the estimatesconsideringonly onesub-map,
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notdistinguishableanbecloseto (precisepswell ascompletelyunknownandthisinformation
isonly revealedby consideringall sub-mapstonce.

An attemptto achieze a combinedpresentatiomf bothpositionandwidth of theintervals
in onesinglemapis shavnin Fig. 3.5(page31). Thismaphassolid colouredsquarecells—thus
reducingo the‘classical,deterministianap—wherea legendclasscoversa confidencenterval
completely and strongly contrastingupper and lower trianglesin a squaredcell when the
confidencentervaliswide (noinformationavailable) Again,thismapmightbemisleadingsince
reduppertrianglesn green-rectellsmayunjustlybetakenasalarming.

2.7 Mapping groundwater quality

Thissectiondravstheline from theory assetoutin the previoussectionsto the applicationof
mappinggroundwvater quality which is the main objectve of this study describedn detailin
Chapterss-5.

All groundwvater quality variablesconsideredn this thesisare concentration®f solutes
andarethereforephysically limited betweenzeroand saturationlevel. In practice relatve to
saturatiorlevel, only low concentrationeccut andthe upperlimit canbeignored.In general
thedistributionof themeasurements highly skewed:mary measurementselow, few arevery
large.Becausef the physicallower boundandthe shapeof thedistributions,the naturalscale
to modelthesevariabless thelog-scale Thisimpliesthaton the log-scaleeffectsareassumed
to beadditve andallowstheuseof linearmodelswith stationaryerrordistributions(e.g.Myers,
1989).

Inthesimplesigeostatisticapproachveassumehattheobsenationsn theareeof interest
comefrom arealizationof anintrinsically stationaryprocessThis meanghata modelwith a
locally constantmeanvalueandhomogeneousariationsufficiently characterizethe variable
from which we have obsenationsin thearealf thismodelis too simpleto berealistic,we can
for instancesubdvidethearean severalsub-areafor whichthismodelis appropriateor we can
transformthe obsenrationsnon-linearly or we canassume morecomplex modelfor themean
value.

The groundvater quality variablesmeasuredin the monitoring networks cannot be
consideredas having a constantmean or having homogeneouwariation throughoutthe
Netherlandd.ocally however, undersimilar conditionsthismaybeareasonablassumptionn
ordertodividetheNetherlandsompletelyin sub-areathatmaybethoughtof ashavingalocally
constanmeanandbeinghomogeneousye needa suitableexternal,independentriterionthat
is known atall locationsn themappingregion (Section2.3. In thesimpleapproaclhof Chapter
3we chosethiscriterionto bethesoil-landusecateyory of eachlocation(Fig. 3.1, page26).

Within soil-landusecateyoriesfrom availablemeasuremen{g 1991 at5-17metredepth)
we selected suitablesubsebf measurementhatcouldbe markedas'similar measurements,
allowingtheuseof astationarymodel Fromthesemeasurementsithin soil-landusecategories,
estimate®f 4 km x 4 km block meanvaluesasobtainedoy ordinarykriging on thelog-scale,
werepresente@dsapproximaté5%confidencentenalsfor block medianconcentratioron the
originalscalg(Chapte3,PebesmandDe Kwaadstenietl,994) Theeffectsof stratificatiorwere
studiedby systematicallyeaving outeithersoiltypeorlanduse pr both;theeffectsof monitoring
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network densitywerestudiedby leaving outa subsebf themeasurements.

For studyingtime-trendsin groundwvater quality (Chapter4), attentionwas focusedon
therecognitionof steady(i.e. monotonousjong-termcomponentsn changesn groundvater
quality. Within soil-land use categories,using a regressionmodel, short-termpredictionsfor
1980and2000wereobtainedat250monitoringsitesfrom long-term(1987-1993)measurement
serieof thenationalgroundvaterqualitymonitoringnetwork,andusedn aspatiainterpolation,
takingtime-predictiorinaccuraciesto accountFor thespatialinterpolationlocallevel, thesize
of spatialvariation,spatialdependenca spatialvariationandlocationspecifictime-prediction
variancesvereexplicitly takenintoaccountor eachmappingvariableby usingaslightlyadapted
versionof ordinarykriging, modifiedasdescribedn Section2.5(2.12), andvariogram®btained
from the 1991-situatior{Chapter3).

Mapsof groundvaterquality variablescanbe improved by incorporatingotherrelevant,
ancillary informationin the mappingprocedure This ancillary information may consistof
eithermapinformation(e.g.obtainedirom deterministiqgorocessnodels) or pointinformation
(e.g.othermeasuredariables)Chapter5 exploresthe useof model(2.19) andits multivariable
extensionfor this purpose,and gives several examples.Using the first type of ancillary
information,mapinformationfrom deterministiqorocessnodelsled to usinguniversalkriging
with the deterministiqorocessnodelastheindependenvtariable.The secondype of ancillary
informationled to theuseof cokriging.



Chapter 3

Maps of the groundwater quality in the
Netherlands at 5-17 metre depth in 1991

(from: PebesmandDe Kwaadsteniet]l 994)

3.1 Intr oduction

In thefirst half of the 1980sthe nationalgroundvaterquality monitoringnetwork (NGM) was
installedfor the monitoringof groundvaterquality andchangesn groundvaterquality in the
NetherlandgVan Duijvenbooderet al., 1985).For this purpose370 monitoringsites,spread
fairly evenly over the country aresampledyearlyat two depthgfrom well screenst about10
and25 metrebelov surface).At first samplesvereanalysedor 19, andlater 25, groundvater
guality variables.

Morerecently(duringthefirst half of the1990s}he12provincesof theNetherlandstarted
to install similar monitoringsites(the provincial groundvaterquality monitoringnetworks, the
PGMs),in orderto studygroundvaterqualityata densespatialresolutionCurrently thePGMs
have asmary monitoringsitesastheoriginal NGM.

For all variablesmeasuredTableAl, page96) mapsaremade usingmeasurementsom
bothmonitoringnetworks.Uncertaintiesn predictedvaluesarequantifiedandpresentedn the
mapsFull resultsarepresenteth aseparateeport(PebesmandDe Kwaadstenie,994) In this
chaptemweillustratethemethodsusedwith resultson onegroundvaterquality variable namely
aluminiumconcentration.

Fromgeolydrologyweknow thatmary factoranfluencegroundvaterquality, lik esoiltype,
landuse andgeotydrologicalsituation(e.g.depthof groundvatertable,infiltration or seepage,
marineinfluence precipitation).Soil type (Steuret al., 1985)andland use(Thunnisseret al.,
1992) can be distinguishedrom the otherfactorsbecausehe dataare available asdigitized
mapsHence we canusethemto helpmake groundvaterquality mapsandwe stratifiedby soil
type andland useprior to the extrapolation.The effectsof partialor no stratificationwerealso
investicated.

For eachsoil-landusecateyory andfor eachgroundwaterquality variable, attentionwas
paidto thelevel of, thevariationin andthespatialdependence thevaluesmeasuredatafixed
moment)y usingkriging interpolation(JournelandHuijbregts,1978)within cateyories.

Becausea groundvater quality monitoring network that has a national or provincial
extentby nomeansanprovide accurateestimate®f groundvaterquality variabledor specific
unmeasuretbcationsacoarsespatiakesolutiorfor thegroundvaterqualitymapsvasadopted,

22



INTRODUCTION 23

andblock meanvaluesof 4 km x 4 km squareslementsvereestimatedor a2 km x 2 km grid
coveringthewhole countryusingblock kriging (JournelandHuijbregts,1978).The sizeof the
squareslementsvaschoserwith thespatialdifferentiatiorof soil typeandlandusein mind.The
resultingmapsof block meanvaluesof groundwvaterquality (or, morepreciselyblock median
values)can be regardedas a translationof point information obtainedfrom the monitoring
networks into information on spatial units, the size of units usedin regional groundvater
models.

Theeffectof monitoringnetwork densitywasquantifiedoy comparingnapsbasedn the
full datase{NGM + PGMs)with mapsbasedon the originally availableinformationfrom the
NGM.

Sections3.2 3.3and3.4describehestratificationdataselectiorandspatialinterpolation.
Section3.5 explains the groundvater quality maps.Effects of stratificationand monitoring
densityarediscussedh sections3.6and3.7. Section3.8concludesvith adiscussion.

3.2 An aggregatedmap comprising soil type and land use

Theavailablemapsregardingsoil type(Steuretal.,1985)andlanduse(Thunnisseretal.,1992)
aresodetailedthat hundredf combinationf classexanbe made.For the purposeof this
studysuchdetaildoesnot make sensemary cateyorieswould represenbnly a smallfraction
of thetotal areaandwould consequentlgontaintoo few (or no) measurement3hereforeand
analogouswith consideration®n the monitoringnetwork design(Van Duijvenbooderet al.,
1985) weaggreatedclassesothel3catgyories—aparfrom built-upareas—shanin Table3.1
Here semi-naturalegetationcomprisegorestsheathsandnaturereseres;thecategory‘dunes’
Is strictly spolen not a soil-land use category, but was obtainedfrom a mapwith ecological
districts(Klijn, 1988) Foreachelemenbna2km x 2km grid thedominansoil-landusecategory
wasdeterminedrom anoverlayof bothaggregatedmaps.Theresultis shavn in Fig. 3.1(page
26). Thesoil typeandlanduseinformationfor measurementsasderivedfrom thismap.

3.3 Data selection

Forthegeneratiomf groundvaterqualitymapsanumberof measurementsereleft outbecause
they seemedinsuitabldor thispurposeforinstancemonitoringsitesfromthecategory‘built-up
areaWereleft outbecauséhesoilmap(Steuretal.,1985)doesotprovideinformationaboutsoil
typein built-up areasExtrapolatiorfrom measurememtformation takingsoil typeintoaccount
Is thereforampossiblen built-up areaswith theinformationavailable,andno estimatesgor this
classwere made.Monitoring sitesthat could not be matchedo a soil-landusecateyory (Fig.
3.]) becausehey wereinfluenceddirectly by waterfrom riversor the seawereleft outtoo.Fig.
3.2shavsthelocationsof the425monitoringnetwork sitesthatcontributedto thegroundvater
quality maps.

The groundwvater quality mapswere basedon measurementsf the 25 groundvater
quality variablesavailablefrom 1991(TableAl, page96) in theselectiordescribedabore, with
monitoringscreensompletelybetweens and 17 metrebelonv groundsurface.Detectionlimit
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Table 3.1 Basicinformation:(1) soil-land usecategory, (2) area covered by the category, (3)

numberof selectedneasuementdrom the national groundwaterquality monitoringnetwork
for eath categgory and (4) numberof selectedneasuementdromthe provincial groundwater
guality monitoringnetworkfor ead category. Figs.3.1and 3.2showthespatialinformationon

(2).(3)and(4)

category area number

(%) NGM PGM total
semi-naturavegetationonsand 10 36 26 62
grasslanansand 25 79 45 124
arablelandonsand 7.1 29 15 44
dunes 2.8 11 4 15
semi-naturavegetationon fluvial clay 0.2 0 2 2
grasslananfluvial clay 8 25 26 51
arablelandonfluvial clay 0.5 1
semi-naturavegetationon peat 0.3 1 4 5
grasslanen peat 8.6 24 21 45
arablelandon peat 0.2 2 1 3
semi-naturavegetationon marineclay 1 2 2
grasslanan marineclay 9 16 10 26
arablelandon marineclay 155 26 17 43
built-up area 118
total: 100 252 173 425

valueswereassignedo measurementselov the detectionlimit (usingthe highestvaluewhen
differentdetectionimits occurred).

Somedoubtfulmeasurementsereleft out altogetherin the quality control,we usedthe
measurementfsom theNGM asareferenceset.The measuremenfsom the NGM themseles
were checled only mamginally: a measurementrom the NGM-setwas left out for mapping
onlyif (i) themeasuremerdifferedmorethanafactor10from all othermeasurementsf that
variablein the samemonitoringscreerin the period1985-1992and(ii) thefactor10difference
did notariseby achangean thedetectiodimit. FromthePGMwellsoneor moremeasurements
of avariablewereleft outwhenthey couldbe markedasanoutlier (asaresultof samplingor
analysiserrors,or localpollution). The presenc®f outlierswassuspecteavhenadditionof the
PGM-setto the NGM-setresultedn a substantiaincreasenf thewithin-cateyoryvariation(the
long-distancevalueof the variogramconcernedSection3.4). A suspectedaluewasclassified
asanoutlierwhenit did notbelongto theinterval [z— 3s, z+ 39|, wherez ands arethemean
valueandthestandardieviationof thelog-transformedneasurementa theNGM-setthatwere
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not equalto thedetectionimit. Lessthan0.2%o0f themeasurementseremarkedasoutliers.
Very few monitoringnetwork siteshadtwo screenst the depthinterval consideredFor
thesesites,the meanvalueof thelog-transformed/alueswasusedasone obsenrationfor the
spatialinterpolationThevaluesrom separatscreensvereusedndividually for thevariogram,
thus contributing to the short distancevariation, the start of the variogram (assumingthat
variationof groundvaterquality variablesat a vertical distanceof ten metress similar to the
spatialvariationat a horizontaldistanceof afew kilometres).

3.4 Spatial inter polation

Maps of groundvater quality variableswere obtainedby meansof ordinary block-kriging
(Journeland Huijbregts, 1978)of log-transformedneasurementwithin eachof the soil-land
usecateggoriesof Table3.1, usingthemeasurementwvailable.For categorieswith only very few
measuremensmodifiedproceduravasused asdescribedat theendof thissection.

For the spatialinterpolationof the measurementa model conceptwas adoptedwhich
consideredog-transformedneasurementsf a groundvaterquality variablez(x) asa sample
from arealizationof therandomfield Z(x) with thefollowing properties:

Z(X) = m+ e(x) 3.9
with

m constant, (3.19

E(e(x) =0, VxeR, (3.1
and

LEIZ () — Z0)T = (I =l V%, € R. (3.19

Thatis,within anareeof sizeR insideasoil-landusecateyoryweusedanadditvemodel(on
log-scaleith (i) aconstanexpectedralueand(ii) aspatialdependencketweemmeasurements
thatis a function of the distanceh betweenthe measuremeribcationsonly. Additionally we
assumedhatin a soil-landusecategory for a groundvaterquality variableonly onefunction
~(h) is neededindependentf thelocationsof theareaof sizeR).

Dependingon the samplevariogram (Table A2, page 96), the form of the theoretical
variogranmry(h) waschoserfrom a nuggetmodel,a sphericaimodel,or a mixture of thesetwo
models(Table A3, page97). An ad hoc methodfor fitting the variogrammodelto the sample
variogramwas used:the short distancevariance(the nugget)and the maximum correlation
distancgtherangeof a sphericaimodel)werechosenwhereaghelong distancevariance(the
sill) wasfitted (usingweightedleastsquaresit with weightsequalto the numberof pairsused
for eachsamplevariogramestimate)rig. 3.3shavsthevariogramgor aluminium. Theareasize
R usedwasdefined(in orderof preferenceas(i) thecloses0obsenationswhenmorethan20
obsenationswereavailablewithin adistanceof 100km, (ii) 200km when10to 20 obsenations
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Figure 3.1 Soil typeand land usemap.Dominantsoil-land usecategoriesfor 2 km x 2 km
cells
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Figure 3.2 Monitoringnetworklocations Sitesof thenationalgroundwaterquality monitoring
network(s) andtheprovincial groundwatemuality monitoringnetworkg+) that contributedto
thegroundwaterguality maps
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Figure 3.3 Variogramsof 9og(Al), stratified by soil typeand land use A numberreflectsthe
numberof observatiorpairs usedfor an estimate(+) of a variogram point,codesusedfor a
variogrammodel(—) are explainedin Table A3 page 97
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wereavailablewithin thisdistance(iii) the 10 nearesbbsenations.
Theestimategivenin themapsconcerrmeanvalueson log-scaleof 4 km x 4 km blocks.
Estimatearepresente@dsapproximat©5%confidencantervalscalculatedy

[2x) — 20,(%y) , 2%y) +20,(%)] 3.2

with %(xo) the point estimatg(kriging estimatepn log-scaleando,(x,) the estimationstandard
deviation (kriging standarddeviation) of the estimate(Journeland Huijbregts, 1978). Back
transformatiorof thisinterval to the original scale(takingthe exponentof bothsides)yieldsan
approximaté5%confidencentenal for theblock medianvalue.

All 4 km x 4 km blocksconsideredrecentredat thecellsof the2 km x 2 km grid of Fig.
3.1(assuminghatsoil-landusedominanceof 2 km x 2 km cellsstill holdsfor the4 km x 4 km
blocks).In thisway two adjacent km x 4 km blockshave a 50%overlap,resultingin thefiner
spatialresolutionof 2 km x 2 km cells,while the limited estimationvarianceof 4 km x 4 km
block meanvaluesremaingelevant. Theresultshave beenpresentedn maps(e.g.seeFigs.3.4
and3.5). Only the2 km x 2 km centref blocksfor which estimatesveremadeareshovn on
themaps.

For the small soil-land use categorieswith lessthan 10 obsenationson a variablethe
estimatiorproceduravasmodified,becauseoolittle informationis availablein thesecatayories
for modellingthevariogramandfor estimatingolock meanvaluesin theway describedefore.
For spatialinterpolationin sucha small cateyory, for a specificvariable(i) the variogramof
the largestcataegory with the samesoil type wasused(implying that soil typeis consideredo
be the major structuredeterminingfactor)(ii) the obsenationsof the cateyory from which the
variogramwasusedwereaddedo the setof obsenationsof the smallcategory, but only when
the80-percentil#angeof the obsenationsin themaincateyory coveredthe obsenationsof the
smallcategory, implying thatthe valuesof both cateyoriesshouldbe similar:in arny othercase
no estimatesveremadefor thesmallcateyory. The smallcateyoriescover 2.2%of themaps.

3.5 The groundwater quality maps

In thegroundwaterquality mapspresentedhe 95%confidencentenalsfor 4 km x 4 km block
medianvaluesare relatedto four referencdevels obtainedfrom multiplesof target levels or
critical levelsfor humanconsumptionThesetargetlevelsor critical levelshowever, aredefined
in relationto individualsampleslf ablock medianvalueexceedsacritical level, morethanhalf
of theindividualsamplesn theblock exceedthislevel.If ablock medianvaluedoesnotexceed
acritical level, still mary individual samplesvithin the block mayexceedit.

The mapsare shavn in two forms. In the basemaps(the black-and-whitemaps,e.g.
aluminium concentrationin Fig. 3.4) the estimatesare relatedto the four referencelevels
consideredh four separatsub-maps=achof thesub-mapshavsthepositionof theconfidence
intenalsrelative to onereferencdevel. Theinterval canbe completelybelov thelevel (lower),
completelyabove the level (higher) or it canstraddlethe level (in which caseestimatedsalue
andreferencdevel arenot distinguishablebasedon the informationavailable).In the colour
maps(e.g.aluminiumconcentratiomn Fig. 3.5 four black-and-whitesub-mapsremegedinto
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Figure 3.4 Map of aluminiumin the groundwater95% Confidencentervalsfor 4 kmx 4 km
block medianvaluesrelatedto four concentationlevels
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Figure 3.5 Map of aluminiumin the groundwater (alternative display of Fig. 3.4). 95%
Confidencéntervalsfor 4 kmx 4 kmblock medianvaluesrelatedto four concentationlevels
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asinglemap(holdingexactly thesamenformation).

In generalthe black-and-whiteamapsareeasierto read,but the colour mapsimmediately
shav the accurag of the estimatescells with confidenceantervals falling completelyin one
legendclasshave a solid colour, whereagreen-reccellsarecellsfor which no informationis
availableat theresolutionconsideredThe doublingof thereferencdevelsin the mapsreflects
thechoicefor equidistantevelsonlog-scale.

3.6 The effectsof stratification

Groundwvaterguality mapscanalsobe obtainedwhile completelyignoringthe geotydrological
knowledge that resultedin stratificationby soil type and land use.For nine groundvater
quality variables(Table A4, page97) the effectsof stratificationwereinvesticgatedby making
groundwvaterquality mapswith partial stratificationandwithout stratification.Thesemapsare
basednthesamedataasthemainmapsusingthesamemodel(3.1) but now (a)for onecateyory
only (containingall 13 categoriesof Fig. 3.1, (b) for land usecateayoriesonly, or (c) for soil
type categoriesonly. For aluminiumthe effectsof no stratificationareshown in Figs.3.7 and
3.6 andtheeffectsof stratificationby landuseonly—ignoringsoil type—areshovn in Figs.3.8
and3.9 Figs.3.6and3.90only shawv thedifferencedrom thebasemap(Fig. 3.4). Theresultsare
summarizedn Table3.2

In generalt canbesaidthat

() Theeffectsof omittingor partiallyapplyingstratificationn thisstudyarelarge,evenin the
currentsituationwhereusuallyvery wide confidencentervalsarerelatedto four reference
levels.Foralmostall groundvaterqualityvariablesonsideregartialstratificatiorresultsn
10to 25%changean atleastoneof thefour maps(PebesmandDe Kwaadsteniet] 994).

(i) Thesimplertheapproachthelessthespatialdifferentiation.

(i) Thelargedifferencebetweerresultingmapsdemonstratéhatit is essentiato incorporate
geolydrologicalknowledgeinto a mappingprocedurdik e this (De Kwaadsteniet1 990).

(iv) Thefull stratificationusedfor the basemapsrepresentthe mostsafeapproaclcompared
tothesimplerapproachefecausell simplermodelsareaspeciakaseof thefully stratified
model Onlywhenonehasgoodreasorno believethatfor somegroundvaterqualityvariable
stratificationshouldhave beenomitted(partially),onemay preferthe correspondingnap
resultingfrom no (or partial)stratification.

3.7 The effectsof monitoring network density

The effectsof the densityof the monitoringnetwork on the groundvater quality mapswere
studiedby comparinggroundvater quality mapsbasedon the limited information from the
obsenationsof the NGM with the mapsbasedn thefull setof obserations(NGM + PGMSs).
This was donefor nine groundvater quality variables(Table A4, page97). The resultsfor



THE EFFECTSOF MONITORINGNETWORK DENSITY 33

e e
level: 25 mg/m3 =t level: 50 mg/m3 =11
r
[ not distinguishable T lower f
|| higher [ | not distinguishable
|| higher

level: 100 mg/m3 level: 200 mg/m3

7 lower f
I not distinguishable
|| higher

7 lower f
I not distinguishable
|| higher

Figure 3.6 Theeffectsof no stratificationfor aluminium.95% Confidencentervalsfor 4 km
x 4 km block medianvalueswhensoil and land useinformationis ignored,relatedto four
concentationlevels.Onlyresultsthat differ fromFig. 3.4 areshown
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Figure 3.7 Variogramof 9og(Al), whenstratificationis omitted Codesusedfor thevariogram
model(—) are explainedin Table A3 page 97
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Figure 3.8 Variogramsof 9og(Al), stratified by land useonly. A numberreflectsthe number

of observatiorpairs usedfor anestimatg+) of avariogrampoint,codesusedfor a variogram
model(—) are explainedin Table A3 page 97

aluminiumarepresenteth Figs.3.10and3.11 Changesanbeassignedo (i) lossof information
aboutthemeanlevel persoil-landusecategory, and/orlocationspecificinformation(lossof first
orderinformation)or (ii) lossof spatialdependencévariogram)information (lossof second
orderinformation).Changeghat resultfrom eitherone of thesetwo specificcomponentsare
shavn in Figs.313and3.12respectiely. Theresultsaresummarizedn Table3.3

It is evident that the extensionof the NGM with the PGMs hasresultedin important
improvement®f thegroundvaterqualitymapgFig.3.11, ‘total’ columnin Table3.3. Foralarge
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Figure 3.9 The effectsof stratification by land use only for aluminium.95% Confidence
intervalsfor 4 kmx 4 kmblock medianvalueswhensoil informationis ignored,relatedto four
concentationlevels.Only resultsthat differ fromFig. 3.4 are shown
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Table 3.2 Theeffectsof stratificationfor aluminium.Numberof cellsfor which the valueof
a 95%confidencenterval for a 4 kmx 4 kmblock medianconcentationrelatedto a refelence
level (possiblevalues:higher lower and not distinguishablexhanged as a resultof omitting
stratificationby (a) land use (b) soil type and (c) both (total numberof cells:8197).Changd
cellsfor columngb) and (c) are shownin Figs.3.9and 3.6 respectively

level numberof changedellsasaresultof omitting
(mg/ms) landuse soil type both
25 1276 1200 2227
50 975 1030 1668
100 959 1992 2314
200 825 1444 1898

Table 3.3 Theeffectsof monitoringnetworkdensityfor aluminiumNumberof cellsfor which

thevalueof a 95%confidencenterval for the4 kmx 4 kmblod medianconcentationrelated
toareferencdevel(possiblevalueshigherlowerandnotdistinguishableghangedasaresultof

omittingtheinformationfromtheprovincial groundwaterquality monitoringnetwork PGMs)
(total numberof cells:8197) Changsarearesultof (a)lossof informationaboutvariograms
(secondorder information),and/or (b) lossof informationaboutthe meanlevel and location
specificinformation(first order information).Changesfromead oneof thesecomponentsre
alsoshownChanged cellsare shownin Figs.311(total),312(a) and 313 (b)

level numberof changedells
(mg/m3 ) total asaresultof (a) asaresultof (b)
25 2765 2275 598
50 1649 1981 599
100 2643 2558 665
200 1828 1681 496

partthesamprovementsesultfromtheincreasef spatiadependencaformation(Fig.3.12and
column(a)in Table3.3, especiallyfrom informationabouttheshortdistancevariation(compare
Fig. 3.3with Fig. 310). The effectsof increasedirst orderinformationalsoled to important
improvementf thegroundwaterquality maps(Fig. 3.13andlastcolumnof Table3.3.
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Figure 3.10 Variogramsof Gog(Al), stratified by soil typeand land usg usingonly information
from the national groundwaterquality monitoring network. A numberreflectsthe numberof
observationpairs usedfor an estimatg(+) of a variogram point,codesusedfor a variogram

model(—) are explainedin Table A3 page 97
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Figure 3.11 Theeffectsof networkdensityfor aluminium(total). 95%Confidencéntervalsfor
4 kmx 4 kmblodk mediarnvalueshasedonmeasuementgromthenationalgroundwaterquality
monitoringnetworkonly (provincial monitoringnetworkinformationis left out),relatedto four
concentationlevels.Only resultsthat differ fromFig. 3.4 are shown
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Figure 3.12 Theeffectsof networkdensityfor aluminium(secondorder information).95%
Confidencentervalsfor 4 kmx 4 kmblock medianvaluesbasedon (i) first order information
frombothmonitoringnetworksand (ii) secondrderinformationfromthenationalgroundwater
gualitymonitoringnetworkonly, relatedto four concentationlevels Onlyresultghatdiffer from

Fig.3.4areshown
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Figure 3.13 Theeffectsof networkdensity(first order information).95% Confidencentervals
for 4 km x 4 km block medianvaluesbasedon (i) first order informationfrom the national
groundwaterquality monitoring network only, and (ii) secondorder information from both
networksrelatedto four concentationlevels Only resultsthat differ fromFig. 3.4are shown
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3.8 Discussion

In this study estimatef 4 km x 4 km block medianvalueswere presentedisapproximate
95% confidencentenals: a compactway of combiningthe presentatiorof expectedvalues
(pointestimatesanduncertainty(estimatiorvariancesjhatpreventsmisinterpretatiorof point
estimatedf thereis anareawhereconfidencentervalsarewide andwhereblock medianvalues
cannotbedistinguishedrom animportantcritical level, onecoulddecideto placeanadditional
monitoringsitein or closeto thatareaOntheotherhand wheresuchadistinctioncaneasilybe
made onemay decidethatfewer measurementsould be sufficient.For considerationsf this
kind, thecritical levelsshouldapplyto block medianvaluesandnotto individualmeasurements.
In thisway, monitoringnetwork optimizationcanbedirectedefficientlyandlocationspecifically
to relevant aspectof groundvater quality maps.In generalthe mapsgive little reasonfor
reducingthemonitoringnetwork density(they have wide confidencentenals).

From a policy point of view the mapscan be used directly either for quantifying
diffuse groundvater contamination(becausehe measurementso not represenstrictly local
contaminations)r for obtaininglocation-specifibackgroundconcentrations.g.for assisting
local contaminatiorassessmenklore indirectly the mapscanbe usedasaninput for andfor
validationof policy supportingegionalor nationalgroundwvaterquality models.Themapscan
be consideredsa translationof the informationat the measuremergizeinto spatialaverages
thesizeof spatialunits,asusedin regionalgroundvatermodels.

The spatial resolution of the groundwater quality maps (half overlapping4 km x 4
km blocks)canbe seenasa maximum,given the available monitoring network densityand
the obsered variation in groundvater quality. For purposeswherethe propertiesof larger
spatialunits are sufficient,usingthe currentapproachbut with simply larger blockswould be
unsatisctory:becausef the spatialvariationof soil type andland use,the meaningof block
dominantsoil-landuseasa basisfor stratificationwould loseits relevance Whenestimate®f
groundvaterqualityvariablesareneededtalowerspatiakesolutionit maybebettertocombine
the available measurementwithin a soil-land usecategory, treatthemasa (random)sample,
and use classicalstatistics(design-basedhference).This may also permit the estimationof
higherquantiles(e.g.estimationof the fraction of individual samplesn a region exceedinga
criticallevelin thetail of thesampledistribution).Providedthatthislatterapproachncludesoth
spatialandtemporabspect®f groundwaterquality, it canbeconsideredsa secondalternatve
approachio monitoringnetwork evaluation(andoptimization).

Stratificationby land use and soil type precedingspatialinterpolationturnedout to be
essentialthe necessityof usingprocesknowledgebecaus®f the non-uniquenessf a strictly
geostatisticahpproachDe Kwaadsteniet] 990)is not just a theoreticalpoint, but it resultsin
mapsthat differ substantiallyfrom mapsobtainedwhenno or partial stratificationis applied.
Differenceganbeviewedasthetranslatiorof thewayin which,with respectothegroundvater
quality variables,stratadiffer in level, in order of magnitudeof variation, and in spatial
dependencbetweermeasurementgor thelasttwo points,seealsoFig. 3.3

More generallyit canbesaidthatthecurrentapproacltlioselyfollowsa classicaktatistical
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approachwe startwith astratificationby soil typeandlanduse It improvesonapurelyclassical
statisticalapproachby explicitly taking accountof location specificinformation and spatial
dependencehy using stratified kriging. The effects of monitoring network density clearly
demonstrateéhe addedvalue of usinglocation specificinformation and spatialdependence:
especiallytheeffect of shortdistancevariationbut alsotheeffectof localinformationresultsin
importantmodificationsof thegroundvaterquality maps.

The stratificationusedfor this studyis notideal.Soil typeinformationwasobtainedfrom
a nationalsolil surwy (Steuret al., 1985)that describeghe top metreof the soil, whereaghe
soil characteristicérom soil surfaceto the depthof the monitoringscreensvould have been
morerelevant.Landuseinformation(Thunnissertal.,1992)describeshe(estimated$ituation
in 1986-87 whereadand uset yearsago(wheret dependsn local groundvaterflow) would
yield more adequatenformation. The sub-optimalinformation availability resultsin larger
within-categoryvariation(wider confidencentervals)thanthevariationthatwould be obtained
with theideal soil andland useinformation.Also errorsoccurringin both mapsclusteringof
catgyoriesandusingdominantsoil-landuseresultin anincreaseof within-cateyory variation.
Finally an important part of the within-category variation may stem from the absenceof
relevant geotydrological attributes,of which no mapsare available.When mapsof relevant
geolydrological attributes(e.g. on infiltration versusseepagelbecomeavailable,it might be
worthwhileto includethemin the stratificationwhich would resultin fewer measurementser
category, but with smallerwithin-categoryvariationmoreaccurateestimatesnaybeobtained.

Mathematicalaspectsvere kept simple, primarily becausewe aim for (a) an optimal
accessibilityof the variousmethodologicaitems mentionedand (b) the avoidanceof more
complex assumptionshannecessaryasedon the objectve of this studyandthe information
available Thesimplicityrefersothemodelused3.1), thechoiceandfit of variogrammodelsthe
choiceof R, theway approximateonfidencentenalsfor block medianvalueswerecalculated,
andtheoutlier procedureSomegeneraremarksaboutthe mathematicahspectsre:

() Kriging asappliedin this study(usingmodel(3.]) for eachvariablefor eachsoil-landuse
catggory) can be consideredasa first stepbeyond and an improvementof the classical
statisticalapproacHfor eachvariablefor eachcategory)in its four formsbasedon spatial
dependencer independencendonemeanpercategyoryor localmeanf regionswithin a
category, respectrely. Thekriging approachs animprovementontheseclassicaktatistical
approachebecausédocalinformationis usedmoreeffectively.

(i) The (approximateP5% confidenceintervals presentedn this study are consistentwith
interpolationson a log-scalean obvious choicegiven the characteof the measurements
at hand.For a first quantificationof uncertaintiegthe calculationof confidencantervals
using(3.2) theestimatiorerrorof blockmearnvalueonlog-scalasassumedtb benormally
distributed,and uncertaintyof the (kriging) standarddeviation is ignored.This implies
thatonly aroughindicationof confidences obtainedandthatthewidth of theconfidence
intenalsshouldbe consideredasthe lower boundto more carefully obtainedconfidence
intervals.

(i) Inthecurrentcontet (block kriging onalog-scalethecentralmeasurehatis estimateds
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theblock mediannottheblock meanWhentheblock meanis needede.g.for comparing
the mapswith groundvaterquality modelresults)first indicationsof block meanscanbe

obtainedrom themapsof block mediandy usinganapproximateelationbetweerblock
meanm), andblock medianM_, givenby

m,=M_exp(7 2), 3.3

where sé is the short distancevariance,the short distancevalue of the variogramfor
therelevantvariableand cateyory. Relation(3.3 is derived from the well known relation
betweermeanandmedianof alognormaldistribution (AitchisonandBrown, 1957).First
indicationsof 95% confidencantervalsfor 4 km x 4 km block meanvaluesare obtained
whenthelegendclasshoundarie®f a maparemultiplied with thefactorof M_ from (3.3.

For a groundvaterquality variable thiswill resultin differentlegendclassboundariegor
differentsoil-landusecateyories.



Chapter 4

Maps of temporal changes in the
groundwater quality in the Netherlands at
5-17 metre depth

(from:PebesmandDe Kwaadsteniet]1 995)

4.1 Intr oduction

Theprimarygoalof the nationalgroundvaterquality monitoringnetwork is to provide insight
in thecurrentsituationandsystematichangesn time of groundvaterquality. For thispurpose,
about370monitoringsitesspreadairly evenlyoverthecountryaresampledearlyattwodepths
(from well screenst about10 and25 metrebelov surface) At first samplesvereanalysedor
19,andlater25,groundvaterquality variables.

Thecurrentstudyaimsatmappinggroundvaterqualityvariablesysingpointmeasurements
obtainedfrom the monitoring networks, in such a way that uncertaintiesn estimatesare
guantifiedstatistically In particular the attentionis focusedon the descriptionof changesn
groundvaterquality in time.Mappinggroundvaterquality variablesata measurememhoment
(in oneyear 1991)wasdescribedn Chapter3.

Becauséoth startinglevel andtime gradientaresignificantto theassessmemf changes
in groundwater quality, we choseto examinethis subjectin termsof short-termpredictions.
Using a simple regressionmodel, extrapolationfrom obsenred time seriesyields short-term
predictiong‘expectebsenations’)for themonitoringscreensyhichcanbeusedn thespatial
interpolation.Time-predictionuncertaintiesexpressedas estimationvariancesof ‘expected
obsenations’canbeincorporatedn thespatialinterpolation.

Basicallytheprocedurdor mappingexpectedbsenations’is similarto theprocedurdor
mappinggroundvaterqualityatameasurememhomeniChapte). Asbefore mapsof soiltype
(Steuretal.,1985)andlanduse(Thunnissemtal.,1992)wereaggreatedto asetof soil-landuse
cateyories For eachcategory, for every groundvaterquality variable andfor eachextrapolation
time attentionwaspaidto thetime-predictioruncertaintyof, thelevel of, thevariationin andthe
spatialdependencm ‘expectedbsenations’by usingavariantof ordinarykriging (Journelnd
Huijbrechts, 1978)thatwasmodifiedto accountfor non-constantime predictionuncertainties
(Delhomme 1978).For eachextrapolationtime, estimate®f 4 km x 4 km block mediarnvalues
werepresentedn mapsasapproximat©5%confidencentervals.

It wasnot possibleto createmapsof changesn groundvaterquality for all variablesor to

44
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useall measurementbatwereusedfor themapsf 1991(PebesmandDe Kwaadsteniet, 994,
TableAl, Fig.3.2) becauséi) mary measuremersiteshave beeninstalledonly recentlyand(ii)
for theremainingsitesthe monitoringof severalgroundvaterquality attributeswasstoppedor
startedonly recently Thereforethis studyconcernonly 12 groundvaterquality variablesand
Is basednamuchsmallersetof obserationsthemeasurementsf theprovincial groundvater
qualitymonitoringnetworkshadto beleft outof thisstudy Full resultsarepresenteth aseparate
report(PebesmandDe Kwaadstenietl 995).In thischaptemweillustratethemethodsisedwith
resultson onegroundvaterquality variable hamelypotassiuntoncentration.

The mapsof changesn groundwater quality can be usedfor (i) assessmertf diffuse
groundvater contaminations(becausethe measurementslo not representstrictly local
contaminationg)i) thevalidationof policy-supportingeegionalor nationalgroundvaterquality
models.

Sections4.2 4.3 4.4 and4.5describethe stratification the dataselectionthe changesn
timeatthewell screensindthespatialinterpolationTheresultsarediscussedh Sectiord.6and
thischapterconcludesvith adiscussionn Sectiord.7.

4.2 An aggregatedmap comprising soil type and land use

Thesoil-landusemapthatwasusedfor thestratificationandclassificatiorof themeasurements
is identicalto the mapdescribedn Section3.2 shavn in Fig. 3.1(page26). Table3.1presents
basicdataonthe categories.

4.3 Data selection

For thegeneratiorof mapsof change# groundvaterquality severalobsenationswereleft out
because¢hey seemedinsuitabldor thispurposeAsin Section3.3 monitoringsitesin ‘built-up
areasivereleft out,aswell asmonitoringsitesthatwereinfluencedirectly by waterfrom rivers
or thesea.

Becausehecurrentstudyconcentratesntherecognitionof meaningfulsteadylong-term
component®f the changesn time, the selectiononly compriseswelve groundwvater quality
variablesfor which long-termserieswere available (Table A5, page97). As in the previous
chaptey only monitoring screensbetween5 and 17 metre belov the ground surface were
considered.

Visualexaminationof thetime serieplotsfor eachvariableandfor eachmonitoringscreen
revealedhatfor mary variableghefirstyearsof monitoring('85 and'86) did notfit in thegeneral
patternof the seriesfor a substantiafraction of screensleadingto doubtsaboutthe quality
of thesemeasuremenighe quality of samplingsampletreatmenbr analysis)We chosefor a
uniform treatmentandfor all variablesandmonitoringscreen®nly measurementsom 1987
andlaterwereusedUsually, seriesupto 19920r 1993wereavailable.Examinationof thetime
serieplotsfurthermorerevealedthatfor somesamples considerabl@art(morethan3) of the
variableglid notfit in theserieswhichwasinterpretedasanindicationof erroneousamplingor
samplingreatmentThesesamplesvereconsidered@soutliers,andthey wereleft outaltogether
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(Threesamplesveremarkedasoutlier.)

Detectionlimit valueswereassignedo measurementselon the detectionlimit, for each
variableusingthe highestdetectionimit whena changen detectionlimit hadoccuredduring
the measuremenperiod consideredIn exceptionalcaseswhen only a tiny fraction of the
measurementseredeterminedvith aconsiderabligherdetectiorimit, measurementselon
suchahigh detectionimit weretreatedasmissingvalues.

The measurementaerefinally subjectedo a global quality control,in which, for each
variableand monitoring screenmeasurementthat differed more than a factor 10 from the
othermeasurementsf the time serieswere consideredas‘doubtful’ andwereleft out of the
selectionFinally, afterapplyingall previouslydescribedelectionspnly themeasurementsom
monitoringscreensvith atleasts measurements theperiodconsidereavereusedfor mapping
changesn groundvaterquality.

The locationsof the 250 monitoring screensusedfor mappingchangesn groundvater
guality areshawn in Fig. 4.1 The numberof measurements eachsoil-landusecateyory is
shavnin thethird columnof Table3.1(exceptfor thecategory‘grasslandn peat,whichhas22
measurementdueto theadditionalselectiorcriteriadescribedabove).

4.4 Changesin groundwater quality variablesat the well screens

Becausestartinglevel andtime gradientare both significantto the assessmerdf changesn
groundwvater quality, we choseto examinethe subjectof changesn groundvater quality in
termsof short-termpredictionsin particulaywe areinterestedn theassessmerf meaningful,
steady(i.e. monotonous)long-termcomponentsn the changen time of groundvaterquality
variables.

For eachgroundvater quality variableandfor eachseparatenonitoringwell screenthe
variationof aconcentratiowvariableonthelog-scalan timey(t) is representetly alinearmodel
with time, having independenidenticallydistributederrors

Y(t) = o+ at +et), E(et) =0, Cov(et)= o2, 4.1

whichis a specialcaseof thelinearmodel(2.), writtenasY(t) = F 3 + &t) whenf(t) = (Lt),
= 1...n,isthei-throw of F,,andg = (o, ). Thus estimateandestimationvariancefor themean

valueof ashort-termpredictionat extrapolationtime t_,, given 3 (2.23, using(2.4) and(2.9),
are

Htpa) = Tt = g+ it 42
and
) = T ) FF) (o) 0% (4.39

ando(t,,) is estimatedy 4t .,) when,using(2.3,
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Figure4.1 Monitoringnetworklocations Sitesof thenationalgroundwaterquality monitoring
networkthat contributedto themapsof changesin groundwaterquality
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€ =yt) (I —F(F/F) FOyey(n—2) (4.3

is substitutedor o2 in (4.39. Usingmodel(4.]) impliesthatonalog-scaleve assume constant
increaseor decreasef concentratiornn time:afirst approachor atrendin whichthedeviation
from a straightline is consideredas ‘white noise’. Using the log-transformatiomot only
guaranteegpredictionsthat are strictly positve on the original scale,it alsoyields predictions
atthemonitoringnetwork siteson the mostobviousscalefor spatialinterpolation(Section2.7,
Chapter3).

For creatingmapsof changesn groundvaterquality the short-termpredictionsrom (4.2
weretakenas‘new obsenations’atthemonitoringnetwork sites.Theseénew obsenrationswere
interpolatedandlocationspecificobsenationaccurag wasdervedfrom (4.3g9 and(4.3h. More
specificallyfor two momentgi.e.time periodsatequaltimesfrom thecentreof theobsenation
timeseriesl987-1993att = 1980.5andt = 2000.5, a setof ‘new obsenrations'wascomputed.
Fortwo ‘new obsenrationsataspecifiomonitoringsite thisequitemporathoiceof extrapolation
timesresults—onthe log-scale,and by absenceof a trend on the original scaleaswell—in
equalobsenationaccuracie$or bothextrapolationrmomentgFig.4.2). Theaim of choosingan
extrapolationspanof 1980-2000s to emphasizérendsthatarevisible despitethe obsenation
inaccuracies.

Quantifyingthe obsenationaccurag with (4.39 impliesthatthe ‘new obsenations’only
relateto the situationaround 1980 and around 2000:for ‘new obsenrations’the short-term
componentsf temporalariation theyearto-yeardeviationfrom theregressiorline, arefiltered
out,within thecontext of thecurrentmodelstructure.

For a monitoring well with two screensin the depthinterval consideredgeach ‘new
obsenration’ used for the spatial interpolation of a groundvater quality variable for an
extrapolatiormomentwascalculatedasa simpleaverageof both‘new obser\ationsfll(t and

A ()

new)

9(tn6N) = (91(tnew) + 92(tne/v))/ 2.

Theestimatedbsenrationaccurag for sucha monitoringwell wascalculatedas

52(tne/v) = (ﬁ(tnew) + é(tne/v))/ 4,

wheres{(t, ) andsit, ,,) werederivedfrom (4.3 and(4.3b.

4.5 Spatialinterpolation

Mapsof short-termpredictionsfor groundvater quality variableswere obtainedby meansof
ordinaryblock-kriging of log-transformediata(Journeland Huijbregts, 1978)within eachof
thecateyoriesin Table3.], usingtheshort-ternpredictionsobtainedor everywell in acategory:
the‘new obsenations’obtainedrom (4.2) att = 1980.5andt = 2000.5

For the spatialinterpolationa model conceptwas adoptedwhich basically considered
obsenationsof a mappingvariablewithin anareaR insidea soil-landusecategory asa sample
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domain of measurements
regression line

® ‘new observation’ for 1980
m  ‘new observation’ for 2000

log-concentration

U U
1980 1985 1990 1995 2000
time

Figure4.2 Schematicrepresentatiorof ‘new observationsandtheir accuracy(aserror bars)
at a singlemonitoringwell screen(no actualmeasuementsirawn)

from arealizationof therandomfield Z(x) with thefollowing properties:

Z(x) = m+e(x) 4.4
with

m constant, (4.49

E(e(X) =0, VXER, (4.4b
and

BEL(Z0g) — Z0) T = (I = %lD. VX%, € R. (4.49

Thatis,within anareeof sizeR insideasoil-landusecateyoryweusedanadditvemodel(on
log-scalewith (i) a constanexpectedvalueand(ii) spatialdependencbetweemmeasurements
thatis a function of the distanceh betweenthe measuremeribcationsonly. Additionally we
assumedhatin a soil-landusecategory for a groundvaterquality variableonly onefunction
~(h) is neededindependenbf R), andthat this function (the ‘variogram’)is identicalto the
variogramthat wasobtainedfrom the measurementsf 1991(Section3.4, compareFig. 3.3,
for the correspondingoil-landusecateyory. Fig. 4.3shavs thesevariogramdor potassiumas
obtainedrom the 1991measuremen{®ebesmandDe Kwaadsteniet1 994).

The areasize R wasdefined(in order of preferenceks (i) the closest20 obsenations
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Figure 4.3 Variogramsof 9og(K), stratified by soil typeand land use obtainedfromthe 1991
measuementgnationaland provincial monitoringnetworks)A numberreflectshenumberof
observationpairs usedfor an estimatg(+) of a variogram point,codesusedfor a variogram

model(—) are explainedin Table A3 page 97
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whenmorethan20 obsenationswereavailablewithin a distanceof 100km, (ii) 2L00km when
10to 20 obsenrationswereavailablewithin this distance(iii) the 10 nearesbbsenrations.The
interpolationprocedurehat wasusedherediffers from standardolock-kriging basedon (4.4)
(JournelandHuijbregts,1978)in thatlocationspecificuncertaintyfor each‘new obsenation’
obtainedwith (4.39 and(4.3h wastakeninto accountasdescribedn Section2.5(2.12, and
Delhommeg(1978).

The estimatesoncernmeanvalueson log-scaleof 4 km x 4 km blocks.Estimatesare
presentedsapproximat®©5%confidencentervalscalculatedy

[20x) — 20,(%y) , 2Xy) +20,(%)] (4.9

with ﬁ(xo) the point estimate(kriging estimate)on the log-scaleando,(x,) the corresponding
estimationstandarddeviation (kriging standarddeviation), using the model describedabove
(Delhomme 1978, Journeland Huijbregts, 1978).Back transformatiorof this interval to the
originalscale(takingtheexponentof bothsides)ieldsanapproximat®5%confidencenterval
for theblock medianvalue.

Thedisplayof valuesfor 4 km x 4 km blockson the 2 km x 2 km block centresandthe
treatmenof smallsoil-landusecateyorieswith lessthan10 obsenationsis identicalto that of
Section3.4

4.6 Results

In the mapsof changesn groundwvater quality, the 95% confidenceintervals for 4 km x 4
km block medianvaluesare relatedto four referenceevels, as obtainedfrom multiples of
targetlevelsor critical levelsfor humanconsumption(thesetarget levelsor critical levelsare
definedin relationto individual samples)For eachreferencdevel a sub-mappshavs wherethe
confidencantenvalsarecompletelyabove or belown the level, or wherethey straddlethe level.
In thelattercaseplock medianvaluesandreferencdevel cannotbedistinguishedbasednthe
informationavailable.The doublingof the referencdevelsin the mapsreflectsan equidistant
(linear)choiceof levelson thelog-scaleFor eachvariablechangesn groundvaterquality are
revealedby shaving mapsfor 1980and2000side by side,andby only shaving their mutual
differences—wherthemapsareidenticalnovaluesareshavn. Figs.4.4and4.5shav themaps
of changesn potassiuntoncentration.

The mapsreflectthe developmentof groundvaterquality over a 20 yearspan,within the
contect of the currentmodelstructure The differenceshavn arisedirectly from the slopeof
all or partof theregressiorlines,asfitted to the measuredime seriesif theslopesarezerothe
mapsareidentical.

Theindicatedtrenddirectionin a cell canbe derivedfrom thedirectionof shift in legend
classfrom oneextrapolationtime to the other In generaltrend magnitudecannotbe derived
from this shift, for instancejn caseof a singlelegendclassshift. It canbe statedthatall trend
indicationsshavn areof vital importancan the sensehatthey concerna shift in estimate®f
4 km x 4 km block medianconcentratiorthatresultsin a differentmapfor at leastoneof the
referencdevels.
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Figure 4.4 Map of potassiumin the groundwateraround 1980,whete it differs fromFig. 4.5
(faround2000’).95% Confidencenterval for 4 kmx 4 kmblodk medianvaluesrelatedto four
concentationlevels
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Figure 4.5 Map of potassiumin the groundwateraround 2000,whete it differs fromFig. 4.4
(*faround1980’).95% Confidencenterval for 4 kmx 4 kmblodk medianvaluesrelatedto four
concentationlevels
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The maps(Figs. 4.4 and 4.5 Pebesmand De Kwaadsteniet1995) shov a wealth of
trend indications.Primarily we can concludethat a trend approachwith sucha high spatial
differentiationis attainableandadvisable Advisablebecauséi) cellswith a pronouncedrend
canbedistinguishedrom a neighbourhoodavith lesspronouncedrends(ii) trendsin adjacent
or nearbycells(alsowithin thesamesoil-landusecateyory) canhave oppositedirections.

4.7 Discussion

The changesn predictedgroundvater quality as presentedon the mapsarisefrom (i) the
measuremergeriesfrom 250 monitoringsitesand (ii) the modelstructureused.Somefurther
commentdelonghere.

For the descriptionof temporalchangen a groundvaterquality variablewe useda first
orderlinearregressiormodelfor measurementsn the log-scalewith time, assuminghatthe
deviationfrom aregressiorline couldbeconsidereds‘white noise’.

Usingthelog-scaleastheworkingscaleyields(i) temporalpredictionsonthemostobvious
scalefor spatialinterpolation(Chapter3), (i) a uniformly quantifiedlocationspecificmeasure
of accuray for the predictionat the monitoringsites,directly on the spatialinterpolationscale
and(iii) strictly positive predictionsontheoriginalscale.

Initially, the intuitive and, except for large factorial trends,most obvious and simple
approachor modellingsteadytrendswould be to usea linear modelwith time on the natural
(i.e. measurementycale.However, when we consider10-yearextrapolationsthis approach
differssignificantlyfrom modellinglineartrendson the log-scaleonly whenfactorialtrendsof
atleastafactor2 occurandwhenpredictioninaccuraciesreignored.For largefactorialtrends
thelog-scalés preferredonintuitive groundsfor smallfactorialtrendsthedifferencedetween
bothapproachesdewhenpredictioninaccuraciearetakeninto consideratioriThequantitatve
incorporatiorof locationspecificpredictionaccuraciess anessentiaaspecbf thecurrentstudy
As theworkingscalethelog-scalepermitsthis.

Themapsarebasedn a conceptwherethevariablewe wantto map—thespatialvariable
z(x) at an extrapolationtime at an obsenation location x—is not obsened, but whereonly
approximate)bsemtionsf/(&) areavailable whicharesubjectto anunknavn obsenationerror.
We canmodelsuchapproximatebsenationsasthesumof a stationaryariableZ(x;) (4.4) that
representthevariableof interestz(x), anda measuremergrrore(x;)

Y(x) = Z(x) +(x), (4.9
andfor thisobsenrationerrore(x) we assumehatit hasno systematicomponent

E(e(x)) =0, Vi, 4.7
andthatit hasaIocationspecificvariancea?(xi)

Var(s(x)) = o2(x), Vi. 4.8



DISCUSSION 55

In thisstudy we assumehatai(xi) isknown, asit isderivedfrom (4.39 and(4.3b. Furthermore,
we assuméhattheobserationerrorsat two differentlocationsarenot correlated

Cov(e(x),e(x) =0, Vi#], (4.9
andthattheobsenationerrorsarenot correlatedvith the spatialvariableZ(x)
Cov(e(x),Z(¥)) =0, Vi, Vx. (4.10

Thisimpliesthatbeyondthestandardkriging assumptionthemapsarebasedntheassumption
that at a monitoringsite we do not know the exact value of z(x), but that (for corveniences

sale,in caseof anormallydistributedobsenationerror)independentlyf everythingelse95%

confidencentenalsfor z(x) aregivenby

[0 = 20.(%) , ¥(x) +20. ()], V.

The adaptionof the standardkriging procedurgo handleobsenationsthat are subjectto an
obsenationerrorthat satisfieq4.6)-(4.10 wasgivenin Section2.5andin Delhomme(1978).
Comparedto the situationwhere the obsenration error would have beenignored,applying
thisadaptionrepresenta morecarefulapproactthatresultsin wider confidencantervals,and
anapproachn which lessweightis assignedo obsenationswith relatively large obsenation
errors.

Thestatisticaindicationof steadytimetrendsn block medianvalueqsteadytrendsn first
orderstatistics)s theprimarygoalof thisstudy Froma methodologicapoint of view, in afirst
trendstudy(like thisone)it is a correctfirst approacto work with time-invariantsecondrder
statisticqspatialvariation,spatialdependence variation,the variogram)within soil-landuse
categyories.Thedecisionfor thatis basednthefollowing arguments(i) Statisticaddistributional
propertiesof variogramsarecomple, anda statisticalcomparisorof variogramss a subject,
thecompleity of whichis beyondthecontext of thisstudy (ii) Usinga differentvariogramfor
eachextrapolationtimewould compriseamodellingdetailthatwasnot statisticallyshavn to be
necessar{andthatprobablycannotbeshovn to benecessarygiventhenumberof obsenations
persoil-landusecategory, Table3.1), andwould represena modellingapproachn which maps
nomoreexclusively reflecttheprimarygoal.differencesn mapswouldin thatcaseeflectsteady
timetrendsaswell asthenewly introducedime-differencesn seconcdrderstatistics.

For the variogramsof Z(x) we used the variogramsof the 1991 measurementghat
were obtainedfor the mapsof the groundvaterquality in 1991(Chapter3, PebesmandDe
Kwaadsteniet1994). The primary reasonfor this is that for studyingspatialvariation of a
groundwvater quality variablewithin a soil-land usecategory, in the previous studywe hada
muchlargerobsenationset Apartfromthemeasurementsom thenationalgroundvaterquality
monitoringnetwork we coulduseaboutl 70measurementsom provincial monitoringnetworks.
Distinguishingthe 1991-situatiorandthe ‘around1991-situationwith respecto thevariogram
specificatiorwas—withall othersimplificationsan mind—consideretb be overdone.

In this study estimatedsecondorder statistics(variogramsand ‘obsenation accuracies’)
are taken as deterministicquantities.This aspecttogetherwith the contentsand foundation
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of the modelstructurempliesthatthe mapsonly yield a first stepin the directionof spatially
differentiatedstatisticatrends.Thereforefor theinterpretatiorof themapscautionis required:
only first statisticalindicationsof meaningful steadytrendsin block medianvalueswere
obtained.

Taking the estimatedobsenation accurag’ asa deterministicquantitywhen,asin this
study a ‘new obsenation’ (a short-termprediction)in a monitoringwell screens basedon a
time serienf 5to 7 measurementanpliesthatin thisfirst approacHor thedeterminatiorof the
‘obsenationaccurag’ theestimated/ariancsz(tneN) (3),basedn 3degreesof freedomwhen5
obsenationsareavailable wasnot distinguishedrom thetruevarianceof (4.39. Thisresultsn
aseriousunderestimatioof the‘obsenationaccurag, andunderlineshecautionthatshouldbe
takenwith respecto theinterpretatiorof themapsThereasorwhy we used'new obsenations’
basedon time seriesof 5 measurementslespitethe shortcoming®f the methodused,is the
obsenationfrom practicethattheinfluenceof suchseriescannotbeignored.

More generallyit canbe statedthatin trend studiesthe accuracie®f trendobsenations
desere explicit, quantifiedattention.In orderto be ableto presentwell-foundedestimateof
changesn groundvaterquality over a reasonabléime scale the—nav yearly—measurement
frequeng shouldnotbereduced.

Tobecompleteit shouldbenoticedthatthemapsdonotpretendo showv theactualchanges
thatoccuroverthe20yeartimespanconsideredl hechangeshavn only concerrextrapolations
from obsened changesn the measuremerderiesl987-1993within the context of the current
modelstructure.

Seriousmodificationsof the mapsin this studymay be expectedwhen,after a few years,
measuremerserie®f theprovincialgroundvaterqualitymonitoringnetworksbecomeavailable
andwhentheseseriescanbeincorporatedn the study

Finally, the currentstudy should be consideredas a supplemento the previous study
(ChapteB3,PebesmandDeKwaadsteniet,994). Themajority of theitemsdiscusseth Section
3.8applyto thisstudyaswell.



Chapter 5

Improving estimates with ancillary
information

5.1 Intr oduction

Thegoalof bothmonitoringandmodellinggroundvaterquality is to gainunderstandingf the
spatialandtemporalvariationin groundwaterquality. This variationis understoodetterwhen
moremeasurementare availableor with bettermodels,i.e. modelsthat explain the variation
in the availablemeasurementsetter Consequentlythe optimizationof a groundvaterquality
monitoringnetwork canbe aimedat the numberandfrequeny of measuremen@swell asat
a betterexplanationof thevariationin measuremenisith models.This chaptershavs how we
canusedifferenttypesof relevant,ancillaryinformationin modelsto increasehe accurag of
mapsof groundvaterquality.

ChapteBdescribesisimpleapproachor mappinggroundvaterqualityin theNetherlands.
Maps of groundwvater quality variableswere obtained by within soil-land use category
interpolationof measurementsbtainedfrom the groundvater quality monitoring networks
(Van Duijvenboodenet al., 1985), taking the spatial dependencéetweenmeasurements
within categoriesinto account(stratifiedordinaryblock kriging, JournelandHuijbregts,1978).
Estimate®f 4 km x 4 km block meanvalues(on log-scaleyielding estimate®f block median
valueson the original scale)werepresentegsapproximate95% confidencantervalson maps
havinga2 km x 2 km grid.

In generalthe resultingmapsturnedout to be ratherinaccuratewith wide confidence
intenals.If available,more groundvaterquality measurementsr betterstratificationcriteria
might beusedto increaséheaccurag of maps by usingthemodelof the simplestratification
approachOther potentially relevant information typically consistingof either measurements
onother(related)ariablesor resultd§rom deterministipprocessnodelsareavailable but cannot
be handledby this model.This chaptemwill shav how this other ancillary informationcanbe
incorporatedn themappingprocedurgo improvetheaccurag of resultinggroundvaterquality
mapsFor threegroundvaterquality variablegnitrate,zincandsulphateconcentration)hesize
of theimprovementswill be shavn by comparinghe mapsthatuseancillaryinformationwith
themapsfrom the simplestratificationapproach.

The natureof the ancillaryinformationusedin the examplesis describedn Section5.2
The simpleapproachof Chapter3 (stratification—dataelection—interpolation¥ the point of
departurefor the currentstudy and Section5.3 describesow the interpolationprocedures
adaptedo usetheancillaryinformationwithin a soil-landusecategory. Two examplesof using
map information obtainedfrom modelsare presentedone example usesnitrogen leaching
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rate from soilsin the agriculturalarea(seeFig 3.1 page26) to aid the estimationof nitrate
concentratiom deepegroundvater(Sectiorb.4), theotherusesaatmospheridepositiorof zinc
for estimatingzincconcentratiomn groundvaterin areasvith semi-naturavegetation(Section
5.5. Theexampleof usingothermeasuredariableds theapplicationof sulphateconcentration
measuredn shallov groundvaterin areaswith semi-naturalegetationfor the estimationof
sulphateconcentrationn deepergroundvaterin thatareaandthis exampleis givenin Section
5.6. Section5.7 summarizeshe size of the effectsof ancillary information,and section5.8
concludesvith adiscussion.

5.2 Ancillary information

In groundvater quality studiesour major concernis groundvater pollution, andin this
chaptemwe limit the studyareato the areaof sandysoilsin the NetherlandgFig. 3.1, page26)
thatarenot influencedby strictly local pollution. In theseareaggroundwvater pollution occurs
becauseollutantsappliedto the soil surface can dissole and infiltrate to a depthof about
10m within afew decade¢Meinardi,1994).Furthermoretheseareasallow thebestconnection
betweergroundvaterquality measurementst 10 m depthandsoil surfacecharacteristicatthe
measuredocation,becausehe horizontaldisplacemenis generallysmall (which is necessary
becauseanformation on the actual groundvater flow patternsis lacking). The main factors
influencinggroundvaterquality thatareavailableasmaps(andthereforeusefulfor themapping
of groundvaterquality) aresoil type (Steuretal.,1985)andlanduse(Thunnisseretal., 1992):
they wereusedfor thestratificationin the simpleapproactdescribedn Chapter3.

Variationsbetweermeasurementsf groundvaterquality asobsenedwithin soil-landuse
categoriescanbeconsideredsstemmingrom (i) measuremerdrrorin thegroundvaterquality
variable(ii) classificatiorerrors(measuremerdrrorin the soil-landuseinformationresulting
in wrong assignmenbf measurement® cateyories),or (iii) true variationin groundvater
quality. Estimateof groundwaterquality canbe improvedby reducingthefirst two sourceof
variation but herewefocusonthethird. Truevariationof groundvwaterqualitycannotereduced
(althougha changein the methodof measurementnay reducethe variationobsened), but it
canbemodelledIf informationonaprocesshatcauseshevariationof thegroundvaterquality
variablewithin a soil-land usecateyory is available (e.g.from deterministicorocesgnodels),
thisinformationmay provide a betterexplanationof thevariationin themeasurementandthe
subsequenteductionof theresidualunexplainedvariationmayyield moreaccuratestimation.
Alsoif measurementgeavailablefor otherassociatedariablesthevariationof whichiscaused
by the sameprocessethat causethe variationof the given groundvaterquality variable they
mayhelpto improveits estimation.

Deterministicprocessnodelsdo not necessarilyvork with the samesize spatialunitsas
usedin Chapter3. In examplesA andB the spatialunitsare500m and 10 km, andthe model
calculationsverenotobtainedspecificallyfor explainingvariationin groundvaterquality. When
alargepartof thevariationof groundvaterquality measurementsccurswithin areaghesizeof
the spatialunitsof a deterministigorocessnodel,thenthis variationcannever be explainedby
usingthismodelinformation It mayhoweverbepossiblego applythesamedeterministigrocess
modelfor smallerspatialunits,andtuningthespatialunit sizeof theseprocessnodelgothesize
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of groundvaterquality measurementsge.downscalingthe processnodelsat themeasurement
sitesto the measuremergcalemight furtherimprove thevalueof theseprocessnodelsfor the
estimatiorof groundvaterquality variableswhichis discussedh section5.8

5.3 Spatial interpolation with ancillary information

In thesimpleapproacl{Chaptei3) weobtainednapsof groundvaterqualityby ordinarykriging
(JournebndHuijbregts,1978)of thegroundvaterqualityvariablestratifiedoy soiltypeandland
use.For this,we adopteda modelwherelog-transformedneasurementgx) within a soil-land
usecategory wereconsideredisa samplefrom arealizationof a locally intrinsicrandomfield
Z(x) with thefollowing properties:

Z(x)=m+eX) (Gl
with

m constant, (5.19

E€X)=0, VXER, (5.1b
and

LE[(Z() — Z(x+ )] = 7,(h[), Yxx+heR. (5.19

The expectedvalue of the variableZ(x) within a local neighbourhoodR is m, the deviation
gX) from this meanvaluemight be spatiallycorrelatedandthe spatialcorrelationbetweerntwo
measurements afunctionof theseparatiomistancen only. Additionally we assumedhatonly
onefunction+y,(h) is neededgersoil-landusecategory. The neighbourhoosizeR waschosen
asthenearesfiOto 20 measurementsithin a distanceof 100km.

Whentheancillaryinformationf (x) is obtainedrom a deterministigrocessnodel(andis
known at all locationsx) we canextend(5.]) to themoregeneraform:

Z(x) = g(f (x)) + &x).

Theexpectationof Z, g(f (X)) is now a functionof f(x), theform of which mustbe specifiedIf
f(X) is a continuousrariableandwe assumea linearrelation,the obviouschoicefor g( - ) isthe
linearmodel,extending(5.1) with f(X) to:

Z(x) = B, +1(})5, + &X) (5.9
with

B, 8, constant, (5.29

E@eX)=0, VYXER, (5.28

and
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LE(e0) — e(x+h)T = 7(hl), Vxx+heR. (5.29

In (5.2, 3, is theconstanparamete(like min (5.1), andf (X)3, representa linearcontribution
from the deterministicprocessmodel to the explanationof the measurementdviodel (5.2
expresseshatwithin alocal neighbourhoodR the expectationof Z(x) hasthe shapeof f(x). In
the estimationprocedurehis shapewill befitted (locally) to the measurementsy scalingf (x)
by a factor 3, andshifting this with a value 3,. Whenthe scatterplot of the obserationsand
f(X) revealsnonlinearitiesa non-lineartransformatiorof the obserationsor of f(x) possibly
makes(5.2) moreacceptablée.g.,in our examplegshemodel(5.2) is usedfor measurementsn
log-scale)pr, whenjustified by themeasurementa,morecomplex modelcanbeadopted.

The variogram v (|h[) can be modelled by calculatingthe sample variogram from
ordinaryleastsquaresesiduals%(x) (TableA6, page97), andfitting a suitablevariogrammodel
to this sampleresidualvariogramusing weightedleast squareditting (Cressie, 1985). This
variogramwill be biased but somerecentpapers(Cressieand Zimmerman,1992, Kitanidis,
1993,Christensen]1993)arguethatthis biaswill not seriouslydisturbestimatedasedon this
variogramandwe acceptheirarguments.

Estimationof block meanvaluesof Z using(5.2) is doneby universalkriging (Section2.3
and2.5 Matheron1971).Prerequisitefor thisare(i) f (x) is known atall measuremenbcations
and(ii) block averagevaluesof f(x) areknown for the estimationiocations.

If ancillaryinformationconsist®f measurements(x) onavariablewhichis relateco our
primary variableof interestz (x), we cannotuseit asa fixed,explanatoryvariable(like f(x) in
(5.2) becausd isknown only atthemeasuremenbcationslf, apartfrom themeasurementap
otherancillaryinformationis availablethantheknowledgethatbothvariabledelongtothesame
soil-landusecatayory, we canadoptamodelsimilarto (5.1 for bothvariablesn thecateyoryand
allow for inter-variablespatiadependenc&hisdependencemayactuallyimprovetheestimation
of z,(x). Thus,we extendmodel(5.]) with asecondaryariable:

Z(X)=m+e(X), Z,(X)=m,+ex) (5.3
with

m,, m, constant, (5.39

E(e(¥) =0, E(eX)=0, VXER, (5.3b

LE[(Z,(}) — Z,(x+ )] = v,(h]), ¥xx+heR, (5.39

LE[(Z,(0) — Z,(x+ ) = 7,,(lh]), ¥xx+heR, (5.39
and

LEL((Z,09—m) — (Zx + ) —my)Y] = 7). ¥xx+heR. (5.39

Thecrossvariogramof (5.3¢ is usedbecausé& doesnotrequiremeasurementstidentical
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locations.Ordinary cokriging is usedfor estimationof the variableof interestZ,(x) (Section
2.5 JournelandHuijbregts,1987,Myers,1982).As originally proposedy Clark et al. (1989),
Myers(1991)andVer Hoef andCressig1993)discusghe useof the crossvariogram(5.36 in
multivariableestimation.

To preventmisinterpretationf pointestimatesgstimatedaluesonthegroundvaterquality
mapsarepresente@dsapproximaté©5%confidencentervals,calculatedon log-scaleby

[2x) — 20,(%y) , 2%y) +20,(%)] (54

with %(xo) the estimatedvalue (block kriging estimate),and o,(x,) the estimationstandard
deviation (kriging standarddeviation). Back transformatiorto the original scaleby takingthe

exponentof both sidesyields approximated5% confidencentervals for 4 km x 4 km block

medianconcentrationgthe medianof all point valuesin a4 km x 4 km block).Becausef the

difficulty of shaving two valuegbothsidesof theconfidencentenal) atonelocationin amap,
every groundvaterquality mapis split into four sub-mapseachof themshawing the position

of the intenals relative to one of four referenceevels. This relative position can be lower

(theinterval is completelybelon the referencdevel), higher (theinterval is completelyabore

the referencdevel), or not distinguishablgthe interval straddleghe referencdevel, andthe

estimatedvalue cannotbe distinguishedrom that level given the informationavailable).The

referencdevels are chosenas(multiplesof) critical levels or target levels. It shouldbe noted
thatthesecritical levelsor tamgetlevelsusuallyapplyto individual sampleslf a block median
concentratiorexceedsa critical level, more than half of the individual samplesn the block

exceedghislevel.If ablock medianconcentrations below acritical level, still mary individual

samplesn theblock mayexceedhislevel. Thedoublingof thelevelsreflectsequidistan{linear)

levelsonthelog-scale.

5.4 Example A. Nitrate leachingfrom agricultural soils

Reagional nitrate leachingratesin agriculturalareaswere estimatedby the ncoap model (Van
Drecht,1993a,1993b),an empiricalmodelthat predictssteadystateleachingof nitratefrom
thesoil to theshallov groundvaterasa functionof manuringrate soil type,typeof agricultural
landuseanddepthof thegroundvatertable.Thefinestspatialresolutionof nLoaD calculations
currentlyavailableis 500m x 500m. Only thesoil-landusecategoryof grasslanansandwill be
consideredh thisexampleFig.5.1shavsnLoap modelcalculationgor 1989averagedo2km x 2
km cells,dervedfrom theoriginalmapin Maas(1992) Fig.5.2shavsascattemplot of thenitrate
concentrationsneasuredt the sitesof the groundvater quality monitoringnetworks andthe
NLOAD calculation®btainedrom the500m x 500m cellsatthecorrespondingpcationsFig.5.2
shawsthatnitrateconcentratioim groundvatertendgo begreatewhennitrateleachingatesare
higher Thenitratemeasurementssedfor thisstudywereobtainedrom thecateyory‘grassland
onsand,andwereselectedrom themonitoringnetwork dataaccordingo theselectiorcriteria
of Section3.3

Fig. 5.3 shaws the variogramof the (log) nitrate concentrationmeasurementgzig.
5.4 shawvs the mapwith estimatef nitrateconcentrationn the groundvater basedon these
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Figure5.1 Mapof nitrogenleacingratefromagricultural soilsto shallowgroundwatenNalues
are averaged fromthe original 500 m x 500 m modelcalculationsto yield 2 km x 2 kmmean
valuesOnly cellsin thecategory grasslandon sandare shown
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Figure 5.2 NO,-N concentation in groundwaterand nitrogen leaching rate. Plot of NO,-N
concentationmeasued in thegroundwateversusnitrogenleaching ratefromsoilsto shallow
groundwateyfor thecategory grasslandon sand
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a
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Figure5.3 Variogramsof (a)elog(Nos-N),and(b) residualdor thecategorygrasslandonsand.
Calculationof the samplevariogramsis explainedin TablesA2 (page 96) and A6 (page 97).
Numbes reflectthenumberof (a) observatiomairs or (b) residualpairs usedfor an estimate
(+) of a variogram point. Codesusedfor a variogram model(—) are explainedin Table A3,

(page 97)
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level: 2.8 g/m3 1= - level: 5.6 g/m3

T lower /
I not distinguishable 0

T lower /
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level: 11.3 g/m3 level: 22.6 g/m3

T lower /
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T lower /
I not distinguishable 0

Figure5.4 Map of NO,-N in thegroundwater(category grasslandon sand) 95% Confidence
intervalsfor 4 km x 4 kmblock medianvaluesyelatedto four concentation levels.Estimates
areobtainedby ordinarykriging (onlog-scale)usinginformationfromthemonitoringnetworks
only
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level: 5.6 g/m3

1 lower &
I not distinguishable Q

level: 22.6 g/m3

1 lower &
I not distinguishable Q

Figureb5.5 Theeffectsof usinginformationonnitrogenleachingrates95%Confidencentervals
for 4kmx 4kmblock mediarNO,-N concentationsyelatedtofour levels Estimatesireobtained
by univeisal kriging (on log-scale) usingboth informationfrom the monitoringnetworksand
ancillary information(nitrateleaching rates) Only resultsthat differ fromFig. 5.4 are shown
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measuremenemndthisvariogramgcomputedisingordinarykriging asin Sectiorn3.4, asobtained
from PebesmandDe Kwaadsteniet1994).

Fig. 5.3 shavs the variogramof the estimatedesidualspbtainedfrom simple(ordinary
leastsquares)inear regressionof these(log) measurements(x) and nitrate leachingratesat
correspondindpcations).(X)

Z(x) = B, +L()5, + eX), E(EX)=0,

asdescribedn TableA6 (page97).

Fig.5.5shovsthemapof nitrateconcentratiom thegroundvaterwhenbothmeasurements
and nLoap calculations(Fig. 5.1) are usedwith the variogramof Fig. 5.3 (using universal
kriging). Toshav themagnitudeof theeffectsof thenLoap information Fig.5.5shavsonlythose
cellsthatdiffer from Fig.5.4.

5.5 Example B. Atmospheric depositionof zinc

Total atmospheridepositionof zinc in 1985wasmodelledfor 10 km x 10 km blockswith
theTrenp model(VanJaarseld,in prep.)by combininginformationaboutsourcegemissions,
mainly from areassouthof the Netherlandsand areaswith heary industry)andair transport.
Becauseagroundvaterquality wasmodelledusingsoil type andland useinformationon 2 km
x 2 km cells,the 10 km x 10 km modelpredictionshave beeninterpolatedo 2 km cell values
(by simply consideringlO km x 10 km block estimatesasthe value at the block centre,and
usinginversedistanceanterpolationwith the neares# block-centrevalues).Sincethe original
10 km x 10 km mapwasvery smooththeinterpolationto 2 km x 2 km cellshasnot affected
theoriginal patternasshawvn in Fig.5.6. We will focusontheareawith semi-naturalegetation
onsandwhereair depositions expectedo bethemainsourcefor zincin groundvater Thezinc
measurementssedfor this studywereobtainedfrom the categyory ‘semi-naturalvegetationon
sand,andwereselectedrom the monitoringnetwork dataaccordingo the criteriaof Section
3.3

The scatterplot of zinc concentratiormeasuredn the groundvater and the modelled
atmospheridepositionof zinc (Fig. 5.7) revealsthatin generakinc concentratiortendsto be
larger at locationswith higherdepositionrates.In Fig. 5.7 the measurementith the highest
depositiorratedisturbsthis pattern andthis measurementrnedoutto belocatedin a seepage
situation,which is a plausiblereasorfor deviating from the generalpattern(watersampledat
thatsiteislikelyto have adifferentorigin). Thereforehemeasurementt seepagsites(marked
with abulletin Fig.5.7) wereleft outfor themappingof zincconcentratioriyothfor thesituation
with andwithoutthedepositionnformation.

Fig.5.8ashovsthevariogramfor the (log) zinc concentratioomeasurementselectedrom
themonitoringnetwork data.Fig. 5.9 shavs the mapof zinc concentratiorestimateshasedon
thesemeasuremenendthis variogramasobtainedoy ordinarykriging atthelog-scale.

Fig 5.8 shavs the variogramof estimatedesidualobtainedfrom simple(ordinaryleast
squaresjegressiorof theseg(log) measuremen®(x) andatmosphericepositiorrates D(X)
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Figure 5.6 Map of atmospheridepositionof zinc.Valuesare interpolatedfromthe original
10kmx 10 kmmodelcalculationsto 2 kmx 2 kmcells.Only cellsin the category semi-natual

veggetationon sandare shown
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Figure 5.7 Zinc concentation in groundwaterand atmospheriadepositionof zinc.Plot of
zinc concentation measued in the groundwaterversusatmospheriadepositionof zinc, for
the category semi-natual vegetationon sand.A bullet (¢) marksa measuementat a seepge

location
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Figure5.8 Variogramsof (a) og(Zn)and(b)residualdor thecategorysemi-natual vegetation
on sand,non-seepge locations.Numbes reflectthe numberof (a) observationpairs or (b)
residualpairs,usedfor anestimatg+) of avariogrampoint.Codesusedfor avariogrammaodel
(—) are explainedin Table A3, page 97. Calculationof the samplevariogramsis explainedin
TablesA2 (page 96) and A6 (page 97)
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Figure 5.9 Map of zincin the groundwater(category semi-natual vegetationon sand).95%
Confidencentervalsfor 4 kmx 4 kmblock medianvaluesyelatedto four concentationlevels.
Estimatesreobtainedoyordinarykriging (onlog-scale)usinginformationfromthemonitoring
networksonly (resultsapplyto non-seepge locationsonly)
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level: 15 mg/m3 — level: 30 mg/m3 —
7 lower s 7 lower s
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| higher | higher
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Figure5.10 Theeffectsof usinginformationonatmosphericlepositiorof zinc.95%Confidence
intervalsfor 4 km x 4 km block medianzinc concentations,relatedto four levels.Estimates
are obtainedby universal kriging (on log-scale)usingboth informationfrom the monitoring
networksand ancillary information(zincatmosphericepositiorrates) Only resultsthat differ
fromFig.5.9 are shown(resultsapplyto non-seepge locationsonly)
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Z(x) = 8, + D)5, + &x), E(e(x)) =0,

asdescribedn TableA6 (page97).

Fig. 510 shaws the modificationsto the zinc concentratiomrmap (obtainedby universal
kriging) thatresultedrom additionof themodelinformationonatmosphericepositiorof zinc.
Estimatesdasedon explicitly selectechon-seepagsitesonly applyto non-seepagtcations,
andsinceall seepagéocationsarecurrentlynotknown, Figs.5.9and5.10 shouldbeinterpreted
with care.

5.6 Example C. Measurementsof sulphatein shallow groundwater

Sulphateconcentrationn shallov groundvaterwasmeasuredh forestareagiuringa one-time
investication of soil and groundvater quality in semi-naturallyvegetatedareasin 1989-90
(Boumansand Beltman, 1991) as part of the national acidification researchprogram.The
measurementsomprisel560 individual samplescollectedin 156 separatés00 m x 500 m
squaregin eachsquarel0 samplesveretakenon a 50 m inter-spacedransect)As before the
measurementrerestrictedto areaswith semi-naturavegetationon sand.Thelocationsof the
156squaresreshavn in Fig. 511, alongwith the sitesfor the groundvaterquality monitoring
networks. The meanvaluesfor individual squaresreusedfor the variogrammodelling,since
they will be usedfor the interpolation. Crossvariogramand direct (sample)variogramsfor
sulphatemeasurementare shovn in Fig. 512 To assurevalid estimatesthe linear model of
corggionalization(LMC) is usedfor modellingthe variogramqJournelandHuijbregts,1978).
TheLMC requireghatfor mvariablesall directandcrossvariogrammodelsarederivedfrom a
linearcombinationof n directvariogramfunctionsy;(h):

n . . .
V(D) = gb'km(h), with b, = b, VKK :kk=1..m Vi:i=1..n, (5.5

andthat for every i, the coefficientmatrix [bLK] is positive semidefinite For two variablesit
sufficesto shaw that
b, -b

b,/ < "b,-b,,, Vi:ii=1..n (5.6
Since(i) ary valid crossvariogramplus a constanty,, = v,, + C givesidentical estimates
irrespectve of thevalueof C (Myers,1991),and(ii) the estimationof block meanvaluesfrom
two variableswith noidenticallocationsnever requiregheactualvalueof +,,,(0), it isirrelevant
thatcondition(5.6) doesnot hold for the ‘nugget’variance The apparentnugget’ varianceof
Fig.5.12c canbetakenasconsistingof a true nuggetvariancethatconformswith (5.6) andan
unknovn constanthat needsno explicit specificatione.g.resultingfrom the estimationerror
for themeanvaluesm, andm,). Calculationof variogramsandcrossvariogramis explainedin
TablesA2 (page96) andA6 (page9?).

Using the LMC limits the possiblemodelsfor the crossvariogramto symmetriccross

variogramsonly (i.e. 7,,(h) = 7,,(=h)). In our examplethis limitation is not serious,since
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Figure5.11 Map of sulphatemeasuementsites.Shallowgroundwatermeasuementsites(+)
andgroundwatemualitymonitoringnetworksites(s) in thecategory semi-natual vegetationon
sand
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Figure 512 Variogramsof sulphate Variogram for (a) eIog(SOA,) measuementsfrom the
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groundwaterquality monitoring networks(category semi-natual vegetationon sand),for (b)

eIog(SO4) fromtheshallowgroundwatemeasuementsand (c) crossvariogramfor (a) and (b).

Anumberreflectshenumberof observatiorpairsusedfor anestimatd+) of avariogrampoint,
codesusedfor a variogrammodel(—) are explainedin Table A3 page 97. Calculationof the

samplevariogramsis explainedin TablesA2 (page 96) and A7 (page 98)
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directional(asymmetrickamplecrossvariogramslid not suggesha seriousasymmetry

Fig. 513 shaowvs the groundvater quality map of sulphate concentrationbased on
informationfrom thegroundwaterquality monitoringnetworksonly (usingordinarykriging and
the variogramof Fig.5.12a). Fig. 514 shavs the modificationsto this mapresultingfrom the
incorporatiorof theshallov groundvatermeasurementssingcokrigingandthevariogramsof
Figs.512a-c.

5.7 The effectsof ancillary information

Theeffectsof addingancillaryinformationto theinterpolatiorprocesganbeseerby comparing
the resultswith the mapsresultingfrom the simple approachj.e. compareFig. 5.5 with Fig.
5.4 (additionof nLoaD nitrateleachinginformation),Fig. 510 with Fig. 5.9 (additionof TREND
zinc depositioninformation),and Fig. 5.14 with Fig. 513 (additionof sulphatemeasurements
from shallov groundwvater).Table 5.1 shavs the numberand percentagef changedcells at
every referencdevel for eachexample. In generalthe modificationsto the nitrogenmapare
considerableyhereashemodificationdo thezincandsulphatenapsarerathermodesithough
notnegligible).

At first sight the differencein magnitudeof the modificationsbetweennitrate and zinc
mapsmay be surprising sincefor both the strengthof the relation(Figs.5.2and5.7) andthe
differencebetweemmeasuremerdndresidualvariogramgin Figs.5.3and5.8) is similar. The
spatialariationof therespectre mapf nitrateleachingestimateandzincdepositiorestimates
(Figs.5.1and 5.6) however is very different,and the variationin the local relation between
measurementariableandancillaryvariablediffersfor nitrate(Fig.5.15a)andzinc (Fig.51%).
For zinctherelationbetweemmeasuremen@ndancillaryvariableis negligible in the northern
two neighbourhoodsf Fig.5.1%, andlocal estimatiorof themean(asin (5.1)) will accountor
animportantpartof thegradualchangan meanzinc concentratiorfsuggestetby Figs.5.6and
5.7). On the contrary the large shortdistancevariationof thenLoap map(Figs.5.1and5.15)
contributeslocally moreto theestimatiorof nitrateconcentration.

The modifications to the sulphate map resulting from the shallov groundwvater
measuremeni$ig. 514) obviously occurmainly at locationswith mary shallov groundvater
measuremenendfew monitoringnetwork locationsnearby

5.8 Discussion

Chapter 3 explained the procedureusedto make maps of groundwater quality using a
stratificationby soil type and land use,relevant measurementfom available groundvater
qualitymonitoringnetworks,andaninterpolatiormethodthattakesspatialdependencbetween
measurementsithin stratainto accountThisstudyshavshow ancillaryinformation,consisting
either of resultsfrom deterministicmodelsof processeshat causevariationin groundvater
quality or of measurementn a variablethevariationof whichis causedy thesameprocesses
asthe groundvaterquality variable,canbeincorporatedn the mappingprocedurdo improve
the accurayg of the groundvater quality maps.Three examples(on nitrate,zinc and sulfate
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Figure 513 Map of sulphatein the groundwater(category semi-natual vegetationon sand).
95% Confidencentervalsfor 4 km x 4 kmblock medianvaluesyelatedto four concentation
levels.Estimatesare obtainedby ordinary kriging (on log-scale)usingmeasuementsromthe
groundwaterquality monitoringnetworksonly and thevariogramof Fig.512a
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Figure 514 The effects of using shallow groundwater measuement information. 95%
Confidencantervalsfor 4 km x 4 km block mediansulphateconcentations,relatedto four
levels.Estimatesare obtainedby cokriging (on log-scale) usingmeasuementsrom shallow
groundwaterand from the groundwaterquality monitoring networksand the variogramsof
Fig.512a-c.Onlyresultsthat differ fromFig. 513 are shown
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Table 5.1 Theeffectsof ancillary information.For ead variable and level the numberand
percentagge of cells for which the addition of ancillary information changed the outcome
(possiblevaluesilower, higherand not distinguishable)

variable level % cellschanged numberof cellschanged
NO,N 2.8g/m° 22 505
5.6 20 477
11.3 20 471
22.6 10 240
Zn 15mg/nt 7 64
30 7 60
60 6 57
120 5 51
SO, 15g/m" 9 87
30 2 20
60 5 46
120 5 48

concentrationhave shavn thattheadditionof ancillaryinformationdoesmprove theresulting
mapsin termsof the ability to distinguishestimated4 km x 4 km block medianvaluesfrom

critical or target levels andtheir multiples(compareFig. 5.5with 5.4, 510 with 5.9 and5.14

with 513. Themodelspresentedhn this chapterareextensiondo the simplemodelof Chapter
3 thatareeasyto apply, providedthatthe relevantancillary informationis available.Sincethe
improvements considerablet hasbeenwell worth the effort—only extra computinganddata
handlingcostswereinvolved.

ExamplesA, B andC have shavn thatwe gainedunderstandingf the spatialvariationof
groundvaterquality variablesby including new, relevantinformationin the model,resultingin
abetterexplanationof thevariationof themeasuremenndin improvedmaps(moreaccurate
estimatespf groundvater quality variables.From the perspectie of a monitoring network
optimizationit is importantto know how mary addedmeasurementaould have given an
equvalentimprovement(e.g.Burroughetal., 1995),but thisis a topicfor future study

Themethodgpresentedherearegenerallyapplicablan ervironmentaktudiesandprovide
a convenientway for incorporatingresultsfrom (often comple) deterministigorocessnodels
and measurementsf other variablesin the estimation(spatialinterpolation)of the variable
of interestat non-measuredbcations.Both models(5.2) and (5.3 include model (5.]) asa
specialcaseandwill reduceto (5.1 whenthe addedinformationhasno relationto the primary
measuremeniariable Thereforehey arerobustto overspecificatiomf themodel(onlyfor (5.2
will overspecificatiomostsomeefficieng/, sinceparameterthatarezerowill beestimated)Most
applicationof universalkriging use(polynomialsof) the coordinategsexplanatoryvariables
(replacing (x) in (5.2), e.g.Steinetal.,1991). ExamplesA andB insteadshov how variableghat
carryaphysicalsignificanceo themeasurementariable(basedntheoryi.e.thehydrological
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cycle andchemicalbalancestanbe utilized. We felt no needto further ‘prove’ the validity of
themodelge.g.with externalcriteria)sinceboththeoryandobsenations(in particularFigs.5.2
and5.3 5.7and5.8 and5.12) supportthemodelschosen.

The examplespresentedn this studycanbe improved further. In particularin examples
A andB the processnodelsconcernaverage®f spatial'model units’the sizeof 500m x 500
m (nitrateleaching)or of 10 km x 10 km (atmospherizinc deposition)andtheseaveragesre
comparedvith groundwatermeasurementsn a volumelessthana cubic metre.Thesevalues
on ‘modelunits’ cannever explainthevariationof the groundvaterquality variablethatoccurs
within theseunits.Whenthe variationof the measurementariablewithin these‘'model units’
is relatively large andwhenthis variationis mostly true variation (smallmeasuremergrrors),
thenit may be worthwhile to modify (or simply apply) the processnodelin sucha way that
it yieldsvaluesspecificallyfor ‘model units’ that correspondo the areaof influence(Section
1.3 of themonitoringscreensSuchmodelvaluesarespecificallyintendedo explain variation
in themeasurementandit is expectedthatusingthemwill leadto a smallerresidualvariation
and resultin improved (more accurate)estimatesof groundwvater quality variables.For the
NLoAD modelsucha modificationmay be feasiblebecausehe short-distancevariation of the
measurements relatively large (Fig. 5.3, andall input variablesareavailableat a finer spatial
resolution(soil maps1:50,000(De Vries and Denneboom1992),land useinformationat a
25 m cell resolution(Thunnisseret al., 1992),and manuringrate informationat municipality
level). Obtainingzinc depositionestimategor smallerelementsnayrequirea differentmodel
structuretakingaccountof local effects(suchaslocal landscapeoughnessndthe positionof
thegroundvaterqualitymeasuremertiterelativeto forestedgesexposedo theprevailingwind
direction,Draaijers,1993).Whenthesizeof thespatialunitsof the processnodelis adjustedo
thesizeof theareaof influencetheneedto know thelocationsof theinfluencearea(usinglocal
groundvaterflow patternspecomesnoreprofound.

Transformatiorof theestimatedluxesin ExamplesA andB into estimatedtconcentrations
would simplify the interpretationof the regressionslopein (5.2). Here,the regressionslope
is a purely corventional parameterof no interestby itself, and becausehe rainfall excess
within a soil-landusecateagory (ascurrentlyknown) is nearlya constan{Meinardi,1994),this
transformatiorwould hardlyaffectthe concentratiorestimates.

In this study mathematicalaspectswere kept simple becausethe primary goal is to
illustratethe effectsof addingancillaryinformationto the estimationof groundvaterquality.
The simplicity refersto the modelsused (5.15.3, the estimationof the variograms(5.19,
(5.29 and(5.3ce), the choiceandfit of variogrammodels.the choiceof the linear model of
corggionalizationfor modelling (5.3ce), the choiceof the local neighbourhoodR, the way
approximaté5%confidencentervalsfor block medianvaluesareestimated5.4), andthedata
selectionprocedureThe approximatiorof 95% confidencantenalswith (5.4) is known to be
toooptimistic(biased¢cf. Rao,1973),asexplainedin Section®.5and3.8



Chapter 6
Discussion and conclusions

6.1 Intr oduction

In the context of a full monitoringnetwork optimizationthis study canbe consideredasthe
first basicstep:theinferenceof groundvaterquality from availableinformation.Therelevance
of this studyfor groundvaterquality assessmergndsomeof the questionghatneedanswers
in a network optimizationare discussedn Section6.2 A numberof enhancementthat are
worthwhileconsideringrom thenetwork optimizationpoint of view or from amathematicabr
statisticalpoint of view arelistedin Section6.5 A numberof methodologicathoiceshatare
commorthroughouthisstudyarediscusseth Sectior6.3 andSection6.4summarizeghemain
conclusions.

6.2 Optimizing the groundwater quality monitoring networks

The groundwvater quality monitoring networks accountfor a substantiapart of the total cost
of the ervironmentalquality monitoringnetwork in the NetherlandsDuring the first yearsof
operatiorthenetworksprovidedaninitial surwey of thespatialvariationin groundvaterquality;
and someyearslater the first analysisof changesn time appearedNow, after several years
of measuringthe questionariseswhetherthe way we currentlymonitor groundvater quality
isworththecost.Aspectf a groundvaterquality monitoringnetwork thatcontrolthe costare
labourandcapitalcostsof boringandsettingup thewells, measuremenhntensity(spatialwell
density numberof screensampledper well, and monitoringfrequeng), choiceand cost of
analysisof the chemicalvariablesmeasuredandmodellingeffort (the developmentof models
thatbetterexplain variationin themeasurements).

Optimizing the monitoring with respectto measuremenintensity can be done by
minimizing the total costasa function of the measuremenhtensity The total costat a given
measuremerintensitycould be calculatedoy summingthe costof measuremerdandthe loss
dueto limited knowledge(e.g.Fig. 6.1). This would be fairly easyif the lossdueto limited
knowledge(thecostof ‘not monitoring’)wereknown asafunctionof themeasuremerntensity
Sucha lossfunctionwould call for anexplicit statemenof the valueof knowing groundvater
guality to a certainextent. From this valuewe could determinethe function of expectedloss
dueto limited knowledge,which obviously increasesvhen measuremenntensity decreases.
Themeasuremenitensityfor whichthetotal costis atits minimumvaluewill yield theoptimal
(cheapestineasuremenhtensity Parameterchoicecouldbeevaluatedn a similar way.

Specifyinga lossfunction for groundwater quality monitoring networks is not a trivial
task,becausdt callsfor the assignmenof a valueto a particular'degreeof knowledge’.Such
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------ cost of measurement
— — — - loss due to limited knowledge
total cost

cost

measurement intensity

Figure6.1 Monitoring networkoptimizationtotal costasa functionof measuemenintensity
Thearrow pointsto an‘optimal’ measuementintensity

a function is only somethingwe canagreeon, andit may changein time and with specific
applicationClearlythisfunctiondependsntheuncertaintyattachedo estimatesf groundvater
guality, given a certainmonitoring network. Becausen this study ‘degreeof knowledge’is

expressedisthe ability to distinguishestimategrom critical concentratiorievels (targetlevels
or maximumtoleratedevelsfor humanconsumption)it candirectlybeinterpretedasthedegree
of knowledgeof groundvaterquality, anda meaningfullossfunction canbe derived from it.

Othermeasuresf ‘degreeof knowledge’thathave beencommonlyusedn optimizationstudies
(e.g.the estimationvarianceasin Rodriguez-lturbeandMejia (1974)andin Van Geer(1987),
or therelative estimatiornvarianceon thelog-scaleasin HoekstraandHeubeger(1995))donot

link estimateso quality assessmeniut focusexclusivelyon estimationuncertainty Therefore,
with respectothedegreeof knowledgeof groundvaterquality, andthusfor groundvaterquality
monitoringnetwork optimization theseothermeasureareinappropriateCressig1991,4.6.2)
discusseawider classof optimizationcriteria.

Thisroughsketchof ameasuremematensityoptimizatiorassumethatthecharacteristiof
groundvaterquality we focuson andthe methodfor obtainingthis characteristierom available
informationhavebeerfixedin advanceChapteb shavedthatbyincorporatingelevantancillary
informationin the interpolationprocedureve canimprove estimateof groundvater quality,
thusextendingthe‘degreeof knowledge’of groundvaterqualitywithoutchangingneasurement
intensity andmoreimprovementcanbe expectedSections3.8 5.8 6.5. Althoughmodelscan
neverreplacdahecrucialrole of measurementg.g.becauseneasurementreneededor model
developmentyalidationandcalibration) from a monitoringnetwork optimizationpoint of view
it couldbeworthwhileto studyto whatextentanincreasen explained(or describedyariation
obtainedby improved modelling could compensatdor a certaindecreaseén measurement
intensity whena certain‘degreeof knowledge’of groundvaterquality shouldberetained.

6.3 Generalaspectsf the discussions

This sectioncoverssomeaspect®f the discussionshatarerelevantto the whole study More
specificaspect®f thediscussion®n thetopicsof Chapters3-5 have beenplacedat the endof
thesechapters.
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The estimatesof groundwvater quality variablesin this study concernblock median
concentrationsf 4 km x 4 km blocks:a balancedthoicein which the measurementariation,
the spatialmonitoringnetwork densityandthe characteof soil type andland useinformation
availablewereconsideredlf, for somereasorestimategor medianf largeror smallerareas
areneededthesameanethodsanbeused(but seealsoMeasuementerror reductionin Section
6.5. For estimatesf othercharacteristicée.g.mearvaluesof blocksor quantilef largerareas)
somemodificationswould be necessarySections3.8 6.5, or an approachbasedon classical
statisticqdesign-basethference)naybe moreappropriatéSection3.8).

In thisstudy noinformationon groundwvaterflow or transporof solublesasobtainedrom
deterministicprocessmodelshasbeenused.If this informationis availableit canreadily be
usedto improve estimatef measuredrariables,usingthe methodspresentedn Chapter2,
and demonstratedn Chapters3 and 5. For the development(validation,calibrationor input
specificationpf deterministiggroundvaterquality modelsthe mapsobtainedn this studycan
be consideredasa translationof measuremen(jpoint) informationinto informationon spatial
unitsthesizeof unitsusedin regionalor nationalgroundwatermodels(Sectionsdl.4, 3.8).

The modelsusedin this studymeigethe advantage®f the traditional,classicalstatistical
approach(independentnon-measuremeniformation is usedto explain variation in the
measuredariable)andthe geostatisticahpproachlocal informationis usedby modellingthe
spatialdependencetructurethat is often presentin the residual,unexplained variation),to
estimatgmap)themeasurementariables.

In chapter2 geostatisticamethodsverederivedfrom a classicaltatisticalpoint of view.
Thisis nottheway it evolved historically (Cressie1990),but it emphasizedhat geostatistical
modelscanprovide the obvious generalizatiorof modelswith independenerrors,whenthey
areusedfor spatialestimation(mapping)purposesin the contet of mappingwhenno appeal
iIs madeto independencef errorsfrom a design-basedrgument(Section2.4), the automatic
assumptiorof independencef errors(e.g.,.Boumans1994 AlkemadeandVanEsbroek;1994,
RIVM, 1995)is unjustifiedandcanbehighly inefficient.

Throughoutthis studytherehasbeenno validationof the modelstructurethroughsome
guantitatve testcriterion.However, themodelsusedare(i) simple,(ii) basedn boththeoryand
obsenrationsand(iii) availablerelevantinformationis usedasmuchaspossiblelf the models
usedarein someinstance®ver-specifiedthenthey containthe ‘true’ modelasa specialcase,
andthiswill resultin possiblyinefficient,but notinvalid estimatege.g.CressieandZimmerman,
1992,Sections3.6 5.8. But whenwe considerthereducednodelsevaluatedn section3.6 the
variogram=f thefull model(Fig. 3.3 revealalreadythata variogrampooledover several soil
type or land usecateyoriesyields unnecessarilynadequatéi.e. non-specificlerror estimates.
Underspecificatiorof modelss inevitablewhenit is aconsequencef limited dataavailability.
If availabledatasuggesthatmorecomplex modelgesultin betterestimateghenestimatefrom
the simpler underspecifiedmodelarenot necessarilyvrong, but areinefficientandshouldbe
consideredhsa‘lost opportunity’(Switzer 1992).Consideringhecasestudiesn Chaptel5, the
simplemodelis not necessarilyvrong,but themorecomplex modelis better—itresultsn more
accurateestimates.

By definition, the exponentof the meanon the log-scaleis the geometricmeanon the
original scale.However, when on the log-scalethe meanand the mediancoincide,then the
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geometricmeanand mediancoincideon the original scale,andthe exponentof a confidence
interval for the meanon the log-scaleis a confidencentenal for the medianon the original

scale.This last conditionis met whenon the log-scaleindividual sampleswithin a block are

symmetrically(e.g.normally, AitchisonandBrown, 1957)distributed.In generalthissymmetry
conditiononthelog-scaleseemseasonablynild, giventheinformationat hand.

6.4 Conclusions

Themainconclusionsare:

Despitethe large estimationnaccuraciesesultingfrom naturalvariationandlimited data
availability, groundvaterquality variableghataremeasuredn the nationalandprovincial
groundvaterquality monitoringnetworkscanbe mappedat the spatialresolutionof 4 km

x 4 km blockswhen (i) soil type andland usemapinformationis takeninto account(ii)

suitablemeasurementsom availablemonitoringnetworksareselectedand(iii) attention
is paidto local variationin level, sizeof spatialvariation,andspatialdependenci spatial
variationof measurements

Theeffectsof stratificationby soiltypeandlanduseareprofound partialor nostratification
resultsn essentiallydifferentmaps

The effectsof monitoringnetwork density asshovn by comparingmapsresultingfrom a
reducednonitoringnetwork with the mapsfrom thefull network, areconsiderable

Spatiallydifferentiatedstatisticalindicationsof long-term steadychangesn groundvater
gualityvariablesanbeobtainedvhenshort-ternpredictionspbtainedor eachmonitoring
well screerby alinearregressiormodel,areusedin theinterpolationprocedureandwhen
location-specifitime-predictionnaccuraciearetakeninto account

Maps of groundwater quality can be improved by using ancillary information in the
estimationprocedurewherethe ancillary information may consistof informationfrom
deterministiqorocessnodelsor of measurements relatedvariables

It is expectedthat mapsof groundwvater quality and of changesf groundvater quality
canbeimprovedfurtherwhentherelevantinformationon groundvaterflow is usedin the
mappingprocedure

6.5 Futuredirections

Thissectionlistsanumberof subjectshathave notbeenstudiedin depth but which areworthy
of futureresearchPartly they aredirectly relatedto mappinggroundvaterquality, partly they
aremathematicabr statisticaitems,relevantfor themethodsised.
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Incorporatinggeohydological information

The most obvious extensionof the presentstudyis to useinformationon groundvater flow
for mapping groundvater quality variables.This would reveal a better relation between
measuremenendmapswith soil typeandlanduseinformation sincegroundvaterflow causes
theinfluence(infiltration) area(Sectionl1.3 to be somavhere‘upstreamfrom the monitoring
well. With detailedflow information available for monitoring well locationsas well as for
mappinglocations(Section2.3, connectionbetweendeterministianodelsandmeasurements
canbe madeat a finer spatialresolution(Section5.8), andthis would allow a betterprediction
(more accurateestimation)of the groundwvater quality at unsampledlocations, blocks or
areasOtherrelevant geotydrologicalinformation could be information aboutthe subsuréce
sedimentargnvironment(in additionto soil mapsdescribinghetopsoil) andinformationabout
chemicabalance$oundthere(e.g.redoxpotential calciumor oxygenavailability, pH).

Detectionlimits

Groundwvater quality variableshave a thresholdbelonv which measurementare unreliable A

measuremenbelow this thresholdis a ‘below detectionlimit measurementBDL). Some
groundwvaterquality variablesmeasuredn the groundwaterquality monitoringnetworks have

a high fraction (e.g.50-75%)of BDLs. Several methodshave beendesignedfor choosinga
valuebetweerzeroandthe detectionlimit sothatestimationof the samplemeanor variance
Is unbiasedysuallyassuminghatthedistribution of themeasurements knowvn (e.g.Haasand
Schef, 1990).The problemof applyingarny of thesemethodsn a geostatisticatontext is that
thesamplevariogramwill notrevealthespatialdependencef thetrue,underlyingvariable.

In this studythe value of the detectionlimits is assignedo all BDLs becausat is the
highestvalue possible.The disadwantageof this choiceis thatit leadsto underestimatiorof
variogramvaluesandconsequentlyo too optimisticestimationerrors,andit is not considered
asa satishctorysolution.Whenvariablesaremodelledon a log-scalethe effect of the values
assignedo BDLsis profoundassigningasmallfractionof thedetectiorlimit to BDLswill yield
avariogramthatis dominatedy the spatialdistribution of BDLs versuson-BDLSs.

Measuementerror reduction
Measuremengrrorin agroundwvaterquality variablecanbe consideredisa sourceof variation
that causegart of the nuggetvariance the variogramvalue at nearly-zerodistancelt only
needsxplicit quantificatiorwhenestimate®sf singlemeasurementreneededtmeasurement
locations(Christensen1991,V1.4), andthereforeit is not explicitly consideredn this study
Furthermoreit is unlikely thatmeasuremersrrorof thiskind canbereduced.
Theindependentariableqe.g.soil typeandlandusein Chapter3, nitrateleachingratein
section5.4) arealsoproneto measuremersdrror A largermeasuremergrrorin theindependent
variableswill alwaysresultin a wealer relation betweengroundvater quality variablesand
independentariablesif theindependenvariablesarecontinuousindtheir measuremersgrror
Is (i) independentormallydistributedwith zeromean(ii) independenof thetrue (underlying)
valuesand(iii) independenof the groundvaterquality measurementshenthis measurement
errorwill notinvalidatetheestimatesf thegroundvaterqualityvariablegFuller, 1987).Similar
conditionsmay be expressedor cateyorical independentvariables Reducinga measurement
errorof thiskind will leadto modelswith smallerresidualariationsandincreaseheaccurag
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of estimategSection5.9).

Usingdominantsoil-landusefor 4 km x 4 km blocksinsteadf actualsoil-landuseinduces
a measuremengrror: when matchingthis new variablewith the measurementgart of the
measurementare misclassifiedi.e. at measuremenbcationswheredominantsoil-land use
differsfrom actualsoil-landuse) resultingin largerwithin-classvarianceghanthewithin-class
varianceghat would have beenfound whenactualsoil-land usewere used(Section3.8. An
enhancemertdf this procedurghatwould eliminatemostof thesemisclassifications/ould be
tousetheactualsoil-landuseatthemonitoringwell locationgpreferablyof theinfluenceareaof
themonitoringwell, atthetimeof infiltration) asobtainedrom theoriginalsoil typeandlanduse
mapsto separatelgstimatehegroundvaterqualityvariabledor everysoil-landusecateyoryin
a4 km x 4 km block,andto calculatehefinal estimateby weighingseparatestimatesvith the
areafractionsof eachsoil-landusecateyoryin a block. Thisapproactwill be especiallyuseful
in casesvheredominantsoil-land uselosesits relevance(i.e. when estimatesare neededor
average®f areaghatarelargeror moreheterogeneoutanthe4 km x 4 km blocksconsidered
in Chapters3-5), but mayyield moreaccurateestimatesor 4 km x 4 km block medianvaluesas
well.

Approximateconfidencentervals

Within the context of a valid model structure,confidenceintervals obtainedby substituting
o (xy) for a(xy) in (2.10 arevalid 95% confidencentervals only when(i) the estimationerror
is normallydistributedand(ii) I", v, and~(B,, B)) areknown. In practice(i) cannotbechecled
experimentallybecausdlock averagen thelog-scalecannotbe measure@nd(ii) is nottrue
whenthesequantitiesareestimatedrom sampledata.This leadsto the conclusionthatin this
casentenalscalculatedwvith (2.10 resultin approximate95%confidencentenalsthathave a
trueconfidencdevel lessthan95%(i.e. biasedconfidencentenals,cf. Rao,1973).

In this study we usetheseapproximate95% intervals becauseurrentlyno efficientand
generallyacceptedalternatvesfor obtaining ‘better’ 95% confidenceintervals are available.
Attemptsin the direction of solving (ii) in a Bayesianframavork are for instancegiven by
Kitanidis (1986)andHandcock(1994),wherea®Brus(1993)presents design-basedpproach
for this problem.Obviously modelling variogramsfrom smaller samplesdecreaseshe true
confidencdevel for intervalsobtainedwith (2.10.

Change of supportand non-lineartransformations

Block averagescan be estimatedwith linear universalkriging but estimatingblock averages
from anon-lineamodel(e.g.alinearmodelfor non-linearlytransformedneasurements3 not
trivial (Cressie1991(5.2),Cressie1992,Myers,1994).In section3.8anapproximatesolution
for lognormalvariabless proposedhut to beeffectiveit maybenecessario useeitherCressies
(1992) adjustedvariance-unbiasedstimatorto obtain betterestimatesof block averagespr
an approachbasedon averagingconditionallysimulatedpoint valuesin a block (e.g.Journel,
1992).

Space-timgeostatisticeand uncertainobservations
In most geostatisticabpplicationsthe startingpoint is the availability of measurementthat
are possibly proneto a measuremengrror having constantvariance,allowing the useof a
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stationarymodel. With time-predictedobsenations,we cannotuse this as a starting point

becausdime-predictionerror variancesaretypically very diverse(non-stationary)ln Chapter
4 simple methodsfor handling uncertaintime-predictionsin block kriging were proposed,
essentiallyassumindhatthetime-predictiorerrorhasknown varianceandis independentrom

theunderlyingspatialvariable.This shouldbe consideredisa startingpoint for morerelevant

approachem space-timeeostatistics.



Summary

1. Geneal introduction

Groundwvater quality is the suitability of groundvaterfor a certainpurpose(e.g.for human
consumption)andis mostlydeterminedy its chemicacompositionPollutionfrom agricultural
and industrial origin threatensthe groundvater quality in the Netherlands.Locally, this
pollution is measuredat tensof metresdepth.Sincegroundvateris the main sourcefor fresh
water this pollution causes decreasén the long-termresource®f watersuitablefor human
consumption.

In orderto getinsight into the currentsituationof groundvater quality and systematic
change®sf groundvaterquality overtime,thenationalgroundvaterquality monitoringnetwork
wasestablishedrom 1978to 1984.Thisnetwork consistof 370permanentvells,spreadairly
evenly over thecountry(Fig. 3.2 page27), with screensat 8-10and23-25metrebelow the soll
surface Thewell screengresampledyearly Morerecentlytheprovinceshave installedsimilar
monitoringnetworksthatdoubledhemeasurememtensityBecaus¢hemonitoringnetworksare
amajorfinancialinvestmentthequestiorarisesvhethertheinformationongroundvaterquality,
asobtainedrom thecurrentmonitoringnetworks,is sufficient.Thiscallsfor thequantificatiorof
whatcanbeinferredfrom thisinformationaboutthe quality of all thegroundvaterof interest.

For the modelling of the spatialand temporalvariationin groundvater quality, using
a physically and chemicallybaseddeterministicmodel would call for information on mary
variablege.g.nitial andboundaryconditionsmodelparametersjhatareatpresennotavailable
on a nationalscale However, mappinggroundvaterquality is possibleby usingmuchsimpler
modelsthatlumpmuchof theunknavn factorsinto a spatiallydependenstochastiderm.
Theobjectvesof thisstudyareto

* map groundvater quality in the Netherlandsusing available measurementfrom the
nationalandprovincial groundvaterquality monitoringnetworksandmapinformationon
soiltypeandlanduse

» shawv theeffectsof monitoringnetwork densityandthe effectsof usingsoil typeandland
useinformationon theresultinggroundvaterquality maps

* mapthe systematictemporalchangesn groundvater quality in a way similar to the
mappingof groundvaterquality

 shav how groundwvater quality maps can be improved by using relevant ancillary
informationin the estimationprocedurewhere ancillary informationis obtainedfrom
deterministiqorocessnodelsor from othermeasuredariables.

The primary aim is, with theseobjectives,to answerthe basic questionsof describingthe
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currentsituationandsystemati¢emporalchange®f groundvaterquality for the whole of the
Netherlandsln this studywe usefairly simplemodelsthat allow anexplicit quantificationof

the accurag of resultingestimatesThis accurag is takeninto accountin the resultingmaps,
anticipatinghequestioraboutthevalueof thecurrentmonitoringnetworksfor inferringcurrent
situationandsystematichangesn time of groundvaterquality.

2. Statisticalmapping

Traditionally, mapsshov directly obsened phenomenaWhen they do so, most often the
obsenation accurag doesnot exceedthe displayaccuray becausef the scalingapplied.In
theervironmentakciencesiovever, it isverycommonthatthe‘obsenations’shavn onthemap
do not directly portrayobsened phenomendut quantitieghatareonly known approximately
e.g.estimateof somequantity basedon limited sampleinformation.In ordernot to suggest
more‘knowledge’on a mapthanwe have, in the latter caseit is necessaryo limit the display
accuray.

Whenobsenationsareavailable,statisticalmodelscan be usedfor the estimationof the
valueof avariableatanunsampledocationor themeanvaluein aprespecifiedreaandfor the
assessmertf estimationaccuray. Geostatisticamodels—aparticularclassof linear models
with dependenbbsenations—arespecificallysuitedfor the mappingproblem,i.e., they are
suitedfor estimatinghevalueat a specificlocation,or themeanvalueof a specificareaThese
modelscanbeviewedasa generalizatiorof the mostcommonlyusedstatisticaimodelswhich
arebasednindependenbbsenations.

In ordernotto invite thereaderof a mapto ignoretheaccurag information,estimateand
estimationaccurag shouldbe presentecdcombinedon the mapasa confidencantenal. This
wasdoneby shaving the postitionof the confidencantervalsrelative to eachof four reference
levelsin four separatsub-mapge.g.Fig. 3.4, page30). An alternatve displayform is to shaov
bothsidesof theinterval in a singlemapthatreducego theclassical,deterministicmapwhere
confidencentervalsarecompletelycoveredby alegendclassintenval (e.g.Fig. 3.5 page3]).

Thegenerabpproactio mappinggroundvaterquality variabless thatwithin soil-landuse
categoriesafteracarefuldataselectiongstimates$or 4 km x 4 km blocksareobtainedoy local
ordinarykriging on the log-scale After back-transformatioto the original scale approximate
95% confidenceintervals for block median concentrationlevels are shavn in maps.This
proceduras slightly modifiedto accountor locationspecifid(i.e.non-stationaryfime prediction
variancesn Chapter4, andto improve estimatedy usingancillaryinformationin Chapters.

3.Mapsof thegroundwaterquality in theNetherlandsat 5-17 mete depthin 1991

Mapsof 25groundvaterqualityvariablesvereobtainedy estimatingt km x 4 km blockmedian
concentration@PebesmandDe Kwaadsteniet, 994) Estimatesverepresente@dsapproximate
95% confidenceantervalsrelatedto 4 concentratiorievels mostly obtainedfrom critical levels
for humanconsumptionAll mapsverebasedn425measuremenfsom nationalandprovincial
groundwvaterqualitymonitoringnetworks.Theestimatiorprocedurevasbasednastratification
by soil type andland use.Within eachsoil-landusecateyory measurementsereinterpolated.
Regionaldifferencesn meanevel andin spatialdependencbetweemmeasurementseretaken
into account.Stratificationturnedout to be essentialno or partial stratification(using either
soil type or land use)resultsin essentiallydifferentmaps.The effect of monitoring network
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densitywasstudiedby leaving outthe 173measurements theprovincial monitoringnetworks.
Importantchangesn resultingmapsare assignedo loss of information on short distance
variation,aswell aslossof locationspecificinformation.

Froma policy point of view theresultingmapscanbe usedeitherfor quantifyingdiffuse
groundvatercontaminatiorandlocationspecificbackgrouncconcentration§in orderto assist
local contaminationassessmentpr for input and validation of policy supportingregional
or nationalgroundwvaterquality models.The mapscanbe consideredasa translationof point
information obtainedfrom the monitoring networks into information on spatial units, the
sizeof unitsusedin regional groundvatermodels.The mapsenablelocationspecificnetwork
optimization.In generalthe mapsgive little reasonfor reducingmonitoringnetwork density
(wideconfidencentervals).In ChapteBthemethodsisedareillustratedby resultsonaluminium
concentrationn groundvater

4. Mapsof tempoal changesin groundwaterquality in theNetherlandsat 5-17 metie depth
For 12 groundvaterquality variablesstatisticaimapsof temporalkchangesveremade focusing
on the long-term componentf temporalchangegPebesmand De Kwaadsteniet1995).
For eachmonitoringwell screenshort-termpredictionswere calculatedfrom time seriesof
yearlymeasurementsver 5-7 years py usinga simpleregressiormodel.Within eachsoil-land
use cataory thesepredictionswere interpolatedspatially taking location specificprediction
accuracieslocal level, and the size and structureof spatial variation into account.Spatial
estimatesoncernd km x 4 km block medianconcentrationg-or two extrapolationtimes(1980
and2000)estimateof block medianvaluesareshavn in mapsas95% confidencentervals,
relatedto four levelsthatwerederivedfrom critical levelsfor humanconsumption.

The resultingmaps(e.g.Fig. 4.4 and 4.5 on pages52 and 53 shav a wealth of trend
indications. Primarily, we can concludethat a trend approachwith such a high spatial
differentiationis attainableand advisable Advisablebecausecells with a pronouncedrend
canbe distinguishedrom a neighbourhoodvith lesspronouncedrends,and becausdrends
in adjacentor nearbycells (alsowithin the samesoil-land use category) can have opposite
directions Becausef the contentsandfoundationof severalaspectssomecautionis required
for theinterpretatiorof themapsandthemapgeflectonly afirst stepin thedirectionof spatially
differentiatedstatisticatime-trendsReductiorof the—nav yearly—measuremefrequeny is
discouragedSeriougnodificationsof themapsn this studymaybeexpectedvhen,aftera few
yearsmeasuremerseriesrom theprovincial groundvaterqualitymonitoringnetworksbecome
availableandcanbeincorporatedn the study In Chapter4 the methodsusedareillustratedby
resultson potassiunctoncentrationn groundvatetr

5. Improving estimatesvith ancillary information

Maps with estimatesof groundwater quality variables,as previously obtainedby ordinary
kriging within soil-land use categoriescan be improved by incorporatingrelevant ancillary
informationin theinterpolationprocedureTypically, thisancillaryinformationis obtainedrom
deterministianodelsof the procesausinghevariationin thegroundwaterquality variable or
from measurementmarelatedvariable thevariationof whichwascausedy thesameprocess.
Incorporationof thefirst type of ancillaryinformationleadsto the useof the universalkriging
modelwith basefunctionsthathave a causainfluenceuponthe measuredariable the second



90 SUMMARY

typeleadsto theuseof cokriging.

In threeexamplesit is shavn how estimatef zinc, nitrate and sulphateconcentration
in groundvaterimproved by addinginformationfrom a modelof atmospheriaepositionfor
zinc, informationfrom a modelof nitrateleachingfrom the soil, and sulphatemeasurements
from shallov groundvater Especiallynitrate estimatesmproved considerablySincethe size
of theelementsnodelledwith deterministiqgprocessnodelsis muchlargerthanthe sizeof the
areaof influencefor monitoring screensfurther improvementmay be expectedwhen,at the
measuremertites the processnodelsareadjustedo thelattersize.

6. Discussiorand conclusions

Optimizing the monitoring network with respectto measuremenintensity would require
knowledgeof theloss(or cost)dueto ‘not monitoring’asa function of monitoringintensity
Assessingsucha functionis not trivial: several partieswould have to agreeon it. Becausen
thisstudy‘degreeof knowledge’is expressedstheability to distinguishestimate$rom critical
concentrationevels(targetlevelsor maximumtoleratedevelsfor humanconsumption)it can
directly be interpretedasthe degreeof knowledgeof groundvaterquality, and a meaningful
lossfunctioncanbedervedfrom it. Chapter5 shavedthatimproving estimatesvith ancillary
informationmay play a role thatis similar to increasinghe measuremenntensitywhenthe
methodfor interpretatiorof themeasuremenis fixed.

Flow information or other information from deterministicgroundwvater quality models
couldreadilybe usedin the estimationprocedurgo improve estimatesAlternatively the maps
thatresultedirom this studycould be usedfor the developmentof suchmodels Severalapects
of themethodsasusedin this studycanbeimproved.Whenestimate®f groundvaterquality
variablesarerequiredat anotherspatialresolutionthanthe current4 km x 4 km blocks,slight
modificationsof the estimationprocedureappliedheremayberequired. The mainconclusions
arelistedanddirectiondfor futureresearclaregiven.



Samenvatting in het Nederlands

HET KARTEREN VAN DE GRONDWATERKWALITEIT IN NEDERLAND

1. Algemenenleiding
Grondwaterkwaliteitisdegeschiktheidrangrondwatervooreenbepaaldioel(bijvoorbeeld/oor
menselijle consumptie)enwordt hoofdzalelijk bepaalddoorde chemischesamenstellingan
grondwater Degrondwaterkwaliteitin Nederlandvordtbedreigddoorvervuilingvanagrarische
enindustriéleoorsprongLokaalwordt dezevervuiling gemeterop meerdantien meterdiepte.
Omdatgrondwaterde belangrijkstebronis voor schoonwater (drinkwater),veroorzaaktdeze
vervuiling op de langetermijn eenafnamevan de voorraadgrondwater dat geschiktis voor
menselijle consumptie.

Ominzichttekrijgenin dehuidigetoestandrandegrondwaterkwaliteit endetrendmatige
veranderingerdaarin,werd tussen1978 en 1984 het landelijk meetnetgrondwaterkwaliteit
ingericht. Dit meetnetbestaatuit ongereer 370 regelmatig over Nederland verspreidde
meetputter(figuur 3.2 pag.27), die jaarlijks wordenbemonsterap ongereer 10 en 25 meter
benedemetmaaveld.In hetbegin vandejaren’90 zijn deprovinciesbegonnermetdeinrichting
vanvemgelijkbaremeetnetterteneindeeenverhoogddthansverdubbeldejuimtelijkedichtheid
tebewerkstelligenOmdatdemeetnetteeenaanzienlijlefinanciélenvesteringpetelenenjshet
belangrijkte evaluererof deinformatieover grondwaterkwaliteit die metdehuidigemeetnetten
wordtverzameldyoldoendas. Dit vraagtom dekwantificeringvande matewaarindekwaliteit
vanal hetgrondwaterwaarinwe geinteresseemjn kanwordenafgeleiduit dezeinformatie.

Voor het modellerenvan ruimtelijke en temporelevariatie in grondwaterkwaliteit met
behulpvanfysischeenchemischeleterministischenodellenjshetnoodzalklijk velevariabelen
(bijvoorbeeldnitiéle voorwaarderengrenswornwaardensysteemparametetgkennenOp dit
momentzijn dezevariabelemiet beschikbaaop eennationaleschaalHet is echtermogelijk
grondwaterkwaliteit te karterendoor gebruikte makenvan eervoudigeremodellenwaarbijde
onbelendefactorenwordensamengeoegd tot eenruimtelijk afhanlelijke stochastisch&erm.
Hetdoelvandezestudieisom

» de grondwaterkwaliteit in Nederlandte karteren,gebruik makende van metingenvan
nationaleen provinciale meetnettergrondwaterkwaliteit en kaartinformatieaangande
landgebruikenbodemtype

» deeffectenvan meetnetdichthei@n de effectenvan het gebruik van informatie omtrent
landgebruikenbodemtypeop deresulterend&aartbeeldete latenzien

* demonotone)angjarigesystematischeeranderingemn grondwaterkwaliteit in beeldte
brengeropeenwijze die nauwaansluitij dewijze waaropdegrondwaterkwlaiteitin beeld
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werdgebracht

» te latenzien hoe grondwaterkwaliteitskaarterkunnenworden verbeterddoor relevante
aarvullendeinformatie in de schattingsprocedure betreklen, waarbij de aarvullende
informatie afkomstig is van deterministischeprocesmodellerof van anderegemeten
variabelen

Het primairedoelis om door dezedoelende hoofdvrageromtrentde huidigetoestandrande
Nederlandsegrondwaterkwaliteit en de trendmatigeveranderingerdaarinte beantvoorden.
In dezestudieworden betreklelijk simpelemodellengebruikt die het mogelijk maken om

de nauwleurigheid van schattingenexpliciet te kwantificeren.Deze nauwleurigheidis in

de resulterendéaartbeelderbetroklen, vooruitlopendop de vraagin hoeverre de kwaliteit
van al het grondwater waarin we geinteresseerdijn kan worden afgeleid uit de huidige
meetnetinformatie.

2. Statistist karteren

Normaalgesproén tonenkaartenverschijnselemlie direct waagenomereijn. Wanneerdit zo
Is, danovertreftde afbeeldingsnauwdurigheiddoor detoegepasteschalinggenvoonlijk nietde
waarnemingsnauvaurigheidin milieukundigetoepassingeis hetechtemormaaldatdein een
kaartafgebeeldénv aarnemingemietbetrekkinghebberopdirectwaagenomerverschijnselen
maaropverschijnseledieslechtdijbenaderingpekendzijn, zoalsschattingewvaneengrootheid
gebaseerdp beperktesteekproefinformati€Om in dit geval niet meer‘kennis’te suggereren
danvoorhanders, is hetnoodzalklijk om deafbeeldingsnauwdurigheidte beperlen.

Wanneerwaarnemingenbeschikbaarzijn, dan kunnen statistischemodellen worden
gebruikt om een schattingte maken van de waarde van de waarnemingsariabele op
een niet-bemetenlocatie of van het gemiddeldeover een bepaaldgebied,en om een
schattingsnauwdurigheidhieraantoe te kennen.Geostatistischenodellen— eenspecifiele
klassevanlineairemodellermetgecorreleerderaarnemingenr— zijn speciaayjeschikivoor het
karterervaneenvariabelehetschattervandewaardevaneenvariabeleopeenspecifielelocatie
of van het gemiddeldeover een specifiekgebied.Geostatistischenodellenkunnenworden
gezienalseengeneralisatieran de statistischanodellendie zijn gebaseerdp onafhanklijke
waarnemingen.

Om de lezervan eenkaartniet uit te nodigende nauwleurigheidsinformatig¢e negeren
Is het noodzaklijk schattingen schattingsnauwdurigheidin eenkaart gecombineerdveer
te geven als een betrouwbaarheidsintea\: Dit is gedaandoor de relatieve ligging van het
betrouwbaarheidsinteaVten opzichtevan elk van vier referentienteausaf te beeldenin één
vanvier deelkaarterfzie het voorbeeldvan aluminium,figuur 3.4, pag.30). Eenalternatiefis
om beidezijdenvanhetintenal in éénenkelekaartaf te beeldendie reduceertot deklassiele,
‘deterministischekaartwaareenbetrouwbaarheidsintealgeheebinneneenlegendaklassealt
(figuur 3.5 pag.3J).

In grate lijnenis de volgerde pracedure voor hetin kaartbrergenvande grondvaterkwar
liteit geharteerd Binnencategorieénbodemtypeenlandyebruik werdenvanuitzorgvuldig gese
ledeedewaanemingenschatingenvoor 4 km x 4 km-uitgemiddeldewverkregendoorgebruik
te maken van ordinary kriging op de log-schaalNa terugtrangormatie naarde oorsprorkelij-
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ke schaalverdenbenadererde 95%berouwbaaheidsntervallen voor ruitmedianecorcertraties
verkregenwelke zijn afgebeeldin kaaten.Dezeprocedureis enigszing@argepastomrekeningte
howdenmetlocaiespeifieke (nietstationairejijd-voorspellingsariantiesn hoofdstuk4,enom
schatingente verbeerendoorgebruik te makenvanaarvullendeinformatie in hoofdstuk5.

3. Kaartenvandegrondwaterkwaliteitn Nederlandop 5-17 meterdieptein 1991
Van25grondwaterkwaliteits\ariabelerwerdenkaartergemaaktoorruitmedianeoncentraties
voor 4 km x 4 km-ruitente schatter{(Pebesma&n De Kwaadsteniet] 994).Schattingemwerden
gepresenteeroh de vorm van benaderend85% betrouwbaarheidsinteallen,gerelateerchan
eenviertalveelalaannormstellingontleendeeferentienreausDe kaarterzijn gebaseerdp425
metingenuit landelijk en provinciale meetnettergrondwaterkwaliteit. De schattingsprocedure
is gebaseerdp eenstratificatienaarbodemtypeenlandgebruik Binnenelke categyoriewerden
de waarnemingergeiterpoleerdrekening houdendmet regionale verschillenin niveauen
in ruimtelijke afhanlelijkheid tussenwaarnemingenDe gebruikte stratificatieis essentieel
geblelen:hetniet of slechtgartieeluitvoerenvandebetrefendestratificatideidt tot wezenlijk
afwijkendekaartbeelderDe effectenvanmeetnetdichtheidijn onderzochtloorkaartbeeldete
generereppbasisrandemeetpunteverzamelingyanhetlandelijkmeetnegrondwaterkwaliteit
alleen.Wezenlijke aanpassingemoortkomenduit toevoeging van de provinciale meetnetten
kunnenwordentoggeschrgenaande toegenomennformatieaangandekorte-afstand-ariatie
endetoegenomerhoereelheidocatiespecifie&informatie.

Beleidsmatigkunnende kaarten(a) rechtstreeksvordenbenutenerzijdsin relatietot de
meerdiffuse vormenvan grondwatenerontreiniginganderzijdsvoor het verkrijgenvan een
ruimtelijk gedifferentieerdbeeld van achtegrondwaardenwaartegen strikt locatiespecifie&
verontreinigingssituatiekunnen worden beoordeeld;(b) meer indirect worden benut als
invoer en toetsingsmateriaaloor de de beleidsonderbouwingen dienstestaanderegionale
en landelijke modellenvoor grondwaterkwaliteitsontwikleling. De kaartenkunnenworden
gezienals eenvertalingvan de uit de meetnetterafkomstigepuntinformatienaarinformatie
op eenruimtelijk schaalnreauwaaropbijvoorbeeldgangbareregionalemodelleringaansiuit.
Meetnetoptimalisati&kan efficiént en locatiespecifiekworden gericht op aspectenvan het
gegenereerdeandelijke beeld.In het algemeerkan worden gesteld,dat de gepresenteerde
kaarten weinig aanleidinggeven tot meetnetreductig€brede betrouwbaarheidsinteailien).
In hoofdstuk 3 wordt de gehanteerdemethodiek geillustreerd met resultatenvoor de
aluminiumconcentratim hetgrondwater(figuur 3.4en3.5 pag.30en3J).

4. Kaartenvanveranderingnin degrondwaterkwaliteiin Nederlandop 5-17 meterdiepte
Vaneenl2-talgrondwaterkwaliteitsparametemserdenandsdekkndestatistischd&aartbeelden
vanveranderingem detijd gepresenteel@ebesmanDeKwaadsteniet,995) In hetbijzonder
gingdebelangstellinglaarbiuit naarhetonderlennenvanmonotondangjarigecomponenteim
hetveranderingsbeeldan de basisverdenaansluitendij langjarigewaarnemingstijdreeksen
in een250-talmeetpuntervan hetlandelijk meetneigrondwaterkwaliteit, via regressieanalyse
korte-termijn-worspellingerin de betrefendemeetpunterbepaalddie verwlgensruimtelijk
werden geterpoleerd.Schattingsonnauvdurigheidvan de korte-termijn-voorspellingenin
demeetpuntenverdmedein beschouwingienomenBij ruimtelijke interpolatiewerd expliciet
rekeninggehoudemet het (locatiespecifie&) niveau,de groottevanruimtelijke variatieende
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ruimtelijke samenhangn de ruimtelijke variatievan eente interpolerervariabele Ruimtelijke
interpolatievond plaatsper cateyorie landgebruik/bodemtypeDe ruimtelijke resolutievan
de gepresenteerdaartbeelderis beperkttot 4 km x 4 km-ruiten.In de kaartenworden,voor
twee extrapolatietijdstippen(1980 en 2000), schattingenvan ruitmedianewaardengegeven
in de vorm van benaderend®5% betrouwbaarheidsinteallen, gerelateerdaan een 4-tal
parameterafhargijke,veelalaannormstellingontleendeniveaus.

De resulterendéaarten(kaliumconcentratien figuren4.4 en 4.5 pag.52 en 53 laten
een rijkdom aan trend-indicatieszien. Primair kan worden geconcludeerddat een sterk
ruimtelijk gedifferentieerdetrend-benaderindpaalbaaren zinvol is; zinvol omdat (i) ruiten
met een sterk geprononceerdé&end daarbijkunnenwordenonderscheidewan eenminder
geprononceerdemgering en (ii) trendsin onmiddellijk aangrenzendef nabijgelgenruiten
(ook binneneenzelfde cateyorie landgebruik/bodemtypajan tegengesteldeichting kunnen
zijn. Voorzichtigheidbij de interpretatievan de kaartbeeldens echter geziende inhoud en
onderbouwingvan eenaantalaspectengebodengde kaartbeeldemweerspigelenslechtseen
eerstestapin de richting van eenruimtelijk gedifferentieerdestatistischetrend-benadering.
In hoofdstuk 4 wordt de gehanteerdemethodiek geillustreerdmet resultatenvoor de
kaliumconcentratien hetgrondwater

Het terugbrengenvan de nu gangbarejaarlijikse bemonsteringsinspanningaar een
meerjaarlijkse dient te worden ontraden.Wezenlijke aanpassingenan het gepresenteerde
landsdekkndebeeldmogenwordenverwacht wanneemetdetijd langjarigemeetreekseim de
meetpuntenvandeprovinciale MeetnetterGrondwaterkwaliteit ter beschikkingkomenendeze
medein debeschouwingemwordenbetroklen.

5. Hetverbeteenvansdattingenmetbehulpvanaanvullendeinformatie
Kaarten met schattingenvoor grondwaterkwaliteitsvariabelenzoals deze eerder werden
verkregendoormiddelvanordinarykriging binnenbodemtype/landgebruitateyorieérkunnen
wordenverbeterdloorrelevanteaarvullendeinformatiein deinterpolatieprocedurte betreklen.
Dezeaarvullendeinformatieis ontleendaandeterministischenodellenvan het procesdat de
variatiein degrondwaterkwaliteits\ariabeleveroorzaaktegf aanmetingeraaneengerelateerde
variabele van welke de variatie werd veroorzaakidoor hetzelfdeproces.Het betreklen van
heteerstetype aarvullendeinformatiein deinterpolatieprocedurkeidt tot hethetgebruikvan
universal kriging metbasis-functieslie eencausalererbanchebbemmetde gemetervariabele,
hetbetreklenvanhettweedeypeleidt tot hetgebruikvancokriging

In drievoorbeeldenvordtgetoonchoeschattingewanzink-, nitraat-ensulfaatconcentratie
in het grondwater verbeterdendoor respectigelijk modelinformatieomtrent atmosferische
depositie van zink, modelinformatie omtrent nitraatuitspoelinguit de bodem, en door
meetinformati®@mtrentsulfaatin ondiepgrondwatertebetreklenin deschattingsprocedurglet
namedenitraatschattingeverbeterdemanzienlijk Omdatdeomvangvandeelementenvaarop
de deterministischgorocesmodellemetrekkinghebbenvele malengroteris dan de omvang
van de invloedsgebiedewoor waarnemingsfilterss eenverdereverbeteringte verwachten
wanneerop de waarnemingslocatidset procesmodelvordt aangepashtande omvangvan de
invloedsgebieden.
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6. Discussieenconclusies

Het optimaliserervanhetmeetneimetbetrekkingtot de meetintensiteifruimtelijke dichtheid,
meetfrequentiejergt debepalingvandeverlieslostenalsgevolg van‘niet metenalseenfunctie
van de meetintensiteitHet vaststellervan eendemelijke functie is niet triviaal: verschillende
partijenzouderhierover consensusoeterbereilen.Omdatin dezestudiede ‘matevankennis’
wordt uitgedruktin termenvande mogelijkheidom schattingerie onderscheidemankritische
concentratieneaugstreefwaardenmaximaaltoelaatbaravaarden)kandit directalsde mate
van kennis omtrent grondwatekwaliteit worden geterpreteerden kan een beteleniswlle
verlieslostenfunctiehiervan wordenafgeleid.In hoofdstuk5 werd getoonddat het verbeteren
vanschattingemmetbehulpvan aarvullendeinformatieeenrol kanvervullendie vergelijkbaar
is methetverhogernvande meetintensiteibndereenvastgelgdewijze vaninterpretatievande
metingen.

Informatie omtrent grondwaterstromingof andereinformatie vanuit deterministische
procesmodellenzouden enerzijds eervoudig in de schattingsproceduré&unnen worden
betroklen om schattingerte verbeterenanderzijdskunnende kaartenuit dezestudieworden
gebruiktvoor deontwikkelingvandemgelijke modellenVerschillendesspecternandegebruikte
methoderkunnenwordenverbeterdVoor schattingervan grondwaterkwaliteits\variabelerop
eenandereruimtelijke resolutiedande 4 km x 4 km-ruitenkunnenkleine aanpassingeim de
schattingsprocedurmodzaklijk zijn. Debelangrijksteonclusiesverderngetooncenrichtingen
voor toekomstigonderzoekverdengenoemd.



Appendix A
Tables

Table Al. 25Groundvaterquality variables

Al, As, Ba, Ca, Cd, CI, Cr, Cu, DOC, EC, Fe, pH, HCO,, K, Mg, Mn, Na, NH,-N, Ni,
NO;-N, Pb, P-tot, SO,, Sr, Zn

Table A2. Thesamplevariogram

Thesamplevariogram ﬁz(hi) is calculatedrom obsenationsz(x) by:
A 1 2
VAh) = 55— 25 [2%) — Zx)] (A1)
Z\ 2Nh(i) ik )ﬁ Xk

where

z(x) theobsenationatlocationx

and,for everyi (i =1...0):

Zj’k sumfor all obsewvation pairsz(x].), z(x,) in thecakgary for which
b= 1% =X €[ — D Ax,iAX)
h themeanvalueof thecorrespondin@jk’s
Nh(i) numberof obsenationpairsin thei-th summation
g, AX dependingnthenumberof obsenations(in Chapter3,q = 20and Ax = 5000
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Table A3. Threevariogrammodels

name equation code

nugget v(h)=0,h=0 aNug(0)
~v(h) =&, aconstant h >0

spherical ~v(h) = b(3nh/2c— h3/203), b,cconstant 0 <h<c b Sph¢)
~v(h)=b, h>c

exponential ~v(h) = d(1—exp(—h/g), h>0 d Exp()

Table A4. 9 Groundwvaterquality variables

Al, Ca, Cd, Cu, K, NO;N, Pb, P-tot, Zn

Table A5. 12 Groundvaterquality variables

Ca, Cl, EC, pH, HCO,, K, Mg, Na, NH,-N, NO;-N, P-tot, SO,

Table A6. Theresidualsamplevariogram

Whenz(x), then measuremenu{xj) canbe representetby a linear modelin p basefunctions
f (%)
P

Z(x) = ifi(&)ﬁi tex), vi=1.n,
ordinaryleastsquareOLS)residualsarecalculatecby

&(x) = 20%) — F(x)5,
with 3 = (F/F,)'F /zx) where B=By o s BY, Fy=(.....F(¥) and f,() =
(F,(x), ... .f.(x)). For model(5.2) andtheexamplesA andB, p= 2,f (X) = 1, ¥, andf (x) is

thef(x) in (5.2. Thesampleresidualvariogram%é is calculatedasin Table A2 by substituting
theOLSresiduaIsé(xj) for obser\ationsz(ﬁ).
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Table A7. Thesamplecrossvariogram

Thesamplecroswariograrrﬁlz(hi) for two obsenationvariablesz,(x) andz,(x) is calculatedoy
o) = ZN—lh() > lZ(%) — M) — (2040 — )P

with ﬁwlandrAn2 thesamplemeanof z(x) andz,(x), therestof thesymbolsasin TableA2.
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