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Stellingen
1. Deruimtelijke verschilkansfunctie kangoedwordengebruiktvoorhetbeschrijven van de ruimtelijke structuur van kwantitatieve bodemvariabelen.
Dit proefschrift
2. Het berekenen van gemiddelden en varianties van nominale variablen, zoals
uitgevoerd door o.a. Wilding & Drees (1978), Oliver & Webster (1987) en
Agbu et al. (1990), is onjuist.
Wilding, L.P &L.R. Drees, 1978.Spatial variability: a pedologist's
viewpoint. In:Diversity ofsoils inthetropics. ASA Spec. Publ.
34 ASA and SSSA, Madison, WI.pp. 1-12.
Oliver, M.A. &R. Webster, 1987. The elucidation ofsoilpattern in
theWyreForest oftheWestMidlands, England. I. Multivariate
distribution. Journal of Soil Science 38:279-291.
Agbu, P.A., D.J. Fehrenbacher &I.J. Jansen, 1990. Soil property
relationships with SPOT satellite digital data in East Central
Illinois. Soil Science Society America Journal 54:807-812.
Dit proefschrift

Het presenteren van bodemvariabelen in de vorm van de kans op overschrijding van een bepaalde grenswaarde is voor een gebruiker relevant en dient
meer te worden toegepast.
Dit proefschrift

De verandering van bodemvariabelen in de tijd krijgt binnen het bodemkarteringsonderzoek te weinig aandacht.

5. Deindeling vanbodemvariabelen insoilcharacteristics, soilproperties,single
land qualities en compound land qualities zoals beschreven door o.a. Bouma
enVan Lanen (1987)iszeer moeilijk consequent toetepassen enwerkt daardoor niet verhelderend.
Bouma, J. & H.A.J. Van Lanen, 1987. Transfer functions and
threshold values:from soilcharacteristics tolandqualities. In:
Beek etal.(Eds.).ITCPublicationNo 6,Enschede.pp. 106-110.
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6. Variabiliteit inbodemgegevens: voordeonderzoeker eenlust,voordegebruiker een last.

7. Bijhetopzetten vangeografische informatiesystemen wordtnog onvoldoende
gebruik gemaaktvandegangbareinformatica-methoden voorhet ontwikkelen
van informatiesystemen.

8. Onzekerheid in bodemkundige gegevens vraagt 'zeker onderzoek'.
9. Gezien het feit dat belangrijke wetenschappelijke ontdekkingen in een vakgebied soms door onderzoekers vanuit andere vakgebieden worden gedaan,
zou bij het selecteren van wetenschappelijk personeel minder dan tot nu toe
opeenbijhetvakgebied passendeopleidingenervaring moetenwordengelet.
10. Derichtingvan wetenschappelijk onderzoekwordthelaasteveelbepaalddoor
onderwerpen die in de mode zijn.

11. De stelling van Brunsson dat (top)managers van bedrijven welbesluiten kunnennemen,maardatzenietmoeten verwachtendatdezebesluiten ookzodoor
de organisatie worden uitgevoerd, geldt in versterkte mate voor onderzoeksorganisaties.
Brunsson, N., 1991. The Organization ofhypocricy: talk, decisions
and actions in organizations. John Wiley &Sons, Chichester.
242 pp.

12. De mat-stelling is zowel de beste als de slechtste stelling.

Stellingen behorende bijhetproefschrift vanA.K.Bregt:Processingof soil survey
data.
Wageningen, 15 mei 1992.

Dankwoord
Bij het tot stand komen van dit proefschrift heb ik de hulp en steun gehad van
velen:
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Abstract
Bregt, A.K., 1992. Processing of soil survey data.
Doctoral thesis. Wageningen Agricultural University, Wageningen,
The Netherlands, (X) + 167 pp.
This thesis focuses on processing soil survey data into user-specific information.
Within this process four steps are distinguished: collection, storage, analysis and
presentation. Areview of each step is given, and detailed research on important
aspects of the steps are presented.
Observation density, type of soil attributes and selection of observation sites
are important aspects in the collection of soil data. The effect of observation
density ontheaccuracy of spatial predictions wasinvestigated in anacid sulphate
soilarea in Indonesia. Itwasfound that asimilar accuracy couldbeobtained with
a marked reduction in observation density.
Most attributes collected in soil survey are on an ordinal measurement scale.
Commonly usedstatistics,suchasmean,standarddeviation andsemivariance,and
most spatial interpolation techniques are not permissible for this type of data.
Ordinal data from a soil survey in Costa Rica are used to illustrate processing
possibilities.Forinstance,thespatial-difference-probability function wasproposed
for describing the spatial structure of ordinal data.
Over the past twenty years the storage of soil survey data in information
systems has been receiving much attention. Digital storage is essential for rapid
analysis of data. The soil information system of The Netherlands is described.
Seven main categories of soil data analysis can be distinguished. Examples
of some categories are presented. The differences between interpreted soil maps
on scalesof 1 : 10 000,1 : 25 000and 1 : 50 000forpredicting moisture deficits
and changesincropyield wereinvestigated. Nodifferences inquality were found
between the three maps when predicting average values for an area. The best
predictions for point locations,however, wereobtained with the 1 : 10 000map.
Also a comparison was made between a thematic map produced by spatial
prediction from point data (kriging) and one derived from ageneral-purpose soil
map. The thematic map contain attributes that are important for water movement

in the soil. No significant difference in purity was found between the two maps.
When combining soil data with other spatial data avector toraster conversion of
the soilmapisoften necessary. Several sheets ofthe soilmapofThe Netherlands
1 : 50 000 of different complexity were investigated for the magnitude of the
rasterizing error. Theregression equationsdetermined related map complexity to
rasterizing error. The rasterizing error of a complex map may be as high as20%
for a raster cell size of 4 mm * 4 mm.
Twodisplay methodsareintroduced for thepresentation ofuncertainty insoil
data.Thefirst method yieldsanisoline mapwithempirical confidence limitsbased
on the use of kriging and associated estimated kriging variance. The second
method yields a map showing the probability that a certain threshold value is
exceeded. When presenting soil data in the form of a map, the complexity of the
mappattern hasanimportantinfluence onitsreadability. Sixcomplexity measures
for mapswerecompared.Thefragmentation index wasselected asthebest measure
for evaluating map complexity.

Additional indexwords:soilsurvey,ordinal soildata,observation density, spatial
variability, uncertainty in soil data, kriging, spatial prediction, presentation of
uncertainty, map complexity.
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PARTI
1 General Introduction
2 Processing of soil survey data: a review

1 General Introduction
Soil plays an important role in activities such as agriculture, land use planning,
building, erosion control, environmental protection and nature conservation. All
these activitiesrequire information about attributes of the soil and soil processes.
Due to thedifferent objectives of the activities,different information is required.
Forexample,information isrequiredfor agriculturalproduction aboutsoil fertility
and possibilities for crop production, whereas environmental protection requires
information abouttheamount andbehavior ofpollutantsinthesoil. Contrastingly,
nature conservation needs information about soil attributes that allow the
development of certain vegetation types.As aresult, soil is studied from several
viewpoints: soil physics, soil chemistry, soil biology, soil tillage, soil survey.
Thisthesisdealswith soil survey,wherethespatialdistribution of soil onearth
and its attributes are studied. The soil surveyor describes the spatial distribution
of soils based on field observations and the use of landscape features, that are
related to soil patterns. The obtained survey data, traditionally presented in the
form of a soil map and soil survey report, however, does not always meet the
requirements of the user. The 'language' spoken by the soil scientist is often not
understood by, for instance, the landuse planner or the ecologist (Zinck, 1990).
It is not easy for an outsider to know that the soil in The Netherlands with the
code Mn25A-VI is suitable for arable farming, and that it is better not to use a
soil with the code kVc-II for this purpose. The lack of understanding of the soil
terminology by non-soil scientists has been realized for a long time. To bridge
thisgap,soilscientistshaveinterpreted thesoildatafor avarietyofpurposes (e.g.
Van Lanen, 1991). Initially, manual procedures are followed and interpretations
are quite fixed. Currently, due to the introduction of the computer, more flexible
interpretations are possible.
The various steps in the process of transforming collected soil data to userspecific information are presented in Figure 1.

Fig. 1Steps in the transformation of collected soil data to user-specific information
(processing of soil survey data).
The subject studied is the soil in the real world. In the first step, data about the
real world are collected (collection). Up to now, the most widely used data
collection procedure is the free survey but when quantitative information is
required, probability sampling isbecoming morepopular. In the second step,the
collected data are stored (storage), which can be done both on paper as well as
in digital form. In this thesis the emphasis is on data storage in digital form. The
storeddataisanalyzed (analysis)inthenextsteptoderivethedesired information.
The term analysis isused in thiscontext, in abroad sense. Itincludes both simple
selection of data as well as the assessment of land suitability by dynamic
simulation modelling.After analyzingthedata,theresulting information presented
(presentation) can be used to initiate certain actions (or not) which influence the
real world such as, erosion control measures or the removal of pollutants.
The user controls the process of data transformation to user-specific
information. He asks certain questions and the soil scientist must be able to
providetheanswers.Certain changes haveoccurredinthedemands.These current

changes can be summarized into three main points as follows:
- The demand for new types of information. The user is interested in other
attributes and information about variability within mapping units and also in
more information about the behavior of attributes in time.
- The demand for quick information.
- The demand for specification of the quality of information.
These changes in demand have their impact on the way soil survey data are
collected, stored, analyzed and presented. This thesis contributes towards new
procedures for soil data processing to satisfy user demands.
InPart I,Chapter 2,thevarious stepsinthetransformation of soilsurvey data
to user-specific information arediscussed in more detail.InPart II,papers which
deal with aspects of the described procedures in more detail are presented, and
Part III consists of concluding remarks and a summary in Dutch .
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2 Processing of soil survey data: a review
2.1 NATURE OF SOIL
Thenatureofsoilisextremely complex.McBratney (1991)describesitas follows:
"Inany small handful of soil there is a great complexity. Such a volume
of soil consists of aframework of solid particles of various sizes and
shapes aggregated inan intricate manner and enclosing complementary
complex andtortuous cavitieswithinwhichaqueous solutions and various
gasesflow and diffuse and in which lives a myriad of organisms. These
solids, liquids and gases interact in many complicated ways and when
one considers that the soil under a square kilometer of land may consist
of several thousand millions of these handfuls then the inordinate
complexity of soil is manifest"
As well asbeing complex at the scale of one handful, soil vary in both space and
time over larger distances. The variation in space may be quite different for the
various soilattributes.Inacertain area,for instance,although there maybehardly
any variation in clay content, aconsiderable variation in stoniness may be found.
Different levels of spatial variation of soil attributes have been observed by, for
example, Burrough (1983) and Bouma (1989). When concentrating on a certain
point in space there may be a considerable variation and different levels of
variation in timefor the soil attributes. Soil temperature, for example, has a daily
and yearly fluctuation. More static attributes likeclay content and organic matter
content may not change so rapidly, but over longer periods changes will occur
due to soil forming processes.
It is this complex reality of many different soil attributes that we study to
obtain the information we need for our activities.
Models for describing soil
The basic unit for describing soil are attribute values at a certain point (x, y, z)
in time (Holmgren, 1988),in other words what (attribute) appears, where (space)
and when (time). A complete description of reality can be obtained by recording

all attribute values in all possible points in space and time. It is obvious that this
it is impossible in practice. A complete description of the reality is also not
necessary. For our purposes, building a model from reality that satisfies our
information requirements is enough.
There seemstobe no general accepted classification for models. We devided
on the following classification:
- models describing attributes in space (spatial models);
- models describing attributes in time (temporal models);
- models describing attributes in space and time (spatio-temporal models).
In this thesis, the emphasis is on spatial models that describe soil. In soil survey
the spatial models that can be distinguished are:
- discrete spatial model;
- continuous spatial model.
Discrete spatial model
The discrete spatial model is the model most used in soil surveys. Other terms
used for this model are choropleth map model (Burrough, 1986) and soil map
model (Heuvelink &Bierkens,inprep.).Thesoilisdivided intodiscrete horizons
in the zdirection (down the profile). In the x-y direction the soil is divided into
a finite number of more or less homogeneous units, which are represented on a
soil map as mapping units. In its simplest form, each unit is characterized by a
representative profile in which one value is given for each soil attribute:
*ij = rj
(1)
where z^ is the value of attribute Z at point /' in mapping unit j and r=is the
representative value of attribute Z in mapping unit j .
An extension of the model can be obtained by adding information about the
variability within the map unit. This can be simply done by providing a
representative profile for the dominant soil type, the associated soil type and the
inclusions of each mapping unit. Another possibility is to add range indications
to the attribute values. This last type of variability information is standardly
provided for the soil survey of the Netherlands, scale 1 : 50 000 (e.g. Ebbers &
Visschers, 1983). The variability within the map unit can also be characterized
by the mean and variance of soil attributes:

Zij = Mj + £j

(2)

where Zyis the value of attribute Z at point i in mapping unit j , \i:is the mean
of Z in mapping unitj and £=is a random component with a mean of zero and
variance a 2 , thewithin unitvariance.Marsman&DeGruijter (1984),De Gruijter
& Marsman (1985) and Visschers (1992) use additional sampling to obtain this
type of information.
Continuous spatial model
Continuous spatial models for describing soil variation include trend surfaces,
splines andthegeostatistical model.Thegeostatistical model hasbecomethe most
popular continuous spatial model for describing soil variation. It describes soil
variability as a realization of a random function. The model is based on the
regionalized variable theory developed by Matheron (1971).In its simplest form,
the geostatistical model can be written as:
Zj = \i + ej

(3)

where zi is the value ofZ at any location i, (j.isthe mean of Zande{is a spatially
correlated random component whose variation is defined by the semivariogram.
The first paper applying the geostatistical model for describing the spatial
variability of soil attributes appeared in 1978 (Campbell, 1978). Later followed
by publications in the United Kingdom (Burgess & Webster, 1980a,b; Webster
& Burgess, 1980; Burgess et al., 1981; McBratney et al., 1982; McBratney &
Webster, 1983, and in the USA (Gajem et al., 1981;Vieira et al., 1981). Since
then, there has been a "boom" in publications on the use of geostatistics for
describing soil variability.
Combining both models
Both thesoilmapandthegeostatisticalmodelinvolveapproximations, assumptions
and simplifications, and thus they disagree to some extent with reality. The soil
mapmodeldisregards spatial correlation within andacrossmapunits,and ignores
fuzziness of someoftheunitboundaries.Thegeostatistical modeldoes disregards
sharp boundaries in soil variation. The dimension of time is not incorporated in
either model.
According to Bouma (1985) and Voltz and Webster (1990) there is a clear

advantage incombining thetwomodels.Thishasbeen donebySteinetal.(1988),
Voltz &Webster (1990) and Heuvelink &Bierkens (in prep.). Stein et al. (1988)
used the discrete model of the soil map to stratify the survey area. Within each
stratum,thegeostatistical modelwasassumedandasemivariogramwascalculated
for each stratum, after which predictions were made. Voltz & Webster (1990)
followed a similar approach. However, instead of a semivariogram for each
stratum, they used a pooled semivariogram which was assumed to be valid for
all the strata. A disadvantage of the stratified procedure is that it only uses the
map unit delineations of the soil map.

2.2 COLLECTION
Data collection isthefirst stepinobtaining information aboutthesoilfor acertain
area. Questions such as: "Whatmodel doI usefor spatial variation "/'What data
are already availablefor an area?","Which attributes need tobe investigated?",
"Howmany observations are required?" and "Whatsurvey or sampling method
mustI use?", needtobeanswered.Thespecific answers tothesequestions depend
on the goal for which the soil information will be used. And as there is a great
variety of goals, there can be no standardized data collection procedure to suit
all possible requirements. Each time the procedure needs to be tailored to the
requirements of a certain question.
According to Domburg & De Gruijter (in prep.) questions concerning soil
information canbedivided in a'what' questionanda'where' question. The 'what'
question demands answers in the form of means, variances and proportions of
attributes for a certain area (e.g. parcel, mapping unit). The 'where' question
demandsanswersintheform ofpredictions ofattributevaluesatcertain locations.
Inpractice,combinations ofboth typesofquestions areoften found. Tothese two
types of questions a third one can be added: the 'when' question. This question
is related to the behavior of attributes in time, namely, when will the value of an
attribute exceed a critical value?
In the following sections attention will bepaid to data the collection aspects:
- attributes;
- survey and sampling methods.
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Attributes
Agreatvariety ofsoilattributescanberecorded.Forexample,the soil information
systemoftheNetherlands(Bregtet al., 1987)storesabout285different attributes.
It is beyond the scope of this thesis to review all possible attributes. Detailed
information on thispoint can befound in, for example, Soil Survey Staff (1975),
FAO (1977), Hodgson (1978), Page et al. (1982), Klute (1986).
Attributesaremeasuredordescribed according toacertain measurement scale.
Four different scales can be distinguished: nominal, ordinal, interval and ratio.
The characteristics ofeach scale arepresented in Table 1.Attributes recorded on
a nominal and ordinal scale are qualitative data, and data on interval and ratio
scale are quantitative data. As shown by Bregt et al. (1992b, Chapter 4) the
majority of the recorded soil data in a standard soil survey is nominal or ordinal
(qualitative).Thismusttoberealized whenananalysisofsoilsurveydataisdone.
Table 1. Characteristics of measurement scales and useful summary statistics.
Scale

Description

Useful summary statistics
central tendency

Nominal determination of equality;
data can beplaced into classes
Ordinal determination of greater or
less; data can beranked
Interval determination of equality of
intervals or differences
Ratio determination of equality of
ratios; measurements have
a true zero

dispersion

mode
mode, median
mode, median,
mean
mode, median,
mean

range
range, standard
deviation
range, standard
deviation,
coefficient of
variation

Survey and sampling methods
Beckett (1968)distinguished three main types of survey methods: physiographic
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survey,free survey andgrid survey.Theydiffer intheextent towhich themapped
boundaries are based on observations at sampling points, rather than on surface
appearance of soil attributes as perceived on the ground, on air photos, or on
topographic or geological maps. All three methods focus on the production of a
soil map ('where' question). Over the past twenty years, however, probability
sampling of the soil is being used more and more to obtain accurate information
for attributes in an area ('what' question). Theprobability sampling can bein the
form of agrid or another sampling scheme.In this section the following division
of survey and sampling methods is used:
- physiographic survey;
- free survey;
- probability sampling.
Physiographic survey
Thephysiographic survey yields adescription of the soil in the form of adiscrete
spatial model (soil map model). In the physiographic survey, the mapped soil
boundaries are based onexternal features of the soil and the landscape perceived
by interpretation of airphotos or other remote sensing imageries (Dent &Young,
1981; Avery,1987). Field observations are made to describe the soil within each
mapunit(representativeprofile).Thephysiographic surveyproducesadescription
ofthe soil intheform of thediscrete spatial model without any information about
the variation within the map unit (Eq. 1).The attributes are usually recorded on
a nominal or ordinal measurement scale, and the survey costs per square km are
relatively low.
Free survey
Thefree survey alsoyieldsadescription ofthesoilintheform ofadiscrete spatial
model. It is the most widely used survey method. According to this method the
soil surveyor uses known or observed relationships between soil attributes and
visual features of the landscape that can be seen in the field or on air photos. In
this way, the surveyor builds a conceptual model about the soil behavior. Using
the model he selects each observation point from where the most useful
information is likely to be obtained. Soil boundaries are delineated during field
work,which meansthatincontrast tothephysiographic survey, field observations
are made to locate boundaries.
12

The free survey yields soil information in the form of a soil map (discrete
spatial model) and descriptions of soil profiles at points. Each mapping unit is
characterized by a representative profile, which is used for the interpretation of
the soil map. Generally more observations are available for a map unit, so some
idea can be obtained about the variation within the unit (e.g. Bregt & Beemster,
1989,Chapter 5).Moredetailed information isobtained byincreasing the survey
intensity which goeshandinhandwith anarrowerdefinition ofthemapping units.
In the free survey, describing the detailedness of the survey in terms of the scale
of the published map is common practice. There is a direct relation between
observation density and map scale, which is defined by a fixed number of
observations per square cm of the final map. As a rule of thumb, Buringh et al.
(1962)mentioned four observations,andDent (1986),oneobservation per square
cm of the final map. The recorded attributes in a free survey are mainly on a
nominal or ordinal measurement scale, and the survey costs per square km are
higherthan thoseofthephysiographic survey.Pointobservationswhichresult from
a free survey are also used for a continuous description of the soil.
Probability sampling
An essential feature of probability sampling is that the sampling locations are
determined byarandom procedure.This contrasts with thephysiographic and free
survey, where the sampling locations are chosen according to the judgement of
the soil surveyor based on his experience about the relation between landscape
and soil.Aresult ofprobability sampling isthat statistical theory can be used for
an unbiased estimation of, for instance, means and variances of attributes. The
reasoning behind thegreatdiversity ofpossible sampling schemes liesin theneed
toachievemaximum efficiency andaccuracywithin constrains suchascost,time,
available facilities and so on.
Three basic sampling schemes can be distinguished (Ripley, 1981; Webster
& Oliver, 1990):
- random;
- systematic;
- stratified.
Intherandom schemethesamplinglocations arechosencompletely atrandom.
Random samplinghassomedisadvantages.Firstly,thetotalnumberof observations
13

needed toobtain acertainprecision inthe statementsisrelatively high. Secondly,
clustering of samples can takeplace,which leadstoover- orundersampled areas.
Anevencoverage ofanareacanbeobtained bysystematic sampling,inwhich
points are located at regular intervals on a grid. The location of one grid point,
however, must be chosen at random. Systematic sampling is easy to perform. If
there are, however, periodicities in the soil population, the results can be biased.
With stratified sampling the area is divided into different strata. Sample
locations are chosen within the different strata according to a random (stratified
random) or systematic (stratified systematic) procedure.
Fortheselection ofthefinal sampling schemeitisimportant toknow the question
that needs tobe answered. Most probability sampling schemes concentrate onthe
'what' question. Marsman &DeGruijter (1984) usetransect sampling to quantify
mapunitcomposition. Ifwewant toanswerthe 'where' question, thescheme will
be quite different. Using the geostatistical model for answering this question,
sampling must be done in order to:
- estimate the spatial structure of the attribute (semivariogram);
- make predictions for locations.
Sampling schemesfor estimating thesemivariogram areproposedbyRusso(1984),
Warrick & Myers (1987) and Pettitt & McBratney (1992). All three procedures
proposed attempt to obtain short-range information as well as information over
largerdistances.Sampling schemesfor spatial prediction usingkriging havebeen
evaluated by McBratney et al. (1981) and McBratney & Webster (1981). A
triangular grid appeared to be the most efficient one. Square grids are nearly as
efficient and have the additional advantage that they are easier to lay out in the
field.

2.3 STORAGE
Traditionally the collected soil data were stored in archives in paper form. The
accessibility of these archives is often quite limited, even by the survey
organization themselves.For usersoutsidethe survey organization, the published
profile descriptions and soil maps were often the only available soil data source.
14

Detailed descriptions of auger holes are not available or are very difficult to get
hold of. At this moment, a lot of collected soil data in the world are still stored
inpaper archives.Obviously thismethod of storagedoesnot allowrapid analysis
of the data and, furthermore, even hampers its use. It is therefore not surprising
that the storage of soil data in computerized information systems has received
much attention during the last 20 years.
From adata storagepoint of view it isuseful to divide the collected soil data
into point and area data. Point data are detailed soil profile descriptions in a pit,
includingchemical,physicalandmechanicalanalysisandaugerholedescriptions:
In soil survey, what we consider to bepoint data is quite often a line description
inthezdimension (profile). Soilmapsandmapping unitdescriptionsareregarded
as area data.
Database management systemsarefrequently usedfor thestorageofpointdata.
Onpersonal computers dBASE isquite popular (e.g.Van Waveren &Bos, 1988;
Maggogo, 1989) and on mini-computers various software packages are used.
Geographical information system (GIS) packages are often used for the storage
of area data, where both vector and raster storage of area data are found.
International development
The first steps towards the establishment of soil information systems were made
at the beginning of the seventies. On a national level, activities began in The
Netherlands(Schelling, 1972),inCanada(Dumanskietal., 1975),inNewZealand
(Lee et al., 1976) and in the USA (McCormack and Miller, 1977). At an
international level, there have been recommendations for the development of an
international soil information system (FAO, 1972). In 1974 an international
working grouponsoilinformation systemswassetupbytheInternational Society
of Soil Science (ISSS), and the first meeting of the working group was held in
Wageningen, TheNetherlands, in 1975 (Bie, 1975).The working group wasvery
active and successive meetings followed in Canberra, Australia, in 1977 (Moore
andBie, 1977),Varna/Sofia, Bulgaria,in 1977(SadovskiandBie, 1978),Canberra,
Australia, in 1980(Moore et al., 1981),Paris,France,in 1981 (Girard, 1981) and
Bolkesj0, Norway, in 1983 (Burrough and Bie, 1984).
At the start the contributions were mainly focused on the technical and
developmental aspects of soil information systems.Later the applications of soil
15

information systems began toreceive more and more attention. Consequently, at
thecongressoftheISSSinHamburg(1986)theworkinggrouponsoil information
systemsjoined theworkinggrouponlandevaluationtobecometheworking group
on land evaluation information systems. The SOTER working group was also
established at the Hamburg congress. This working group was assigned the task
of developing a world SOils and TERrain database on a scale of 1 : 1000 000
(Baumgardner &Van de Weg, 1989).In 1991databases were made available for
three map sheets of different regions of 250 000 km .
Soil information system of The Netherlands
The first steps towards an integrated earth science information system in The
Netherlands were taken in 1972. During the period 1972 until 1976, the WIAsystem (WIA =Werkgemeenschap Informatiesysteem Aardwetenschappen) was
developed for theinput, storage andretrieval ofboth soilandgeological data (Bie
& Schelling, 1978). Although parts of this system worked well, a complete
integration of data was never achieved. This was chiefly due to the complexity
and diversity of the data, the wide scope of theproject and the state of the art in
information technology andmethodology atthattime.Digitization ofthesoilmaps
of The Netherlands on a scale of 1 : 50 000 was done successfully within this
project.
In 1984anewsoilinformation system (BIS,bodemkundig informatiesysteem)
for soil point data was developed. BIS was built using the relational database
management system ORACLE. Prototyping was used as the developing
methodology (Bregt, 1986).In 1988thesoilmapswere converted toARC/INFO,
which was linked with ORACLE. The data stored in the soil information system
of The Netherlands are as follows:
- area data:
. soil map of The Netherlands on a scale 1 :250 000;
. soil map of The Netherlands on a scale 1 :50 000;
. representative profile for mapping units soil map 1 : 50 000, including land
qualities and suitability classes;
- point data:
. auger hole descriptions;
. detailed profile descriptions, including data of chemical, physical and
mechanical analysis.
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Themainfunction ofthesystem istostoredata.Thesedataareanalysed toanswer
a great variety of questions.

2.4 ANALYSIS
Soil data are seldom collected and stored in the proper form to answer the user's
questions. Consequently, selection and transformation is necessary to yield the
right information. All activities undertaken to transform the data in such a way
that they become relevant for a user (become information) is called analysis.
Classification of analysis methods
In soil science literature, classification of analysis techniques are scarce, only
Burrough (1989a) presented a possible classification. In the GIS literature, a
classification of analysis methods can be found in Burrough (1986), Goodchild
(1987), Van der Schans (1988),Aronoff (1989),and Burrough (1991).The most
generic classification is presented by Van der Schans (1988).This classification
is based on the three basic elements of spatial data (attribute, geometry (space),
and time).Based on these three elements, seven major categories of analysis can
be distinguished:
- attribute analysis;
- geometrical analysis;
- temporal analysis;
- attribute and geometrical analysis;
- attribute and temporal analysis;
- geometrical and temporal analysis;
- attribute, geometrical and temporal analysis.
In this thesis the classification of Van der Schans (1988) is used, as it is in line
with the description of the soil presented before (see Section Models describing
soil on page 7). Analysis on the basis of time alone and on geometry and time
are not or seldom found in soil survey, so they will not be discussed in greater
detail.
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Attribute analysis
Attributeanalysisisimportantinsoilscience.Muchsoilresearch hasbeen focused
on thederivation ofnew attributes from existing ones.Initsgeneral form this can
be written as:
N =f(A£,C,...)
where N is the new attribute, AJi,C are attributes used to estimate N, and f(...)
is a function used to estimate N. The function f(.„) can be:
- logical;
- arithmetical.
Logical operations
Logical operations calculate new attributes by evaluating the value of existing
attributes.Theexisting variables areoften, but notnecessarily, classified data.For
logical operations, Bouma & Van Lanen (1987) use the term class pedotransfer
functions, and Burrough (1989b) the term threshold models.
An example of such an operation is:
if A =vl and B = v2 then N = v3
where vl, v2, v3 are attribute values, and A, B, N are attribute names.
Logical operations are particularly suitable for attributes on a qualitative
measurement scale. Because a lot of soil survey data are available on this
measurement scale (Bregt et al., 1992b), logical operations are quite popular to
derive new attributes from existing ones. Most of the examples can probably be
found in land evaluation (Van Lanen, 1991). To obtain new attributes (e.g.
suitabilities), the land capability classification system for evaluating agricultural
land (McRae &Burnham, 1981)and theland suitability evaluation method of the
FAO (FAO, 1976) incorporate large numbers of logical operations on attributes.
Many such operations are also included in the Dutch system for soil survey
interpretation (Haans, 1979).
Classification of a soil profile can also be considered as a logical evaluation
of collected attributes, which yield a new attribute: the soil type.
Arithmetical operations
Arithmetical operations calculate newattributes asan arithmetical function(s) (+,
-,/,*,logarithms,exponents,andallpossiblecombinations thereof) oftheexisting
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(4)

attributes. An example of such an operation is:
N =2.5A +B + 3C
(5)
where 2.5 and 3are constants. Other terms used for these types of operations are
continuous transfer functions (Bouma&VanLanen, 1987)andregression models
(Burrough, 1989b).The arithmetical operations can only be used for quantitative
attributes.
In the area of soil fertility, there are a lot of empirically defined arithmetical
functions (parametric procedures) which relate crop yield to soil characteristics,
such asclay content and organic matter (McRae &Burnham, 1981;Janssen et al.,
1989). In soil physics a number of functions have been defined which relate soil
physical characteristics to soil survey attributes. (Ritchie & Crum, 1989; Van
Genuchten et al., 1989;Vereecken et al., 1989;Wosten &Van Genuchten; 1988;
Wosten, 1990).Examples of functions which relate soil chemical characteristics
to soil attributes can be found in Breeuwsma et al. (1986).
Geometrical analysis
Geometrical analysis includes those activities that modify the geometry of soil
datasuchassmoothing ofmapunitboundary lines,edgematching, changeofmap
projection, map overlay and vector to raster or raster to vector conversion.
Mapoverlay canbeconsidered asagemometricalanalysisonlywhen attributes
of the individual maps are transferred totheresulting mapwithout changes being
made.Anexample istheoverlay ofthe soilmapofEurope with the agro-climatic
map of Europe (Bulens et al., 1990).
Vector toraster conversion of the soil map is commonly done. However, the
error introduced asaresult ofthisanalysis canbequite large.Bregtetal. (1991a)
showed that by a vector to raster conversion of the soil of The Netherlands even
for a relatively small raster-cell size of 4 mm *4 mm there could be an error of
20% (Fig. 1).
Attribute and geometrical analysis
Attribute and geometrical analysis go frequently hand in hand. The types of
analysis belonging to this category are spatial prediction and overlay.
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Spatial prediction
Spatial prediction methods are used to predict the soil attributes at, usually,
unvisited locationsfrom point observations.Alargenumberofpossible techniques
are available (Ripley, 1981; Lam, 1983; Burrough, 1986; Stein, 1991). Most
techniques, such as kriging, trend surface analysis and inverse distance
interpolation canonlybeapplied tointervalandratiodata.Spatialprediction with
Thiessen polygons (Davis, 1986) can, however, also be applied to nominal and
ordinal data. Kriging has become the most popular mathematical prediction
technique in soil survey. It isbased on the geostatistical model for soil variation.
Studies comparing the accuracy of different methods for predicting soil
attributeshavebeendescribed byVanKuilenburgetal.(1982),Bregtetal.(1987),
Laslett et al. (1987) and Voltz & Webster (1990). Van Kuilenburg et al. (1982)
and Bregt et al. (1987, Chapter 6) compared kriging with soil map predictions.
Inthese casestudiesnodifference wasfound intheaccuracy.Laslett etal.(1987)
compared thirteendifferent spatialprediction methods,allofwhich showed some
deficiencies. Of all the methods investigated, Laplacian smoothing splines and
kriging appeared to perform best. Voltz and Webster (1990) used four methods
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to predict the clay content of the topsoil in two regions of contrasting
physiography, which were: the mean of the mapped class, kriging, cubic spline
and kriging within classes. In situations where some abrupt changes in the soil
had occurred, the mapped classes performed best. In other situations,kriging and
kriging within classes performed somewhat better.
From thepresented case studies about theexperimental comparison of spatial
prediction methodsnopreferance canbedetected,offorexample,the geostatistical
model (kriging) preferable to the soil map model.
Overlay
Map overlay can alsobeboth an attribute and geometrical analysis, as seen when
new geometry and attributes are obtained by anoverlay of maps together with an
logical or arithmetical operation on the attributes (see Section Attrbiute analysis
on page 18).
Attribute and temporal analysis
Attributeandtemporal analysisarefound inthosesituationswhereattributevalues
are analyzed in time, without taking into account the spatial interaction between
attributes values. Typical data used for this type of analysis are time series
collected in a monitoring program. Temporal models describe the behavior of
attributes in time, examples of which are modelling soil compaction, change of
organic matter content and crop growth. Temporal models are focussed on
answering the 'when' question.
In soil survey research on attribute analysis in time did not receive much
attention.Thiswillundoubtlychangeduetotheincreasing attentionfor sustainable
land use, which asks questions about the behavior of attributes in time.
Attribute, geometrical and temporal analysis
This lastcategory comprisesthemostcomplicated analysis.Thereisaspatial and
temporal interaction between attribute values. Spatio-temporal models are
frequently used to analyze and describe thisinteraction, and they arefocussed on
answeringthe'when' and'where' question. Twotypesofspatio-temporal models
are distinguished:
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- deterministic model;
- stochastic model.
Deterministicspatio-temporal modelsattempttomodelthemostimportant aspects
of the processes in terms of well understood physical and chemical laws. Most
models for describing the water-soil-plant interaction are of this type (e.g.
WOFOST(VanDiepenetal., 1989),SWATRE(Feddesetal., 1978).These models
generally model spatialinteraction onlyinonedimension (downtheprofile). Most
groundwater models are deterministic, they usually model space in three
dimensions.
Stochastic spatio-temporal modelsdonotmodeltheoutcomeofasingleevent
but the average behavior of a large number of events. The output of the model
doesnotdescribeanexactresultbutratheronepossiblerealization withinawhole
range of results. The use of stochastic process models is still in an experimental
phase. Up to now the main application field has been in hydrology and solute
movement (Serranoetal., 1985a,b,c; Yehetal., 1985; Jury&Gruber, 1989).They
have hardly been used in crop production analysis.
Acombination ofthestochasticandthedeterministic approach isoften found.
For instance, the spatial variation of attributes isdescribed by a stochastic model
(geostatistical model) and the behavior of attributes in time is described by a
deterministic model.Anexample hasbeen presented by Stein et al. (1991). They
described the spatial variability of soil attributes by the stochastic geostatistical
model. Using the geostatistical model predictions were made for test locations,
followed bydeterministic simulation of the moisture deficit on the test locations.
Combined analysis
For answering aparticular question, often asequence ofanalysis isrequired. This
will be illustrated by a study concerning crop production potentials for the
European Community (Bulens et al., 1990;Van Lanen et al., 1992).In this study
potential- and water limited production of some major crops were determined by
thecombined useofageographical information system (GIS)andland evaluation
models. The soil map of European Community on a scale of 1 : 1000 000 (EC,
1985)wasused.Theprojection ofthesoilmapwaschanged (geometrical analysis)
and new attributes (rooting depth, drainage class and water retention data) were
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derived for thedominant soil units (attribute analysis).The soil mapwas overlaid
with the agro-climatic and an administrative unit map in order to obtain a land
evaluation map(attributeandgeometrical analysis).Theunitsontheobtained map
represent an unique combination of soil, agro-climatic zone and administrative
regions.For the land evaluation unitspotential- and water limited production for
some major crops was determined by the crop growth model WOFOST (Van
Diepen et al., 1989) (attribute, geometrical and temporal analysis).

2.5 PRESENTATION
Results of an analysis must be presented to the user. Two basic forms can be
distinguished:
- text;
- illustrations.
Text
The results of an analysis can be presented in the form of text. The term text is
rather broadly defined in this context, and includes tables, formulas and written
text. The advantage of the use of text for presentation is that the statements can
be precise (e.g. numbers). Tables too form an effective way for the presentation
of information for further computer processing of the obtained results. The
disadvantage is that the human mind is not able to process text quickly.
Illustrations arefar moreappreciated asmeansofcommunication: "pictures speak
louder than words".
Illustrations
At present there is a growing interest in visualization of data for exploring data
analysis. Computer workstations arenow abletodeliver thepower todisplay and
manipulateimagesatreasonable costs(Medyckyj-Scott, 1991).Inthe visualization
of results a distinction can be made such as in graphs, maps and animations.
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Graph
A graph is used for visualization of attribute change in one dimension. This type
of output is common when changes of attributes in time or in one dimensional
space are presented (transect, profile). Line graphs can be used for quantitative
data; for qualitative data, diagrams are useful.
Map
The most common way of presenting soil survey information is in the form of a
map. There is a great diversity of map types (Ormeling & Kraak, 1990). The
measurement scale ofthedataand thespatial model determine thepossibletypes.
Mapsmostusedfor presenting soilsurveydataarechorochromaticmap,choropleth
map and isoline map.
Achorochromatic mapisbased onthediscrete spatial model for soil variation
andvisualizes qualitative data.Thegeneralpurpose soilmapisatypical example
of a chorochromatic map (Fig. 2).

Fig. 2 Chorochromatic map.Fragment of the soil map of TheNetherlands.
Achoropleth mapisalsobasedonthediscrete spatial modelfor soil variation,
but now quantitative data are presented. This type of map is often obtained by
deriving a quantitative attribute from a soil map, or by classification of a
continuous attribute (Fig. 3).
An isoline map presents an attribute that varies continuously over an area
(continuous spatialmodel),andwherepointsofequal valueareconnected bylines
(Dent, 1985). Results of spatial predictions are often presented as isoline maps
(Fig. 4)
24

300
I

600
I

900 m

Starting depthpyritic layerbelow soilsurface (cm)
10-20

3 40-50

70-80

20-30

50-60

80-90

30-40

60-70

Fig. 3Choroplethmapobtainedbyclassification ofhthecontinuousattributedepthtothe
pyritic layer (Bregt etal., 1992a).
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Fig. 4 Isoline map of the attribute moisture deficit (Bregt et al., 1991b).
Three dimensional visualization (or 2.5D depending on one's view) is
occasionally used for soil attributes which have only one value in the z direction
(depth to groundwater, depth to pyritic layer, rooting depth) (Fig. 5). The most
common 3D visualization is, however, a Digital Terrain Model (DTM).
Thepresentation ofuncertainty in datahaslong been aneglected item in map
making.Achorochromatic soilmap,forinstance,suggests thatwearedealing with
homogeneous units without any impurities. Recently, the presentation of
uncertainty has been receiving more and more attention. A NCGIA (National
Centerfor GeographicInformation andAnalysis)research initiative aboutthistopic
was started in 1991with aspecialist meeting (Beardetal., 1991).New techniques
have been developed. For instance,Fisher (1991) presented a computer program
which visualizes the impurities of a soil map,and Bregt et al. (1991) (Chapter 8)
presented a method for the construction of an isoline map with confidence limits
(Fig.6).Although someprogress hasbeen made thisfield, alot ofresearch is still
needed.
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Animation
The term animation is used for visualization of spatial processes in time
(Koussoulakou, 1990). Anice example of visualization of processes in time is
givenbyWesseling (inprep.).Hedeveloped thesoftware programma BALANCE
to show the terms of the soil-water balance ona graphic screen. Despite this
example, animation is hardly used in soil science. Butit is obvious that it has
great potential. It is possible, for instance, to visualize alternative soil erosion
scenario's byrunning anerosion simulation model inconjunction with aDTM,
and toshow where erosion and deposition will occur. And also the movement of
water and pollutants in the soil can effectively be visualized by computer
animation. The development ofthese techniques will betechnology-driven. Itis
our task to select theappropriate techniques foroursoil applications.
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ABSTRACT
Inastudyareaof410ha(Conoco)locatedinanacidsulphatesoilareainIndonesia,820
observation points were made in aregular grid. In addition, 75 test observations were
made.Todetermineanoptimumobservationdensityintermsofpredictionaccuracyand
coststhevariable "depthtothepyriticlayer"wasused.Thenumberofobservationswas
reduced step-wisebyarandomprocedureinordertoobtainlowerobservationdensities.
Predictions weremadeforthetestobservationsusingtheprediction techniqueskriging,
inverse distance, local mean and global mean.Prediction errors werecalculated for all
thestep-wisereducedobservationdensities.Nosignificant differences werefoundbetween
kriging,localmeanandinversedistance.Theperformance oftheglobalmeanwasworse
thantheothertechniques.Adensityof22observationspersquarekilometerwasselected
astheoptimumfor theconditionsintheConocogrid area.Thisdensity isequivalentto
a map scale of 1: 30000.

INTRODUCTION
Soil surveys are carried out to obtain information about the distribution of soil
characteristics within a given area. These data are presented in the form of soil
maps and reports. The soil surveyor uses landscape features and augerings to
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characterize the soil. In some areas, landscape features such as landform,
topography, vegetation, land useandhydrology areagoodindication ofthenature
of the soil and how and where it changes. In other areas, particularly in tidal
coastal plains asdealt with here, the soil pattern cannot easily be discerned from
the landscape features. In these situations the soil surveyor has torely heavily on
his augerings for the characterization of the area. (Janssen et al., 1990)
If only field sampling is used for soil mapping, there is a direct relationship
between observation densityandmapscale.Thisrelationshipisdefined byafixed
number of observations per square cm of the ultimate map. As a rule of thumb
Buringh etal.(1962)mentioned four observations andDent (1986)one observation
per square cm of the final map.
Thechoice ofaparticularmapscale,andrelated observation densityismostly
made a priori. The general expectation is that the higher the observation density
the more detailed and accurate the information.
In most cases, however, there is no real basis for the assumption that the a
priori choice is the most appropriate for an area. Under certain soil conditions a
less dense observation net (implying lower costs) might still be appropriate for
achieving a similar accuracy (Stein et al., 1988). In other situations, however, a
denser observation net might be necessary for obtaining the desired information
(Bos & Van Mensvoort, 1984).
In the study presented, we investigated the relationship between observation
density and the accuracy of the obtained information for mapping depth to the
pyritic layer.Theassociated costswerealsotakenintoaccount.Local mean,global
mean, inverse distanceandkriging wereused asspatialprediction techniques.The
study was carried out in an area of 410 ha containing acid sulphate soils located
in Pulau Petak, South Kalimantan, Indonesia.

MATERIALS AND METHODS
Soil survey
Adetailed soil survey was carried outin the 410ha sample area (Conoco) within
Pulau Petak. Augerings were made in a regular grid of 75 * 75 m. Additional
observationsnear someofthegridpoints weremadeatdistancesof 1,5,and25 m
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respectively to get an impression of the short-range variation. All these
observations will bereferred tointhisarticle asobservation points.Besides these
observation points, 75 extra augerings were made to serve as a test set. These
points were randomly distributed over the area and are referred to in this article
as test points.
Attheobservation andtestpointsanumber ofsoilcharacteristicswasrecorded
andsoilsamplesweretaken for analysisinthelaboratory.Analysisofthesamples
included the determining of potential and actual acidity (Konsten et al., 1988).
From the data collected (both field and laboratory data) information was
derived such as the depth to the pyritic layer, the maximum total acidity within
50cmdepth,etc.Inthisstudy only thevariable depth tothepyritic layer hasbeen
used.
Survey accuracy
In our study a complete relationship between map scale and observation
density was assumed. For the purpose of our study a survey density of two
observations per cm2 map was used. Table 1shows the number of observations
and associated map scales for the Conoco area.
Table 1.Observation density (obs.km ), total
number of observations and associated
mapscalefortheConocostudyarea(410
ha).
Observation
density
(obs.km"2)

Total number of
observations

Map scale

200
89
50
32
22
16
13
10
8

820
362
205
130
91
66
51
41
32

1 10 000
1 15 000
1 20 000
1 25 000
1 30 000
1 35 000
1 40 000
1 45 000
1 50 000
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Insight into the effect of observation density on the accuracy of the acquired
information was obtained by predicting the value of the test points from the
observation points. Lower densities were simulated by reducing the number of
observation points. The comprehensive procedure for the determination of the
relation between observation density and surveyaccuracy ispresented inFigure 1.
Reduction
of N

Observation
points (N)

Measured
testpoint
values

Predicted
testpoint
values
Graph

Comparison

N=Number ofobservation points

Fig. 1Procedure for the determination of therelationship between observation density
and prediction accuracy (MSE =mean square error).
The procedure necessitated choosing:
- the soil variables to be studied;
- the spatial prediction methods to be applied;
- the calculation of the prediction error and;
- the reductions of the observation points.
Soil variables
We selected the variable depth to the pyritic layer, as it is a significant variable
inthecharacterization ofacid sulphate soils,directlyrelevant to their agricultural
use possibilities.
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Spatial prediction
Spatial prediction is the estimation of the value of a variable at a
specific location from values at other locations:

(i)

\ -Ew A
i=l

where:
n = number of points involved in the prediction;
Wj = weighing factor of point i;
Zj = the value of the variable at point i;
Zp = the predicted value of the variable at point p.
Thereareseveral spatialpredictiontechniquesavailable(Lam, 1983;Burrough,
1986;Davis, 1986;Laslett et al., 1987).Theydiffer in the number of observation
points (n)used andinthewaytheweighing factor (W)isdetermined. We selected
the local mean, global mean, inverse distance and kriging method for our study
(Table 2).Thesemivariogram neededfor thekriging methodswasestimated from
the 820 observation points.
Table 2. Characteristics of selected prediction methods.
Method

Number of points

Local mean
Global mean
Inverse distance
Kriging

24
all points
24
24

Weighing factor
used in prediction
1
1
1/distance*
based on spatial structure*

* Sum of the weights is equal toone.
Prediction error
An indication of the accuracy of the spatial prediction can be obtained by
comparing the estimated values with the measured values at the test points. The
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Mean SquareError (MSE)isoften usedfor thiscomparison (Puente&Bras, 1986;
Stein et al., 1988; Bregt & Beemster, 1989; Voltz & Webster, 1990). It is
calculated according to:
i "
MSE = - V) (ZJ-ZJ) 2

(2)

where:
n = the number of test points;
Zj = is the predicted value for a test point;
Zj = the measured value for a test point.
Observation points
Thenumberofobservation pointswasreducedbyrandomlyextractingpoints from
the initial 820 observation points. To estimate the MSE accurately for each new
density, the extraction of points and the prediction to test points were repeated
10 times.
Survey costs
Bie &Beckett (1971) and Dent &Young (1981)present general equationsfor the
estimation of survey costs. They relate survey costs only to the effort of the soil
surveyors.Soil samplingandanalysisofthesamplesinthelaboratory areomitted
in their equations.Inour study acostequation wasdeveloped, more suited to our
requirements. The costs of the survey for thedifferent observation densities consisted of three main components:
- the first component (Cf) comprised costs that are independent from the
observation density. They included thepreparation for the field work, dataprocessing and reporting;
- the second component (Cs) was the actual cost of the survey including the
salaries and three field allowances for the survey teams (one team comprised
two soil surveyors and one assistant) and cost of transport;
- thethirdcomponent (Ca)referred tothecostsfor soil analysesin the laboratory.
The last twocomponents were observation density dependent. Thetotal costs
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of a survey at a certain density were then calculated from:
/N H \
Total costs = Cf + - ^ . C s + (N Ng.C.)

(3)

where:
C f = fixed costs;
C s = survey costs ;
C a = analysis costs ;
N 0 = the number of observations per hectare;
H = the size the area in hectares;
N d = number of observations per day;
N = number of profiles sampled;
N s = average number of samples per profile.
In our study, the following prices in Rupiah (Rp) were applied (price level
1989/1990; 1700 Rupiah = 1U.S. Dollar): fixed costs (Cf) 600,000 Rp, survey
costs (Cs) 150 000Rpper team per day, analysis costs (Ca) 5,500Rp per sample
(Muhrizal Sarwani et al., 1990).
Table 3.Observationdensity,totalnumberofobservationsandnumberofobservationsperday
in the Conoco study area.
Observation
density
(obs.km"2)

Total number of
observations
per day

Number of
observations

200
89
50
32
22
16
13
10
8

820
362
205
130
91
66
51
41
32

10
10
10
9
9
9
8
8
8
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Thenumber of observations (NQ.H) and the total number of observations per day
for a given survey density (Nd) are presented in Table 3. The last naturally
decreases with increasing distance between observation points. Allprofiles were
sampled (N ) in our study averaging 3.5 samples per profile (Ns).
Optimum observation density
Theoptimumobservationdensity ofsoilsurveysisessentiallyrelated totherequirements of the user. If a user is only interested in a general idea about the occurrence of acid sulphate soils in the world, then a soil map at a scale of
1 : 5 000 000 might be adequate for his needs. For local and regional planning
much more detailed information is needed. For ourpurposes it was assumed that
the survey data were needed for the identification of settlement areas. Survey
scales suitable for thispurpose are in the order of 1 : 10000 to 1 :50 000 (Dent
& Young, 1981).
In this study the optimum observation density was defined as the lowest
possible density, where the mean square error being minimal or not statistically
different from themean square error athigher densities.Thedifferences between
spatial prediction techniques at the same observation density were assessed with
the Student test for paired observation (10pairs in each comparison). To test the
effects ofobservation densityonprediction errorfor thesameprediction technique
the Student two sample test was used (10 observations per observation density)
(Snedecor & Cochran, 1967). The last test was only performed with the kriging
predictions.

RESULTS AND DISCUSSION
Accuracy of prediction
Predictions were made of the depth to the pyritic layer at test points using four
different methods. The mean square error (MSE) values of these predictions are
presented as a function of observation density in Figure 2.
All methodsshowed adecreaseinMSEwithincreasingdensity.Inmost cases,
the MSE for kriging was lower than the MSE for the other prediction methods.
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Fig. 2 The Mean Square Error of the four prediction techniques versus observations
density (obs.km ) for Conoco.
Differences with local mean and inverse distance were small and not-significant
(a = 0.05) across the whole range of observation densities. Differences between
kriging and global mean, however, were significant (a = 0.05). Remarkably, the
conceptually andoperationally much morecomplicated kriging technique did not
perform better thanthesimpler techniques ofinversedistanceandlocalmean.This
can be explained by the high short-range variability of the variable depth to the
pyritic layer. Due to this high short-range variation, the semivariogram (Fig. 3)
showed a large 'nugget effect' (300 cm 2 ). (A semivariogram characterizes the
spatial structure of the variable anditis needed for thekriging prediction technique). Besides, the slope of the semivariogram was quite flat. As a result of this
type of semivariogram the weights in the spatial prediction (W;in Eq. 1)of each
point became almost equal, and kriging tended towards a local mean prediction.
This can also be seen in Figure 2:the kriging method and the local mean method
produced almost the same line.In another study area inPulau Petak (Bregt et al.,
in press) also a nugget effect of 300 cm was found. Similar large nugget effects
of about 300 cm2-400 cm2 were also found by Bos and Van Mensvoort (1984)
in the Mekong Delta, Vietnam. They calculated semivariograms for the depth to
pyrite based on sampling in transects with aminimum spacing of 35m. Anugget
effect of about 300 cm seems to be normal for the depth to the pyritic layer.
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Fig. 3 Semivariogram of the depth to the pyritic layer in Conoco.
Costs
The total costs of the surveys at the various observation densities are presented
in Figure 4.
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Fig. 4 Costs (in millions Rupiah) versus observation density (obs.km"2) in Conoco.Ct
= total costs; Ca =analysis costs; Cs = survey costs; Cf =fixed costs.
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The total costs decreased from about 29 million Rp for a density of 200
observations per km2 (map scale 1 : 1 0 000) to less than 2 million for a density
of 8 observations per km2 (map scale of 1 : 50 000). This is quite a dramatic
decrease in costs.
InFigure4thethreemaincost components arepresented separately. It shows
that in this case the costs of the soil analysis in the laboratory C a were slightly
higher than the costs of field survey Cs.
Optimum observation density
The optimum observation density was determined by testing (a = 0.05) whether
the MSEs of the different densities were significantly higher than the MSE for
the largest density. The kriging predictions were used solely for this purpose.
According to the test, the density of 22 observations per km (map scale
1 : 30 000) appeared to be the optimum for the survey of the variable depth to
thepyriticlayer.Forthisdensity thetotalcostswere3.9millionRp,whichis87%
lessthan thecosts at adensity of 200 observation per km (map scale 1:10 000).
Fordensities of 22andless,theMSEissignificantly increased. Itisclear that
the optimum isdependent on the users definition. If another confidence level (a)
hadbeen chosen for thetest,e.g. 0.1 or0.001,perhaps theoptimum density might
have been different.

CONCLUSIONS
Results of the study show that there was no significant difference in accuracy
between thekriging,local meanandtheinversedistance techniques,inpredicting
the depth to the pyritic layer in the Conoco study area. The global mean proved
to be worse than the other techniques.
The optimum density for mapping thedepth tothepyritic layer was adensity
of 22 observations per km 2 . At this density an accuracy equal to the accuracy
obtained atanobservation density of200observationsperkm2wasachieved.The
costs of the survey, however, were 87 % lower than in the last-mentioned case.
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ABSTRACT
Inmost soil surveys, and particularly those carried out in developing countries, the bulk
of recorded soil data is on an ordinal measurement scale. This determines the type of
statistics and techniques for data processing that can be used. For example, with ordinal
data the mode, median and range can be used as summary statistics. For describing the
spatial structure of ordinal data we propose the spatial-difference-probability function,
which iscomparable withthe semivariogram. In this article, thediscussion about ordinal
soil data is illustrated with data from a soil survey in Costa Rica. From the same study
area three different suitability maps for banana were produced according to a qualitative
land evaluation procedure by: (1) interpreting the soil map 1 : 200 000, (2) interpreting
the soil map 1 : 50 000,and (3)interpolating point data.Thequality of these three maps
was tested by looking at thereliability, relevance and presentation of information, using
98testborings.Reliability wascharacterized interms ofpurity andrange.The suitability
map based on the soil map 1 : 200 000 was themost reliable one, with anoverall purity
of 49%. The suitability map produced by interpolating point data was the most relevant
one, as defined in terms of the possibility to correctly identify potential locations for
banana plantations from the map. Differences in presentation of information were
evaluated by comparing theboundary indices of the different maps.The suitability map
based onthe soilmap 1 : 50 000wasthemostreadableone.Mapchoice shouldbebased
on a consideration of the different quality criteria by the user.
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INTRODUCTION
Soil surveys arecarried out all over the world, anddata obtained are increasingly
being storedingeographical information systems.Manyofthese soilsurveys have
ageneral-purpose character and,asaconsequence, agreatvariety ofsoil variables
are recorded in the field by the soil mapper. Continuous soil variables, such as
texture and stoniness, are often recorded in classes (qualitative data) as defined
by the Soil Survey Manual (Soil Survey Staff, 1951). Neither funds nor time are
usually available to make many measurements of soil variables at quantitative
levels, such as clay content instead of texture class.
For theuseofsoil surveydataine.g.landuseplanning,environmental protection studies andagriculturalplanning,further processing andinterpreting thebasic
soilsurveydataarenecessary.Inrecentyears,developmentanduseofnewprocessing and interpretation techniques have received much attention in soil science.
Application ofinterpolation techniques anduseofdynamicsimulation models for
quantitative land evaluation is being promoted by many researchers (Beek et al.,
1987;BoumaandBregt, 1989).Almostallmathematical interpolation techniques,
however, assumethepresence ofquantitativedata.Such techniques cannotbeused
when only qualitative soil data are available. Dynamic simulation of soil water
regimes and associated crop development require quantitative data as well.
Land evaluation procedures such as those based on the framework for land
evaluation (FAO, 1976),however,allow interpretation ofqualitative data.Qualitative evaluations are useful to broadly identify areas of land that are relatively
suitablefor aparticulartypeoflanduse.Withincreasingemphasison quantitative
simulation techniques,lessattention isbeingpaidinliterature tosuch morequalitative interpretation procedures.This isunfortunate because the latter procedures
are still very relevant in surveys where few quantitative data can be generated or
where qualitative data are already available.
In this study some implications of having only qualitative data available for
processing and interpreting are discussed. The spatial-difference-probability
function is proposed for describing the spatial structure of qualitative variables.
Asan illustration, datafrom asoil survey in theAtlanticZone of CostaRica were
used. Asuitability classification for bananawascarried out,following qualitative
land evaluation procedures (FAO, 1976; Soto, 1985). Three different suitability
mapswereproduced: (1)byinterpreting therepresentativeprofiles ofthe mapping
units of a soil map 1 : 200 000, (2) by interpreting the representative profiles of
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themapping unitsofasoilmap 1 : 50 000,and (3)byinterpolating point observations.Thequality of the maps obtained was compared in terms of reliabilty, relevance and presentation.

THEORY
When processing recorded soil data, the scale on which the data have been measured isextremely important. Measurement isdefined in this context as assigning
valuestovariables.Therefore, bothestimating textureinthefield and determining
it in the laboratory are considered to be measurements. Measurement scales are
usually distinguished in terms of being qualitative or quantitative. Qualitative
measurement involves naming orgroupingofvariables.Examples arehorizon code
and suitability class. Quantitative measurement involves assigning numerical
values, which reflect magnitude or amount, to variables. Examples are values of
organic-matter and water contents.
Stevens (1946) presented a subdivision of the qualitative scale in terms of
nominal and ordinal and of the quantitative scale in terms of interval and ratio.
The characteristics ofthese four measurement scales are summarized in Table 1.
Table 1. Characteristics of measurement scales.
Scale

nominal
ordinal
interval
ratio

Description

determination of equality;
data can be placed into classes
determination of more or
less; data can be ranked
determination of equality of
intervals or differences
determination of equality
of ratios; measurements have
a true zero

Useful summary statistics
Central
tendency

Dispersion

mode

-

mode, median

range

mode, median,
mean
mode, median,
mean

range, standard
deviation
range, standard
deviation,
coefficient of
variation

The nominal scale is the lowest one.It involves only the classification or naming
of observations. Examples are land use classification and soil classification. The
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ordinal scale involves the ranking of observations against each other. Values of
observations canbeplaced in an ordered list,butthedistance between the values
iswithoutmeaning.Examplesaresoilsuitabilityclassesanddrainageclasses.With
the interval scale differences between values can be established. The data do not
contain anabsolutezeroandnegativevaluesarepossible.Examplesaresoiltemperatureandchangeinyield.Ratiosbetween valuesofinterval variablesdonothave
a real meaning. For instance, 20°C is not twice as warm as 10°C, since 0 °C is
an arbitrary baseline. The highest measurement scale is the ratio scale. The data
on this scale have an absolute origin, negative data values are not possible.
Examples are data from laboratory analyses like texture and iron content. Ratios
between valuesofratiovariableshavearealmeaning.Forinstance,200Kistwice
as warm as 100 K. Most quantitative soil data are on a ratio scale.
The scale of measurement of the data depends on the measurement method
and the nature of the data. Some variables are ratio in nature, e.g. clay content,
but theyarerecorded asordinal variablesduetothemeasurement equipment used.
Less sophisticated measurement equipmentgenerally yieldsdataonalower measurement scale, as distinguished in Table 1. The scale of measurement partly
determines the type of statistics andprocessing methods tobe used for describing
and analysing data. For example, calculation of mean and standard deviation is
only meaningful for interval and ratio variables. The coefficient of variation is
only meaningful for ratio variables. For ordinal variables the mode, median and
rangeareuseful summary statistics(Table 1).Moreinformation about appropriate
techniques for analyzing data of different measurement scales can be found in
Shaw and Wheeler (1985).
For describing the spatial structure of soil variables the semivariogram is frequently used (Webster, 1985). It can be applied to both interval and ratio data.
For describing the spatial structure of ordinal and nominal data we propose the
spatial-difference-probability function (s-d-p(h):
N(h)

s-d-p(h) =_ 1 _ y
N(h) | t i

i(z(x:),h):
J

i(z(x:),h) = 0 if z(Xj) equals z(x=+h)
i(z(Xj),h) = 1if z(Xj) unequals z(x=+h)

60

(4)

Where N(h) is the number of pairs of points at distance h, z(x:) is the value of
variable zatlocation X:,andz(x:+h)isthevalue ofvariable zat adistance h from
Xj.

The s-d-p function describes the probability of encountering different values between point observations at an increasing separation distance. It is estimated for
every distance interval by comparing the value of pairs of observations at this
distance interval. Like the semivariogram, this s-d-p function can be presented
graphically. On the horizontal axis the distance is given, and on the vertical axis
theestimated difference probability.Thevalueofthedifference probability ranges
from 0(allobservations havethesamevalue)to 1 (allobservations have different
values). The interpretation of this graph is comparable to the interpretation of a
semivariogram.If aspatial structureispresent,anincreaseindifference probability
is expected with increasing distance between observation points.
For spatial interpolation of point data, several techniques are available. A
review was given by Lam (1983) and Burrough (1986).Most techniques, such as
kriging, splines, trend surface analysis, Fourier models, and distance-weighting
methods, can only be used with interval and ratio data. Spatial interpolation with
Thiessen polygons (Davis, 1986) can be applied to nominal and ordinal data.
Soil profile descriptions form the basis for currently available soil data. A
widely used system for describing soil profiles is the one presented in the Soil
Survey Manual (Soil Survey Staff, 1951). It has been adopted by soil surveys in
numerous countries and many national soil survey handbooks have been derived
from the Soil Survey Manual (Hodgson, 1978).In Table 2thedistribution of soil
profile variables,asdefined by theSoil Survey Manual,ispresented for the different measurement scales. Most variables are on an ordinal scale. Only 7 of the
61 variables are interval or ratio. Most data obtained from laboratory analyses of
soil samples are, however, ratio variables. Despite the large amount of ordinal
variables in a profile description, most soil variability studies published so far
consider only quantitative variables (Beckett and Webster, 1971; Gajem et al.,
1981;Edmondsetal., 1982;Wang, 1982;Edmondsetal., 1985;Ogunkunle 1986).
And when ordinal soildata are selected, they are sometimes incorrectly analysed.
For instance, Wilding and Drees (1978) calculated coefficients of variation for
an ordinal variable such as structure grade and even for a nominal variable such
as structure class. Oliver and Webster (1987) calculated means and variances for
several ordinal and even nominal soil variables. Agbu et al. (1990) calculated
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coefficients of variation for the nominal variables landscape position and slope
form.
Table 2. Distribution of soil and related variables over the four measurement scales.
Variables
of:

Measurement Number of Variables
scale
variables

site description

nominal

5

ordinal
interval
ratio

1
3
0

nominal

5

ordinal
interval
ratio

4
1
2

nominal

15

general soil
description

profile
description

ordinal

interval
ratio
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24

1
0

landform, land use, climate,
physiographic unit, position of site
topography
latitude, longitude, altitude
temperature regime, classification,
moisture regime, microrelief, parent
material
stoniness, rock outcrop, salt, drainage
water-table
soil depth, rooting depth
horizon, structure type, kind of
organic matter, type of mottles,

color (hue), pores (form, orientation,
continuity, distribution), cutans (kind,
location), pans (kind, continuity,
structure), kind of biological activity
texture, color (value,chroma), mottles
(abundance, size, contrast, sharpness),
structure (grade, size),consistence (dry,
moist, wet),pores (size,quantity),
porosity, roots (size, quantity), cutans
(thickness), rock (size,quantity, degree
of weathering), pans (cementation),
biological activity (abundance),
carbonates
depth

MATERIALS AND METHODS
Study area and survey data
The study area (160km2) is located in the cantons Guapiles and Guacimo in
the Limon province in Costa Rica. It is situated in the transition zone from the
central mountains tothecoastalplain.Themeanannual temperature intheLimon
province is25°C,and themean annual precipitation is4400mm.The major land
use types are extensive grazing andafew bananaplantations. Inparts of the area,
cropproduction islimited due tosurface stoniness,poordrainage conditions, and
steep slopes.
Of the study area a soil map on a scale of 1 : 200 000 was made by interpreting aerial photographs and some field checks. The mapping units were characterized by a representative profile based on 2 or 3 borings per mapping unit. Of
the same area also a soil map on a scale of 1 : 50 000 was made. The soils were
classified according to Soil Taxonomy (Soil Survey Staff, 1975), mainly as
Dystrandepts, Dystropepts andTroporthents. Mapping unitsof the soil map were
delineated inthefield byusing soilboringsandbyinterpreting landscape features.
For each mapping unit a representative profile was defined by the soil mapper.
For the 1 : 50 000 soil map 835 soil borings were made.
Land evaluation and map interpretation
One of the objectives of the soil survey was producing a suitability map for
bananas, which isthemost important cropinthearea.Thelandevaluation procedureused,waslocally developedby Soto(1985).Bythisprocedure the suitability
isbased oneight separate evaluations of ordinal soil andland characteristics.The
soil orland characteristic inthelowest suitability classdetermines thefinal suitability. Land evaluation criteria are presented in Table 3.
Suitability mapsoftheareaweremadebythreedifferent procedures.The first
mapwasproduced byinterpreting the 1 : 200 000soilmap.Thedataoftherepresentative profiles associated with the mapping units were evaluated and a suitability map was produced (map I).The second map was produced by interpreting
the soil map 1 : 50 000. The representative profiles of the soil units were eva63

luated,and subsequently asuitability mapwasproduced (mapII).The third map
Table 3.Land evaluation criteria for bananas (Soto, 1985).

Soil and land
characteristics

Highly
suitable
1

Soil depth (cm)
> 120
Texture ! ) at 15 cm 3 , 4 , 5
at 45 cm 3 , 4 , 5
at 75 cm 3, 4, 5, 6,
7,8,9
at 105 cm 3, 4, 5, 6,
7, 8,9
Stoniness )
0
Slope 3 )
0,1
4
4
Drainage )

Moderately Marginally
suitable
suitable
2
3

Marginally
not suitable
4

Not
suitable
5

90-120
6, 7, 8, 9
6, 7, 8, 9
11

60-90
11
11
1, 2, 10, 12

30-60
2, 10, 12
1, 2, 10, 12
-

0-60
1
-

I, 2, 10,
I I , 12
1
3,5

-

-

-

2
2
2

3
1,6

>4
>3
-

*)Texture 1: sand; 2: loamy sand; 3: sandy loam; 4: loam; 5: silty loam; 6: silt; 7:
sandyclay loam; 8:clay loam;9:siltyclay loam; 10:sandy clay; 11: silty
clay; 12:clay
2
) Stoniness 0: 0%; 1:0-0.01%; 2:0.01-0.1%;3:0.1-3%;4: >3%
3
) Slope
0: 0%; 1:0-2%; 2: 2-5%;3:>5%
) Drainage 1: poorlydrained;2:somewhatpoorlydrained; 3:moderatelywelldrained;
4: well drained; 5: somewhat excessively drained; 6: excessively drained
was produced by interpolating point data. For all the individual soil borings the
suitability was determined. Ninety-eight borings were selected at random from
this data set to serve as a test set. The remaining 737 borings were transformed
intoasuitabilty map(mapIII)byinterpolation viaThiessenpolygons.MapsIand
II were produced according to standard interpretation procedures in soil survey
and land evaluation. Map I (scale 1 : 200 000) is meant for national planning.
Maps II and III are meant for regional planning and identification of potential
project areas (scale 1 : 50 000).The total costs for producing maps II and III are
more or less the same. The total costs for producing map I are estimated to be
a factor 16 lower than the costs for maps II and III.
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Quality of the maps
According to Western (1978), the quality of a map is a function of (i) the
reliability of the information; (ii) the relevance of the information, and (iii) the
presentation of the information.
The reliability oftheinformation onamapischaracterized by thepurity and
the homogeneity (Beckett and Webster, 1971;Bie and Beckett, 1973; Marsman
andDeGruijter, 1986;Bregtetal., 1987).Thepurityindicatesthedegreetowhich
the(suitability) classes,asindicated onthemap,agreewiththesuitability of locations inthe field. It wasestimated in this studyby comparing the valuesfor mapping units with the corresponding values of the 98 test borings within these mapping units. Purities were calculated for each individual suitability class and for
the map as a whole. The homogeneity indicates how homogeneous the mapping
units are with respect to the suitability class. For interval and ratio data the
standarddeviation withinmappingunitscanbeusedasameasurefor thehomogeneity. For ordinal data the standard deviation cannot be used, but the range providesagood measure for homogeneity.The relevance ofinformation asaquality
componentisverydifficult toquantify for ageneral-purpose soilmap.Quite often,
only some qualitative indications can be given about the relevance of the
information. In the case of a special-purpose map,quantification is easier, since
we can test whether the map meets the demand. The objective of our map was
to identify potential locations for banana plantations. In this study, we assumed
that their establishment is potentially feasible in areas with suitability classes 1
and 2.Detailedinvestigations mustreveal therightlocations.Themapwhich identifies potential areas correctly and which, on the other hand, correctly eliminates
unsuitable areas is considered tobe arelevant one.Four situations can be distinguished:
(1) the map indicates "suitable", and the area is "suitable" in reality;
(2) the map indicates "suitable", but the area is "not suitable" in reality;
(3) the map indicates "not suitable", but the area is "suitable" in reality;
(4) the map indicates "not suitable", and the area is "not suitable" in reality.
Situations oneandfourrepresentcorrectdecisions.Situations twoandthreerepresentwrongdecisions. Situation threeistheworst one,because asuitablearea will
not be identified as such. In the case of situation two the potentially suitable area
willbedeclarednotsuitableafter detailed investigations.Themapwiththelowest
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values for situations two and three isthemostrelevant one.The magnitude of the
four situations were characterized for thethree mapsby using the 98test borings.
The quality of the information presentation isafunction of the cartographic
methods used and of the complexity of the map pattern. As indicated by
Monmonier (1974) and Dent (1985), the complexity of the map pattern has a
stronginfluence onthereadability ofthemap.Various complexity measures were
comparedbyBregtandWopereis(1990).Fromthemeasurespresented,theboundary index (Bregt et al., 1989) was used in this study to evaluate different types
ofcartographicpresentations inaquantitative manner.Thereadability ofthemap
increases if the boundary index decreases.

RESULTS AND DISCUSSION
Spatial structure
In Fig. 1the s-d-p graph for suitability classes is presented which isbased on all
borings.The estimated difference probability is almost constant with increasing
distance,implyingnospatial structurewithintheinvestigated distancerange.The
estimated difference probability of the shortest distance interval (250 m) is high
(0.65), indicating a high short-range variability. A possible explanation for this
high short-range variability can be found in the land evaluation procedure used.
By thisprocedure eight separate evaluations of soil and land characteristics were
performed (Table 3).The soil or land characteristic in the lowest suitability class
determines the final suitability.

Average distance (km)

Fig. 1Spatial-difference probability graph for suitability classes based on all borings.
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In Fig. 2 the s-d-p graph for some soil and land characteristics are presented
which are used in the land evaluation procedure. All the variables show a slight
increase in difference probability atgreater distance,indicating that observations
farther awaydiffer slightly morethannearby observations.Theshort-range variation of all the variables is quite large. For example, the probability of finding a
different texture class at 15 cm depth at a distance of 250 m is more than 50%.

0.60
0.40
0.20
0.00

0

1

2

3

4

Average distance (km)
a Texture at 15cm

A Slope
o Drainage

Fig. 2 Spatial-difference probability graph for somesoil andlandcharacteristics based
on all borings.
Suitability maps
The three procedures resulted in quite different maps. Map I, based on the soil
map 1 :200 000,isdominated stronglybysuitability class3,whichoccupies about
60% ofthemap.Itcontains5different mappingunits,and 17mapping areas.Map
II, based on the soil map 1 : 50 000, contains 5different mapping units and 56
mapping areas. As a result of the Thiessen interpolation of the borings, map III
hasquite a "blocky structure".Itcontains 5different mapping unitsand 189mappingareas.Fragments ofthethreemapsproduced arepresented inFig.3.InTable
4 some summary statistics for each mapping unit of thethree mapsare presented.
These statistics were calculated by using the test data within the mapping units.
For all the classes of map II the mode class, based on the test borings, does not
correspond with the suitability class of the map. For map I this is the case for
mapping units 2 and 5, and for map III for the units 1and 5. In these situations
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Fig. 3Fragments of the three different suitability maps forbananas.
I) Suitability map derived from soil map 1:200000
II) Suitability map derived from soil map 1:50000
III) Suitability mapproduced byinterpolation of point data, schale 1:50000
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the suitability class of the mapping unit is not supported by the borings within
the mapping unit.For almost all the units ofthethree mapsthe mode and median
class are the same.
Table 4. Summary statistics for mapping units of the three suitability maps based on
suitabilities for 98 test borings.
Summary Land unit map
statistics (map I)*
12
Number of 1 8 59

borings
Mode
Median
Range

3

4
18

Point observations
(map III)*

Soil map
(map II)*
5

1

2

3

4

5

12

4

7

42

11

34

1 2
3

7

3

4

5

50

23

15

1 4 3 4 4 3 4 4 3 3 2 2 3 4 4
1 3 3 4 4 3 4 4 3 3 2 3
3 4 4
1 2-4 1-5 3-5 4-5 1-4 3-5 2-5 1-4 2-5 2-3 2-5 1-5 1-5 2-5

*) Classes1: highlysuitable;2:moderatelysuitable;3:marginallysuitable;4:marginally
not suitable; 5: not suitable
Comparing the quality of the three maps
The reliability of information on all the maps was characterized by the purity.
InTable 5both thepurity for theindividual mapping unitsand for thewhole map
are presented. The purities of all the mapping units are quite low. Extremely low
purities were found for the mapping units 2,4and 5of mapII,and unit 1of map
III. The overall purity of map I has the largest value (49%). An extremely low
overall purity (15%) was found for map II, the map based on the soil map
1 : 50 000. An explanation for the low purities can be found in the high shortrange variability as indicated by the s-d-p function. Based on these results we
concludethattheinformation onmapI,themapbasedonthesoilmap 1: 200 000,
is more reliable than the information on maps II and III. This is surprising. A
possible explanation might be the absence of aclear spatial structure in the data,
asindicated by the s-d-p function, which made mapping of thedata difficult. The
homogeneity ofthemapping units,indicated bytherange (Table4),doesnotshow
a clear difference between the three maps; all units are quite heterogeneous.
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Table 5. Purity of individual mappingunits for mapI,II and III andoverall purity for
maps I, II and III.
Purity (%)
Mapping units
map I*
2 3 4 5

Mapping units
map II*
1 2 3 4 5

Mapping units
mapIII*

Map I Map II MapIII

1 2 3 4 5

100 13 51 72 25 25 0 26 0 9 0 42 48 39 20 49

15

40

*) Classes1:highlysuitable;2:moderatelysuitable;3:marginallysuitable;4:marginally
not suitable; 5: not suitable
The relevance of information on a map was characterized by the magnitude
ofareasincorrectly classified as"suitable"and "notsuitable".Theresultsarepresented inTable 6.FromTable 6weseethatthepercentages "suitable"onthe map
and "notsuitable"inreality,and"notsuitable"onthemapand "suitable"inreality
are the smallest for map III, 5% and 10%respectively. This means that map III,
produced by interpolating point data, is the most appropriate one for selecting
potential sitesforbananaplantations.Forallthreemapsthepercentageof suitable
areasnotidentified bythemapislargecompared withtheareacorrectly identified
as suitable.
Table6.Identification ofcomparisonbetweensuitabilityonmapandsuitabilityinreality.
Map

Identification (%)
Suitable on map Suitable on map Not suitable on map Not suitable onmap
& suitable
&not suitable &suitable in
&not suitable
in reality
in reality
reality
in reality

I
II
III
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2
1
5

7
10
5

13
14
10

78
75
80

The presentation of information was evaluated by looking only at the boundary index of the maps. Another important factor in the quality of presentation
of information, namely thecartographic methods used,did notdiffer between the
maps. The boundary index is 1.28 cm"1 (cm/cm2) for map I, 0.75 cm"1 for map
II,and 1.12 cm"1for mapIII.Withrespect tothepresentation ofinformation, map
II, the one based on the soil map 1 : 50 000, is the best.

CONCLUSIONS AND RECOMMENDATIONS
Many soil variables are on an ordinal measurement scale.Commonly used statistics,suchasmean,standarddeviation andsemivariance,andmostspatial interpolation techniques are not useful for this type of data. When discussing future
developments in the field of soil data processing, it is useful to focus not only
on which data could or should be available, but also on which data are available.
Quite often due to limited resources only ordinal soil data can be collected.
Developing useful processing techniques for ordinal soil data should be encouraged.For example, in the area of spatial interpolation theusefulness of indicator
kriging (Journel, 1983) needs to be investigated. Soil scientists have to realize,
ontheother hand, that most dataprocessing techniques are available or arebeing
developed for quantitative data. Within a standard soil survey, more quantitative
data should be collected as is done at this moment.
Inthecasestudypresented, thequality ofthreedifferent suitabilitymapsbased
on ordinal data was evaluated. The suitabilty map based on the soil map
1 : 200 000 was the most reliable one. The suitability map produced by interpolating point data contained the most relevant information. The suitabilty map
based onthesoilmap 1 : 50 000,however,wasthemostreadableone.Thechoice
tobemadefor aparticularmapdependsontherelative importance which isassigned to the various quality criteria by a particular user.
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ABSTRACT
Bregt,A.K. and Beemster,J.G.R., 1989.Accuracy in predicting moisture deficits and changes in
yield from soilmaps.Geoderma, 43:301-310.
In a survey area of 1435ha, water-tables have been lowered as a result of water extraction for
drinking water supplies. We simulated the change in grass yield in this area by comparing the
former and present hydrological situations.Asoilmap on a scaleof 1:10,000ofthe area wasused
to derive soil maps on scales of 1:25,000and 1:50,000. Representative profile descriptions from
the mapping units ofthe three soil maps werephysically interpreted and were used thereafter as
abasis for simulating changes in yield.
We wanted to know whether the quality of representative profile descriptions would permit
correct predictions for the whole area and for specific locations within the area. Therefore, we
compared the simulated valuesofthe representative profile descriptions with simulated valuesof
individualborings.Twoattributeswereinvestigated:the simulated changein yielddueto extraction of water and the simulated average moisture deficit in a 30-year period under the present
hydrological situation (after water extraction).
Forthewholearea,themeanerrorwasusedasaqualitymeasure.Nodifferences inqualitywere
found amongrepresentative profile descriptions for the three map scales.Asquality measures for
point predictions, the mean absolute error and the mean square error were used. The calculated
errors are quite large.For instance,the error in the estimation of the moisture deficit is 50% or
more for all three map scales.Spatial variability within a mapping unit forms a large proportion
ofthiserror.Thebestpredictions atpoint locationswereobtainedwith the representative profile
descriptionsfor the 1:10,000map.

INTRODUCTION

Soilmapsareusedandinterpreted foravarietyofpurposes (Western, 1978).
Soil surveys also form an important data source for land evaluation (Young,
1980;Boumaet al., 1986;Beek et al., 1987).Traditionally, soilsurvey data are
mainly interpreted for agricultural purposes. They are, however, being used
increasingly for environmental and other interpretations as well. Breeuwsma
et al. (1986) present examples of the use of soil maps for the estimation of
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travel times of water in the unsaturated zone and of phosphate sorption capacity. Other examples of soil map interpretations in The Netherlands were
reported by Wosten et al. (1987).
Interpretations of soil maps are generally based on descriptions of representative profiles made by soil surveyors for mapping units. The quality of
these interpretations depends entirely onthequality oftherepresentativeprofile descriptions.Afaulty representative profile description will automatically
lead to wrong interpretations. Therefore, knowledge of the quality of these
descriptions is important. In this study, we investigated the quality of representative profile descriptions to see if they permitted correct predictions for
an entire area or for specific locations within that area. The influence of map
scale on the quality ofthe predictions was studied aswell.
The soil map interpretations were focused on predicting the sensitivity of
soils to lowering of the water-table as a result of the extraction of water for
domesticuse.
Aprevious study in the same area was carried out by Wosten et al. (1987).
They investigated the influence of map scale on predictions of the changes in
yield for the entire area and for individual fields. They concluded that for the
area as a whole the average change in yield could be predicted correctly with
the 1:50,000 map. Changes in yield for specific fields, however, could be predicted most accurately from maps with scales of 1:10,000. In their study, the
representativeprofile descriptionsforthe 1:10,000mapwereusedas references
for the less detailed scales. Thus, no information about the 'real' quality of
representative profile descriptions was obtained. In our study, the interpretations of representative profile descriptions were compared with the interpretations of data from borings. Thus, a more realistic estimate of the quality of
the representative profile descriptions for interpretations was obtained.
MATERIALS AND METHODS

Study area
Known as Mander, the study area of 1435 ha lies near Tubbergen in the
eastern part ofThe Netherlands. Asample area of404ha from this study area
wasconsidered in our investigation. The principal soils ofthe sample area are
classified accordingto SoilTaxonomy (SoilSurvey Staff, 1975)asTypicHaplaquods,Typic Humaquepts and Plaggepts.These soils havebeen formed in a
regolith consisting ofaeolian sands and glacialdrift, which rests in some parts
onTertiary clay.Depth totheTertiary clayis150cmintheeastern part of the
sample area.
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TABLE I
Number of mapping units used in the analysis and
for the three scales

average number of borings

per mapping unit

Scale

Number of
borings

Numberof
mapping units

Averagearea
of mapping
unit (ha)

Average number
ofboringsper
mapping unit

1:10,000
1:25,000
1:50,000

410
410
410

83
70
41

3.3
4.0
6.8

4.9
5.9
10.0

Soil survey
The soils were mapped at a scale of 1:10,000, with an average observation
density of 1.5 borings per hectare (Stoffelsen and Van Hoist, 1985). In the
wholearea 2150boringsweremade.The locationsoftheboringswere selected
by a soil surveyor. Borings extended to the upper surface of the Tertiary clay
orto the mean lowestwater-table (MLW),with a maximum depth of3.2 m.
For each mapping unit at the scale of 1:10,000the soil surveyor prepared a
representative profile description (RPD). This description contains the sequence of horizons in the mapping unit and the average value and range of
propertieswithin each horizon.The description ispresented in the same form
as for a profile. The RPD is an average characterization of the mapping unit
and not of an existing profile. It is compiled by the soil surveyor on the basis
ofhis experience and on data for borings inthe mapping unit.
From the soil map at a scale of 1:10,000and its associated RPD's, a map at
ascaleof1:25,000withRPD'swasderivedthrough generalization without new
fieldwork. In the same way, a soil map at a scale of 1:50,000with RPD's was
derived from the soil map at a scale of 1:25,000. Only one experienced soil
surveyor was involved in delineating map units and in preparing representative profile descriptions. Thus, errors due to differences among surveyors did
not occur.
For statistical analysis of the data, only units of the 1:10,000map with at
least three borings were used. This meant that the effective study area was
reduced from 404 ha to 278ha. To permit comparison of the three maps, the
same effective study area (278ha) wasused for the 1:25,000and the 1:50,000
map (Table I).
Interpretations
The soilmap interpretations inthis studywerefocused onthe sensitivityof
soils to drawdown of the water-table. The sensitivity was calculated with a
simulation model developedbyDe Laat (1980).
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As a first step, physical properties were assigned to individual horizons recorded in the representative profile descriptions (RPD's). In order to do so
use was made of atranslation set derived for soils in The Netherlands, which
relateshorizonstosoil-physicalproperties (Wosten etal.,1987). Soil-physical
properties inthiscontext arewater retention and hydraulicconductivity characteristics. If adjacent horizons had the same physical properties, they were
combined into one physical unit layer. These physical unit layers were used
later in calculating water balances ofthe soils.
Totestthe quality ofeach RPD for interpretations, theprocedure for establishingphysicalunit layerswasappliedtoalloftheboringsmadewithin amap
unit.
The next step wasto calculate with the simulation model the water balance
ofRPD'sandboringsforsuccessive 10-dayperiods.Thecalculationsweremade
for the period of 1956-1985.We assumed that the soils were under grass vegetation for agrowingseasonof 180days,viz.,from April 1 to October 1.Moisture deficits werecalculated for two situations, onebefore and one after water
extraction. These deficits were then transformed into relative yields on the
basis of the relation between yield reduction per mm moisture deficit and potential production, as reported by Van Bohemen (1981). The difference between relative yields in the former and present hydrological situations forms
the yield reduction due to increased moisture deficit. Water extraction may,
however, also lead to increases in yield. This occurs in soilsthat were initially
too wet. Such changes were also calculated with standard tables relating the
increase in yieldto the water-table fluctuations.
Final results are presented as an average, net change in yield per hectare,
expressed interms ofayearlypercentage,duetodrawdown ofthe water-table.
Negativepercentagesindicateanetdecreaseinyieldduetoalower water-table
duringthegrowingseason.Positivepercentagesindicate anetincrease inyield
dueto a lower water-table.
In this study, two simulated attributes were selected for further investigation, namely the change in yield {%ha"1y r 1 ) dueto extraction and the average moisture deficit (mm) in a 30-year period under the present hydrological
situation, which werefer to asthe change in yield and the moisture deficit.
Usingthe samemodel,other authors havevalidatedtheprocedure described
for a clay area (Bouma and De Laat, 1981) and for a sandy area (Wosten et
al., 1985).
STATISTICAL ANALYSIS

The quality ofa representative profile description (RPD) wasestimated by
comparing itsvalue for a mapping unit with the values for the individual borings in that mapping unit.
As a quality measure of the RPD for estimating an average value for the
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total studyarea the mean error (ME) wasused.The ME isofparticular interest for agencies interested in results for thetotal study area, e.g.water extraction companies andprovincial water boards.They want to knowthe qualityof
the map for predicting acorrect averagevalue for the entire area.The ME was
calculated accordingto:
1

m

k

M E = - I X (rpdu-bui)

(1)

nu=i1=1

where:ME=mean error;rpdu=value ofrepresentative profile ofuth mapping
unit;bui=value ofith boring inthe uth mappingunit; n=total number ofborings;m—number of mappingunits; k=number ofborings in the uth mapping
unit.
The ME can be zero, positive or negative. In the case of a zero ME the average prediction of the variable by the RPD for the entire area is perfect. A
positive ME means an overestimation ofthe variable bythe RPD. Anegative
ME means an underestimation ofthe variable by the RPD.
Asa quality measure ofthe RPD for estimating values at specific locations
within the area, the mean absolute error (MAE) and the mean square error
(MSE) wereused.ThevalueofMSE ismoreinfluenced byoutliersinthe data
set. The MAE and MSE are of particular interest to the local user, e.g. the
farmer. The MAE wascalculated according to:
1

m

k

M A E = - X X \rpdu-Kil
nu=i

(2)

i=i

where MAE=mean absolute error and the other symbols are the same as in
eq.1.
The MSE was calculated accordingto:
1

m

n

u =

k

M S E = - X Z (rpdu-bm)2

(3)

\ i—i

where MSE=mean square error and the other symbols are the same as in eq.
1.
Either large variations within mapping units or high errors in the representative profile descriptions willlead to high MAE and MSE values (Fig. 1).
Separation ofthesetwoeffects ismeaningful. Thiscanbedonebysplittingthe
MSEintotwoparts (BunkeandDroge,1984;KempthorneandAllmaras,1986):
MSE=MSEs+ MSE r

(4)

where: MSES=contribution in mean square error due to systematic errors;
MSE r=contribution in mean square error dueto random errors.
The systematic error (MSES) iscaused by the difference between the value
ofthe RPD and the mean value of data from borings in the mapping unit and
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value of attribute

distance

real variation of attribute value

•

attribute value of boring

value of representative profile description

Fig. 1. Conceptual examples of attribute variations in mapping units and values of associated
representative profile descriptions (RPD): a) large variation and large error in RPD results in
high MAE and MSE values;b) largevariation and small error in RPD results in high MAE and
MSE values;c) smallvariation and largeerror in RPD results in high MAE and MSE values; d)
smallvariation and small error in RPD results in lowMAEand MSE values.

a systematic component inthe measurement error.The random error (MSE r )
is caused by variation within the mapping unit and a random component in
the measurement error. The MSE r was estimated accordingto:
1

m

k

MSE r

n-m u =i ,=i
where &u=mean value of the borings in the uth mapping unit and the other
symbols arethe same as in eq.1.
The MSESwasestimated accordingto:
MSE s= MSE-MSE r
RESULTS AND DISCUSSION

In Table IIthe ME,MAE and MSE valuesaregiven for the moisture deficit
calculated for the maps at scales of 1:10,000, 1:25,000and 1:50,000.The estimated meanvalueofthemoisturedeficit (MV) forthestudyareabyaveraging
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(5)

TABLE II
Mean error (ME), mean absolute error (MAE) and mean square error (MSE) values for the average
moisture deficit (mm) in a 30-yearperiod under the present hydrological situation for three map scales
(the 95%confidence intervals for ME, MAE and MSE are given between brackets)
Scale 1:. . Mean
value
(MV)
(mm)

10,000

11.4

25,000

11.4

50,000

11.4

Mean
(ME)
(mm)

2.8
(1.9-3.8)
2.9
(1.9-3.9)
1.6
(0.4-2.8)

Mean
absolute
error
(MAE)

Mean square error
total
(MSE)

(mm)

(mm )

5.5
(4.7-6.4)
6.1
(5.2-7.0)
7.2
(6.2-8.2)

103
( 74-132)
120
( 89-151)
155
(116-194)

random
component

systematic
component
(MSE.)
(mm 2 )

%of MSE

13

13

90

87

13

11

107

89

65

42

90

58

(MSE r )
(mm")

% of MSE

alltheborings is 11.4mm.Becausethe boringsare moreorlessevenlydistributedoverthe area,thisvalueisconsideredtobethebestpossiblepredictionof
the average moisture deficit in the area. The mean error (ME) givesan indication ofthe quality ofprediction ofthisvalue from the RPD.The ME ranges
from 2.8 mm for the 1:10,000map to 1.6 mm for the 1:50,000map, indicating
an overall overestimation of the average moisture deficit by the RPD from
maps at allthree scales.The scale ofthe map hardly influences the prediction
of the average moisture deficit of the whole area. This means that someone
whoisonlyinterestedinanaveragevalueforthewholeareacanusethe1:50,000
soil map. This conclusion corresponds with the one reached by Wosten et al.
(1987).
The MAE givesan indication of the quality of the RPD for making predictionsatspecific locations.TheMAEvaluesrangefrom 5.5mmforthe1:10,000
map to 7.2 mm for the 1:50,000map. This means that from the 1:10,000 map
predictions for a particular spot in the area based on representative profiles
are on average 5.5 mm too low or too high, which is an error of 48%. With
increasingmapscalethe MAEdecreases.Fromthescaleof1:50,000to1:25,000
the MAE decreases by 1.1 mm. From the scale of 1:25,000to 1:10,000the decrease in MAE is smaller. The transition from a scale of 1:25,000to 1:10,000
yields only a small benefit in decrease of the mean absolute error. The MSE
has apattern similar tothe MAE.The transition from the scale of 1:25,000to
1:10,000alsoyieldsonlyasmallbenefit intermsofdecreaseofthemean square
error.An explanation for thisisthe small reduction inthe number of mapping
units, between the 1:10,000and 1:25,000 maps (Table I). The random component (MSE r ) in the MSE isquite large for maps at allthree scales.For the
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1:50,000map 58%ofthe MSE iscausedbythiserror,whichincreasesto about
90% for the scales of 1:10,000and 1:25,000.As shown by the MSES,the RPD
performs better at alarger scale.
In Table III the calculated ME, MAE and MSE values are given for the
changes in yields for scales of 1:10,000, 1:25,000and 1:50,000.The estimated
mean value for the study area is4.6% ha"1yr"1.This means that drawdown of
the water-table has a net positive effect on the yields in this area. The ME
ranges from -1.4 for the 1:10,000to -1.7 mm for the 1:50,000soilmap.AnegativeMEmeansanunderestimation oftheaveragechangeinyieldonthe basis
ofthe RPD's. Again,differences in quality between the three scalesare small.
The total mean absolute error (MAE) ranges from 3.3for the 1:10,000map
to 4.5 mm for the 1:50,000map. The values for the 1:10,000and the 1:25,000
mapsdiffer little.The MSE hasapattern similartothe MAE.Forthe1:50,000
map, 40%ofthe MSE iscausedbythe random error which increases to about
70% for scales of 1:10,000and 1:25,000.
The MSEScanbereducedbyimprovingthequality ofthe RPD,e.g.byusing
better estimation procedures. With an improved RPD it is,for instance, possible to reduce the MAESon a map with a scale of 1:10,000for the change of
yieldby 33% (Table III).The remaining>67% isa result of random errors and
cannot be resolved by improvement of the RPD. For the scale of 1:50,000improvement ofthe RPD wouldresult inapossiblereduction ofthe MSEby60%
(Table III). This means that improvement of the RPD is more effective at a
1:50,000 scale. Also for a moisture deficit, improvement of the RPD will be
most effective onthe scaleof 1:50,000 (Table II).
ComparingTables II and III wefound that for all scalesthe contribution of
the random component to the MSE is quite large. Due to this random component, studies with very detailed simulations that are based on data for one
point and that are extrapolated to a large area of land, have to be considered
with great scepticism. Very large errors can be made.
The individual farmer islessinterested inthe changeinyieldat aparticular
spot than for a field. In this study, we have no information about the 'real'
change in yield values for fields to check the quality ofthe RPD onthis point.
Weexpect,however,that the error made inpredictingthe valuefor afield will
be less than the error in predicting for points,because: (i) on all the scales a
large proportion of the MSE is caused by random errors, of which soil variability forms a large component; for a field, the differences in change in yield
duetospatialvariability arelikelytobeaveraged; (ii) thegrowthofcropsneed
not reflect allthe spatial variability observed in soils;the extent ofthe rooting
system hasthe effect of averaging variability.
CONCLUSIONS

Representative profile descriptions (RPD) gave reasonable results in this
study for predicting the average moisture deficit orthe change in yield for the
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total area. Amap scale of 1:50,000is sufficient for this purpose. When information has to be provided for point locations within the area, however, large
prediction errorsaremade.Theseerrorsdecreasewhenmapswithlarger scales
are used. The best prediction isobtained with a 1:10,000map,but the error at
this scale isstill quite large.Only small reductions ofthiserror arepossibleby
improvingthe RPD because ofthe large random component in the error.
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ABSTRACT
Bregt, A.K.,Bouma,J. and Jellinek, M., 1987.Comparison ofthematic maps derived from a soil
mapand from krigingofpoint data. Geoderma, 39:281-291.
Ageneral-purposesoilsurveywascarriedoutintheeasternpartofTheNetherlands.Athematic
map was derived from the produced soil map, containing basic soil data that are important for
soil-hydrological behaviour. Acomparable map was obtained by interpolation of data obtained
from the individual borings.The quality ofboth maps in terms ofpurity wastested by meansof
60 independent test borings.The purity of each of the maps was 77%,indicating no significant
difference in quality.

SCOPE OFTHE STUDY

Soil differs from place to place,both laterally and vertically. In normal soil
surveythesurveyordescribestheverticalvariationofthesoilbydistinguishing
different soilhorizons.The lateralvariation isdescribedbydelineating boundaries of soil units in the field. The surveyor analyses borings and interprets
landscapefeatures suchasreliefandvegetationpatterns.Heclassifies the soils
according to a classification system, which uses a variety ofbasic soil properties. Such general-purpose classifications are most useful for resource inventories and surveys for various types of land use. Various thematic and
interpretative maps can bederived from ageneral-purpose soilmap,e.g. maps
showingthe starting-depth of sand orboulder clay or maps showing suitabilities for grazingor forestry.
Soil variability can also be described by interpreting boring data by statistical methods. A review of soil-variability studies following classical procedures was presented by Beckett and Webster (1971). The use of classical
statistics in describing soil variability neglects, however, the spatial dependence between neighbouring observation points. In the last ten years, geostatistical techniques were developed to define this spatial dependence using the
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K(h)1=Co +

a1\h\+a3\h\3

K(/i) 2 =Co+a i | / i | + a 3 | h | 3 +a 5 | / i | 5

(6)

respectively, where K(h) =generalized covariance; Co=nugget variance; a0,
au a3,a5=coefficients to be determined.
Kriginginthepresence ofdrift iscalleduniversal kriging.More information
aboutthe krigingprocedure andtheory isgivenbyOlea (1975),David (1977),
Journel and Huijbregts (1978), and Kafritsas and Bras (1981).
MATERIALS AND METHODS

Study areaand soilmap
The studywascarriedouton soildatacollectedinthe surveyarea "Hupselse
Beek", which covers an area of650ha. It islocated in the eastern part of The
Netherlands, near Groenlo. From this area, a sample area of 125ha was considered for this study. The area consists of cover sand overlying miocene clay
and boulder clay. The boulder clay (glacial till) was deposited in an Early
Pleistoceneperiod.Adetailed soilmapwasmade at ascaleof 1:5000.The soils
were classified according to Soil Taxonomy (Soil Survey Staff, 1975) mainly
as Typic Haplaquods, Typic Haplaquepts, Plaggeptic Haplaquods and Typic
Udipsamments (see also Wosten et al., 1985). Mapping units of the soil map
weredelineated inthe field byusing soilboringsand byinterpreting landscape
features.Forthe soilmap, 198soilboringstoadepthof2mweremade. Profile
data are field estimates ofbasic soil properties.
The Dutchsoil-classification system,normallyusedfor detailedsoilsurveys,
mainly reflects properties of the horizons near the soil surface. When the soil
maphastobeusedfor hydrological interpretations, itshould,however, include
additional data of subsurface soil horizons that are expected to be important
for soil-physical properties. Therefore, additional observations were made of
textures and structures of all horizons.Also,the starting-depths ofgravel and
boulderclayormioceneclaywererecorded.Thedepthclassifications for gravel
andclaywereadopted from existingmappingcriteria,andtheywere presented
asoverlays on the soil map.
In the sandy surface sediments various types of soils were formed, which
differ mainly in thickness of the A horizon. These soils are underlain by a
sequence of gravel and clay sediments starting at various depths.
Thematic map derivedfrom soilmap
From the general-purpose soilmap,asdiscussed above,athematic map was
derived, containing soil data especially important for soil-hydrologicalbehav92

iour.Wosten et al. (1985) concludedthat inthis area differences inthe thickness of the Ahorizon and the starting-depths of gravel and boulder clay were
mainly associated with differences in soil-hydrological characteristics. This
wasconcluded on the basis ofmultiple measurements of hydraulic-conductivity and moisture-retention curves in the different soil horizons.
In the context of this study, the legend of the original thematic map, as
presented by Wosten et al. (1985), was somewhat simplified. The startingdepths of boulder clay and miocene clay were combined into one diagnostic
criterion. Instead ofthe thickness ofthe root zone,thethickness ofthe Ahorizon wasused here.
Thematic map obtained bykrigingofpoint data
In this study, athematic map was also obtained by krigingof soildata from
individual borings, as described below. The values for the thickness of the A
horizon and for the starting-depths of gravel and boulder clay were selected
from theindividualboringdescriptions.Thevaluesfor each soilproperty were
interpolated to a regular grid of 20by 25points. Interpolation wascarried out
usingthe universal krigingprogram AKRIP (Kafritsas and Bras, 1981). For
each property, the kriging procedure involved the following four steps: (1)
identification of the order (k) of the intrinsic random function, which indicates the order of the trend in the data; (2) determination of the coefficients
ofthe generalizedcovariance models appropriate forthepre-determined order
of the intrinsic random function; (3) selection of the best generalized covariance model; (4) application ofpoint kriging.
This procedure yielded an estimated value for the three soil properties for
every grid point. Next, the estimated values of properties at each grid point
were classified and combined with the same criteria as used for the thematic
map derived from soil map. The resulting grid map was transformed into a
polygon map using a grid-polygon conversion algorithm.
Validationprocedure
The quality ofboth mapswastested bycalculatingthepurity ofthese maps.
The purity, in terms ofpercentages, indicates agreement between test-boring
data and data according to the legends of both maps. Sixty test borings were
madeforcalculatingthepurity.The locationsofthesetestboringswerechosen
according to a procedure described by De Gruijter and Marsman (1985). By
this procedure, the study area was divided into 20blocks of 250 mby 250 m.
Twelveblockswereselectedrandomlywith replacement. Ineachselectedblock,
atransect waslocatedby determining a random starting-point. The direction
of the transect was selected at random from two alternatives: east-west and
north-south. The distance between the test points within the transect was
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50m.Fromthesixtytest locationsselectedthisway,onewaslocated onaroad
andwas dropped.
Forboth maps,twotypesofpurity measureswerecalculated, namely partial
purity and average purity. Partial purity is defined as the percentage agreement between one classification criterion of the map and the corresponding
property ofthetest borings.Average purity is defined asthe arithmetic mean
of all the partial purities (Marsman and De Gruijter, 1986). Three partial
purities and one averagepurity werecalculated for each map.
Calculationsofmappurity canbeperformed quicklyandeasily.Adisadvantage is that all deviations from the legend are equally weighted as they are
independent ofthe magnitude ofthe deviation.
RESULTSANDDISCUSSION

Thematic map derivedfrom soilmap
Thethematic mapderived from the soilmap (map 1) isshown inFig.1and
thecorrespondinglegendispresented inTable I.Intotal, 15different mapping
unitsweredistinguished. The mappingunits 15and 16covered large areas on
thismap.Map 1 contains41 delineatedareascomparedwith 110onthe detailed
soil map. Various areas on the soil map were combined because they did not
differ from a soil-physical point of view (Wosten et al., 1985). When a thematic map ismade from ageneral-purpose soilmap,the number of delineated
areas can often be reduced.
Thematic map obtained bykriging ofpoint data
For every selected soilproperty, calculations weremade for the order of the
intrinsic random function (IRF) and the generalized covariance that best
describesthe data (Table II). Thethickness ofthe Ahorizon andthe starting
depth ofgravelshownotrend inthe data ( k = 0 ) .The generalized covariances
(K(h)) of these properties are constant, which implies the occurrence of a
100% nugget variance. This, in return, means that no spatial structure in the
data isshown.Lack ofspatial structure doesnot implythat krigingshould not
be used. The AKRIP program will calculate unweighed average values based
on a limited number of surroundingpoints. This represents an optimal interpolation procedure when no spatial structure is present. Nugget effects are
causedbymeasuringerrors andvariation ofasoilpropertywithinthe shortest
sampling interval. In this study weare dealingwith estimated soil properties,
and measuring errors are expected to be considerable. These errors are probablythe main cause for the observed 100%nuggetvariance. Similar high nugget variances are reported by Burrough (1983) and Bregt (1985) when
describingthe spatial variability ofsoil properties.
94

Fig. 1.Thematic map derived from the soil map (map 1) of the study area of 125ha (legend in
Table I); the locationsofthe 60test boringsare indicated.

The single soil properties were interpolated to a regular grid. Through the
use of an allocation algorithm, results were combined into a grid map using
classification criteria identical to the ones used for map 1.The resulting grid
map was transformed into a polygon map. The latter map is shown in Fig. 2
and the corresponding legend is presented in Table I. Henceforth, this map
willbereferred toasmap 2.Map2contains63delineatedareas,compared with
41onmap 1.Thedifference iscausedbysmallareas,coveringasinglegridcell.
Comparingboth maps
The partial purity and the averagepurity were calculated for maps 1and 2
(Table III). Consideration of all properties together resulted in 77% average
purity for both maps. These results show that the quality of map 1does not
differ significantly from map 2.
The partial purity of the starting-depth of boulder clay was significantly
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TABLE I
Characteristics of 21units distinguished onone ofthe twooron both thematic maps
., . , ,
derived from
soil map

.

Thickness of
Ahorizon
(cm)
kriged

1

1
2
3

4

_
6
7
8

10

12
13
14
15
16
17
18
19

21

Starting-depth (cm below
surface)

-

<25
<25
<25
<25

5
6
7
8
9
10
11
12
13
14
15
16
17

_
19
20
21

boulder/miocene
clay

gravel

25-35
25-35
25-35
25-35
25-35
25-35
25-35
25-35
25-35
25-35
25-35
25-35
25-35

*
*
*

40- 120
120- 200

120- 200

*

< 40
< 40
< 40
40- 80
40- 80
40- 80
80- 120
80- 120
80- 120

*
*
*
*

>35
>35
>35
>35

4

< 40
40- 120

*
40--120
120-•200

*
40- 120
120--200

*
< 40
40- 120
120--200

*

80- 120

»

*
*
*

40--120
120--200

*

*= >200orabsent; -=unit notpresent on map.

lower onboth maps than the partial purities ofthe thickness ofthe Ahorizon
and the starting-depth of gravel.For map 1 this can beexplained by local soil
conditions. The topography of the surface of the boulder clay is independent
TABLE II
Selectedintrinsic random functions (IRF) for the three properties
Property
Thickness Ahorizon
Starting-depth gravel
Starting-depth boulder clay
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Order of
IRF
0
0
1

Generalized covariance
K(h)0 =63A
K(h)0= 9
K(h),= 0.1+45|/i| 3

0

60 100

250m
—1

Fig.2.Krigedthematic map (map2) ofthe study area of 125ha (legendin Table I).

TABLE III
Validation ofthe thematic mapderived from the soilmapand the krigedthematic map,based on
comparison between data from 60 independent borings (locations indicated in Fig. 1) and the
corresponding units ofthe twomaps (the 90%confidence interval isgivenin brackets)
Purity measure

Thematic map
derivedfrom
soil map

Partialpurity:thicknessAhorizon (%)
Partialpurity: starting-depth ofgravel (%)
Partialpurity:starting-depthofboulderclay (%)
Averagepurity:alldata (%)

80 (68-92)
83 (77-89)
68(57-79)
77 (72-82)

kriged

83 (71-95)
86 (75-97)
61(51-71)
77 (69-85)
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ofpatterns formed byvarious soilsinthe sandy surface layers and is therefore
difficult topredictfrom landscapepatterns.Thesoilsurveyorhastorelymainly
on hislimited number ofborings when delineating boundaries ofthe boulderclaysurface. This maybeexpectedto result inalowerpurity for this property.
The purity of the starting-depth of boulder clay is, however, even lower for
map 2.This issurprising because the intrinsic random function shows a clear
spatial structure, and one would therefore expect a better prediction by the
kriging method.
Theresultswerebasedontheuseofanempiricallydetermined classification
of the thickness of each horizon in each mapping unit. In retrospect, the
obtained purity ofapproximately 80% isindicative for whatturned out tobea
satisfactory legend, because this purity is commonly used as a guideline. For
example,soilsurveyinTheNetherlandsattemptstoachieveapurityofat least
70% (Buringh et al., 1962). Comparable USDA values range from 80to90%
(Soil Survey Staff, 1951).
CONCLUSIONS

No significant difference in quality in terms ofpurity was found between a
large-scalethematic mapderivedfrom ageneral-purpose soilmapascompared
with a similar map obtained bykriging ofpoint data.
Goodresultsobtainedinthisstudybyinterpretingsoilmapsare encouraging
for their future use,because they form awidelyavailable soil-data base.
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Determination of rasterizing error:a case study
with the soil map of The Netherlands
A. K. BREGT, J. DENNEBOOM, H. J. GESINK
and Y. VAN RANDEN
DLO-The Winand Staring Centre for Integrated Land, Soil and Water
Research, P.O. Box 125,6700ACWageningen, The Netherlands
Abstract. ThedigitalsoilmapofTheNetherlands(scale 1:50000)invectorform
wasrasterized usingthreesizesofrastercellandtwodifferent rasterizingmethods.
Therasterizingerrorswereestimatedforseveralmapsheetsofdifferent complexity
using the double-conversion method, the Switzer method and the Goodchild
method. The relationship between the complexity of the maps, indicated by the
boundaryindex,andtherasterizingerrorispresentedasaregressionequation.The
double-conversion method provided a better estimation of the rasterizing error
thantheothertwomethods.Differences oflessthan 1 percentwerefound between
the rasterizing methods used.

1. Introduction
In vector to raster conversion an error is introduced, the rasterizing error. The
influence of rasterizing method, size of raster cell and map complexity on this error
havebeenstudied,andthepurposeofthispaperistoreport theresultsofacasestudyof
the soil map of The Netherlands.
At the Winand Staring Centre a geographical information system with mainly soil
data has been established during the past ten years.One part of the system consists of
the soil map ofThe Netherlands at a scale of 1:50000,digitization of which in vector
form began ir 1976.Allthe map sheets(75)have now been digitized and were recently
rasterized, mainly to combine soil data with other geographical data. For example,in
thelandscape ecological mapping project ofTheNetherlands (Canters etal.1991),soil
data were linked with flora and fauna data in raster form. Organizations in The
Netherlandsalsorequirearasterized versionofthesoilmaptobeusedwithin their own
systems.
2. Map rasterization and rasterizing error
When rasterizing asoilmapitisnecessary toselecttheorientation ofthe raster, the
sizeofraster cell and the rasterizing method. In this study the orientation ofthe raster
waschosentobeparallel totheco-ordinate linesofthetopographical map.Both sizeof
cell and method of rasterizing are important factors influencing the rasterizing error,
which is also affected by the complexity of the map pattern.
2.1. Rasterizing methods and rasterizing error
Rastertovectorconversion and theresultingerrorsarisingfrom theseprocessesare
illustrated in figure 1.Infigure la afragment ofthesoilmapinvectorform ispresented
with two units A and B on which a raster with 16 cells has been superimposed
(figure lb). For rasterizing the vector map two methods were used: central point and
dominant unit rasterization (Wehde et al. 1980). With central point rasterization the
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Figure 1. Fragmentofsoilmap.AandBarearbitrarysoilunits,(a)Soilmapinvectorform;(b)
soil map in vector form with raster superimposed;(c)soilmapin raster form bycentral
point rasterizing of the original vector map; (d) rasterizing error by central point
rasterizing(shaded)(1....16arecellnumbers);(e)soilmapinrasterform bydominant unit
rasterizingoftheoriginalvectormap;and(f)rasterizingerrorbydominantunitrasterizing
(shaded)(1....16 are cell numbers).

soil unit on the vector map which is located at the central point of each raster cell is
considered to be representative of the whole cell (figure lc). With dominant unit
rasterization it is the soil unit occupying the largest area of each raster cell which is
considered to be representative (figure le). When more than one soil unit occurs in a
raster cell, an error appears. For example, in cell 2 (figure Id), the shaded area is
incorrectly considered tobepart ofunit A,asitisincells3,5,8,9and 12.Thereare also
cells(6,7,10,11and 14)wherepartsareincorrectly considered to bepart ofunit B.The
difference between cell 14in figure Id and that in figure Ifiscaused by the difference in
rasterizing method. The shaded area in figure Id and If is the total area incorrectly
classified by the rasterizing process. This area (the mis-match area), expressed as a
percentage ofthetotal area,forms therasterizingerror,which willbereferred toin this
paper as 'the error'.

2.2. Raster cell size
The relationship between sizeofraster cell and error has been discussed by Miiller
(1977)and Burrough (1986),whostatethat smaller rastercellsizeswillresult in smaller
errors.There are therefore advantages in making the raster cellassmall aspossible, on
the other hand, with smaller cells, the conversion time and the necessary storage
capacityincrease rapidly.Asizeofrastercellshould therefore bechosenwhereboth the
conversion timeand theerror are acceptable. In this study theerror wasevaluated for
three sizes of cell, 1 x 1 mm, 2 x 2 mm and 4 x 4 mm.
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2.3. Complexity of the map pattern
According to Switzer(1975)a relationshipexistsbetween theerror and complexity
of the map and the boundary index (BI) was used in this study as a measure of that
complexity (Bregt and Wopereis 1990). The BI is defined as the boundary length in
centimetres per square centimetre of the map and is calculated by dividing the total
length of the polygon boundaries by the surface of the map sheet.
Theerror wascalculatedfor 11 ofthe75soilmapsheetsofTheNetherlands,eachof
which has a surface area of 2000cm 2 , except sheet B (which covers 2750cm2). The
complexity ofthemapsheetschosen variesconsiderably,and theBIrangesfrom 0-2for
sheet A to 2-2 for sheet K. The boundary indices of the remaining soil maps of The
Netherlands fall within this range.

2.4. Measurements of the error
For thedetermination oftheerror,three different methods wereused,twoof which
were adapted from the literature and the third was developed by the authors.
The first method is described by Switzer (1975).According to Switzer (1975), the
error between two map units i and j can be estimated by
f..=0-76i>lij/iVl -0-19P2JJ/JV2

(1)

where:F^= that part of the map that belongs to map unit ibut is represented as map
unit j ; Piij= the number of cell pairs (horizontal and vertical) that lie in the different
map unitsiandj at adistance ofonecellwidth;N1= the total number ofcellpairsat a
distance of one cell width: N\=4{XY) —2(X +Y), where X = number of columns,
Y= number ofrows; P2 ij= the number ofcell pairs (horizontal and vertical) that liein
thedifferent map unitsiandj at a distance oftwocellwidths;JV2= thetotal number of
cellpairsat a distance oftwocellwidths;N2 =4{XY)—4(X + Y), where X = number of
columns, Y=number of rows.
The total error, F;, of map unit i is given by

Fi=Infixed)

(2)

The total error, F, for the entire map is given by

F=t'Fi

(3)

>-i

where k=number of map units.
The second method isthat described by Goodchild (1980),based on theconcept of
fractals. Goodchild (1980) changed the parameters in equation (1) to
F i j =0-60Pl i j /JVl-0-llP2 i j /N2

(4)

The next steps are similar to those described by the Switzer [equations (2) and (3)].
Thethird method isthedouble-conversion method,according towhichamap sheet
israsterized twice.First,a normal vector to raster conversion isundertaken (1x 1 mm,
2x2mm,or 4x4mm,seefigure2b),theproduct ofwhich iscalled thebase raster. The
map sheet is then rasterized again, but with a much smaller raster cell size (e.g.
01 x0-1 mm) to produce the fine raster (figure 2d). Subsequently, the map unit of the
finerasteriscompared with thecellofthebaseraster.Iftheydiffer, that part ofthe base
raster occupied byacellofthefineraster hasbeen incorrectly coded.The total error is
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Figure 2. Calculation ofthe error using thedouble-conversion method,(a)Fragment ofsoil
map with units Aand B;(b) rasterizing to 'base raster'; (c) rasterizing error (shaded);
(d)rasterizingto'fine raster';and(e)estimation oftheerror bycomparingthefine raster
with the base raster.

the sum of all cells in the fine raster with a code that differs from the base raster
(figure 2e).
Using the double-conversion method it is possible to calculate the error with any
desired accuracy. It was found that a fine raster of 0-02x0-02mm, 0-1x0-1 mm, or
0-2x0-2mm influences the error only in the second decimal place, and to limit
processing time, a fine raster of 0 1 x0 1 mm was chosen for further studies.
3. Results and discussion
The errors for the 11map sheets using the double-conversion method are given in
table 1.Theerrorforarastercellof4 x4mmincreased to20percentfor acomplex map
(K),twicethatfor arastercellsizeof2x 2mm(whichinturn wasalmosttwicethe error
for a raster cell size of 1 x 1 mm).
From table 1 it can be seen that a relationship exists between map complexity and
error, thelatterincreasing with an increasing valueofBI.The relationship between the
BIand theerror ispresented in figure 3,which showsa linear relationship between the
two values. The calculated regression equations are given in table 2.The percentage
variance explained by the regression equations waslarge,indicating a goodfit,so that
when the boundary index is known for a map sheet, the error can be predicted using
these equations.
Table 1shows that for raster cells of sizes l x l mm and 2 x 2 mm the difference in
errorbetweencentralpointanddominant unitrasterization isverysmall.For acellsize
of4 x4mm,the difference wasapproximately 0-5percent(with oneexception for map
sheet J, where the difference was 0-9 per cent). For larger cell sizes dominant unit
rasterization gave a smaller error than central point rasterization. The difference in
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Table 1. Rasterizingerrorof11 mapsheetsforthreerastercellsizesandtworasterizingmethods,calculated
using the double-conversion method.
Error for raster cell
2 mm x 2mm

1mm x 1 mm
Map
BI
sheet (cm"')
A
B
C
D
E
F
G
H
I
J
K

0-20
0-91
111
131
1-42
1-47
1-85
1-94
1-97
201
2-17

sizes(%)
4 mm x 4 m m

Cent.

Dom.

Diff.

Cent.

Dom.

Diff.

Cent.

Dom.

Diff.

0-5
2-2
2-6
31
3-4
3-5
4-3
4-6
4-7
4-8
5-3

0-5
2-2
2-6
31
3-4
3-5
4-3
4-6
4-7
4-7
5-3

00
00
00
00
00
00
00
00
00
0-1
00

0-9
4-3
5-2
6-2
6-7
6-9
8-5
9-2
9-3
9-4
10-5

0-9
4-3
51
61
6-6
6-8
8-3
91
9-2
9-2
10-3

00
00
0-1
01
01
01
0-2
01
01
0-2
0-2

1-7
8-3
9-7
11-6
12-8
13-6
160
17-8
180
17-4
20-2

1-7
80
9-2
111
12-2
13-3
15-6
17-4
17-4
16-5
19-7

00
0-3
0-5
0-5
0-6
0-3
0-4
0-4
0-6
0-9
0-5

BI=Boundary index; Cent.=central point rasterizing; Dom.=dominant unit rasterizing; Diff.=differences in error between Cent, and Dom.
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o> 10
Raster cell size

5-

o

4mm x 4mm

•

2mm x 2mm

A

1mmx1mm

Boundary index (cm .cm )

Figure 3. Relationship between rasterizingerror(centralpoint rasterizing)and BIfor 11 map
sheets three raster cellsizes.
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Table 2. Relationship between rasterizing error, calculated using the double-conversion
method,andtheBIforthreerastercellsizesandtworasterizingmethodsforthe 11 map
sheets.
Rasterizing
method

Raster cell
size (mm)

Regression
equation

Explained
variance (%)

Central
Dominant
Central
Dominant
Central
Dominant

lxl
lxl
2x2
2x2
4x4
4x4

E= 24BI
E= 24BI
E= 4 7BI
E=4-6BI
E= 90BI
E= 8 7BI

99-8
99-8
99-8
99-8
99-4
990

E=Rasterizing error (%);BI=boundary index (cm/cm2=cm ').

Table 3. Comparison between rasterizing error (central point rasterizing),using the doubleconversion method (DCM), and the calculated error using the Switzer (1975) and
Goodchild (1980)equations for a raster cell size of 2x2mm.
Switzer
(1975)
Map
sheet
A
B
C
D
E
F
G
H
I
J
K

Goodchild
(1980)

Error
DCM

Error

(%)

Difference with
DCM

Error

(%)

(%)

Difference with
DCM

0-9
4-3
5-2
6-2
6-7
6-9
8-5
9-2
9-3
9-4
105

10
50
5-6
6-9
7-9
11
9-4
10-8
10-5
117
12-3

01
07
0-4
07
1-2
08
09
1-6
1-2
2-3
1-8

10
4-6
5-2
6-4
7-2
7-3
8-8
9-9
9-8
103
11-3

01
03
00
02
05
04
03
07
05
09
08

errorbetween thetwomethodsdid not increasewithanincreaseintheboundary index;
map complexity seems to influence the error equally for both methods.
In the results presented so far the double-conversion method was used for
calculating theerror. For a rastercellof2x 2mm acomparison wasmade between this
method and the methods adapted from the literature (Switzer 1975,Goodchild 1980).
These results are presented in table 3.In allsituations the latter methods overestimate
the error, although Goodchild's equation gives a closer estimate than that of Switzer.
Although the soil map of The Netherlands at a scale of 1:50000 was used in this
study fortheestimation oftheregressionequations,theuseoftheequations obtained is
not restricted to this particular map. The BI is presented in map co-ordinates, which
makes the equations independent of map scale, so that they can be applied to other
vectors maps if raster cells of 1 x 1 mm, 2 x 2 mm, or 4x4mm are used.
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The advantages ofusing these regression equations are that they provide better
estimate ofthe rasterizing error than dotheSwitzer (1975) andGoodchild (1980)
methods;theycan easily beapplied,sinceonlycalculation oftheBIisrequired;and the
rasterizing error can beestimated before rasterizing themap.The disadvantage is that
their scopeislimited inpossible sizesofrastercellsand BIinterval,whereas the Switzer
(1975) and Goodchild (1980) methods can be applied inallpossible situations.
4. Conclusions

When avector map has tobe converted into araster map with cells of 1x 1mm,
2 x 2 mm or 4x4mm, the rasterizing error can beestimated simply by calculating the
BI and using the regression equations calculated inthis study (Table 2).
The difference in rasterizing error between central point and dominant unit
rasterization isvery small, especially for raster cells,of 1x 1 mm and 2 x 2 mm. Fora
cell of4x4mm dominant unit rasterization gives a smaller rasterizing error than
central point rasterization. Map complexity influences the rasterizing error equally for
both methods. Thedouble-conversion method provides a better estimate ofthe
rasterizing error than theequations proposed by Switzer (1975)and Goodchild (1980).
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ConstructionofIsolinear MapsofSoil Attributes with Empirical ConfidenceLimits
A.K. Bregt,* A.B. McBratney, andM.C.S. Wopereis
ABSTRACT
Moisture-deficit data were obtained at398 point locations inthe
Mander area intheNetherlands bysimulation using soil-profile
attributes.Fromthisdataset,atestsubsetof75pointswasselected
atrandom.Thetestsetwasusedtoselect thebestoffour prediction
procedures:ordinary anduniversalkrigingwiththeoriginaldataset,
andordinary anduniversal kriging withalog-transformed dataset.
The mean square errorofprediction (MSEP) was used to evaluate
prediction quality. The lowest MSEP ofprediction was obtained
using ordinary krigingofthe untransformed data.Ordinary kriging
was then used to predict moisture deficits and estimate their associated krigingvariances atpointsona50by50m grid.Theaverage
ratioofactual square errorsofprediction tothe estimated kriging
variances atthe75test locations was used toadjust thekriging
varianceestimatesontheregulargridtogetmorerealisticestimates.
Theseempirically derived,morerealisticestimated krigingvariances
werethenusedtoconstruct anisolinear mapofmoisturedeficit with
confidence limits. The resulting map showed that, inmost of the
region understudy, the90%confidenceinterval formoisture deficit
contains 15 mm.This typeofmapallows the user toobtain confidence limitsaswellasthepredicted valueforanypointonthemap.

A

NISOLINEAR OR ISARITHMIC MAPisa planimetric

graphic representation of a three-dimensional
volume (Dent, 1985). The lines onan isolinear map
connect points with equal value. There area large
number ofnamed isolines, e.g.,isohypse or contour
for elevation, isobar for atmospheric pressure, isotherm for temperature,and isobront for occurrence of
thunderstorms (Thrower, 1972).
In soil science, isolinear maps have been usedby
variousauthorsfor thepresentation ofcontinuoussoil
attributes; they have notyetobtained wide recognition, however, and are not used routinely.These maps
are usually constructed from soil punctual data intwo
steps. Inthefirststep,a grid isproduced from point
observationsby interpolation. Thiscan betermedprimary interpolation. For this primary interpolation,
many different techniques may beused, e.g., inverse
squareddistanceinterpolation,Akima's interpolation,
Laplacian smoothing splines, andkriging (Laslett et
al., 1987). Thenext orsecondary interpolation stage
positions the isolines with respect to thegrid. Generally, linear interpolation is used, as it is assumed
that the grid inthe primary interpolation stageisfine
enough forthis tobeadequate. Kriging hasbecome
popular in soil science asthe primary interpolation
technique.Thispopularityispartlyduetothefact that,
besidesaprediction grid, ameasure ofthe predictor's
precision (estimated krigingvariance) isalso obtained
for every grid point.
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Published inSoil Sci. Soc. Am. J.55:14-19 (1991).

Isolinear mapsofsoilattributesproduced bykriging
and associated estimated kriging variance maps have
beenpublishedby,amongothers,BurgessandWebster
(1980a,b), Byersand Stephens(1983),Dubrule(1984),
McBratney etal. (1982), Royle etal. (1981), Webster
and McBratney (1987), Webster andBurgess (1980),
and Yost etal. (1982). They allpresent the estimated
kriging variances onaseparate map. These maps can
be used toidentify sparsely sampled areas.
Someauthors(Philipand Watson, 1986;Srivastava,
1986; Henley, 1987)doubt the valueofthe estimated
kriging variance. Laslett etal. (1987) showed that the
sum ofthe estimated kriging variancesat64test sites
for soil pH(H 2 0 andCaCl2) was considerably lower
than the sum ofsquared differences between observed
valuesatthese 64test sitesand their values predicted
from grid points.
Thepurposeofthisstudywastodevelopprocedures
for obtaining an empirically derived, more realistic
estimation of the kriging variance andfor theconstruction ofisolinearmapswith confidence limits.The
kriging technique that was used wasselected bycomparing theinfluence ofstationary andnonstationary
conditions onthekriged predictions.
THEORY
Krigingwasusedinthisstudyastheprimaryinterpolation
or spatial-prediction technique. The technique isbased on
the theory ofregionalized variables(Matheron, 1965, 1971,
1973;Journel and Huijbregts, 1978).Any variable,distributed in space, isbydefinition regionalized. Examples are
geological,hydrological,ecological,and pedologicaldata.
Krigingiscarriedout intwosteps.Thefirststepinvolves
modeling the spatial structureofthe regionalized variable.
Thespatialstructurecanbedescribedbythesemivariogram,
inthecaseofstationary conditions,and bytheorderofthe
drift and thegeneralizedcovariancefunction, inthecaseof
nonstationary conditions.Inthe second step ofthekriging
procedure,theselected modelforthespatialstructureisappliedtothedatasettopredictvaluesatdesiredand(usually)
unmeasuredlocations.
The valuei(x)atapointx ispredicted byalinearcombination ofthe valuesofnsurroundingdatapoints:
s(*o)=

^,s(x,)

[1]

where \, istheweight ofthe t'th neighboring value, s(x0)is
the predicted value, and s(.x,) isanobserved value. Kriging
is optimal in the sense that it is the best linear unbiased
estimator (BLUE) ofs(.v0):
E[f(x0) - s(x0)] = 0
var [s(.r0) — s(.x0)] is a minimum

[2]
[3]

An interesting by-product ofkriging isthe estimated kriging
variance. This variance isgenerally used as ameasure of the
goodness dtprediction, it dependson the data configuration
and themodel 6tthe spatial structure ofthe data and is not
related to the value of the data points directly (Journel,
1986).
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MATERIALS A N D M E T H O D S
The Data
The data used in this study were obtained from the Mander area in the eastern part of the Netherlands. In this area,
watertablesarelowered asa resultofgroundwater extraction
for the drinking-water supply. The necessary data for predicting the influence of groundwater extraction on the production ofgrassland were obtained by a detailed soil survey
in 1985(Bregt and Beemster, 1989; Wosten et al., 1987). In
the Mander area of 404 ha, 528 soil borings were made. The
separate soil horizons described from each boring were allocated to various soil physical horizon classes with known
physical attributes (Wosten et al., 1985). Using these attributes as input data, the sensitivity of the soil to lowering of
the water table was estimated by the dynamic simulation
model proposed by De Laat (1980). A water balance was
estimated for each boring for successive 10-d periods for a
30-yr period. Moisture deficits were calculated for two hydrological situations, one before water extraction and one
after water extraction. For this study, attention was focused
on the moisture deficit in millimeters for the 30-yr period
after waterextraction, which, for the sakeofbrevity, we refer
to here as the moisture deficit.
A rectangular subarea of 270 ha was selected out of the
irregularly shaped 404 ha. This subarea contained 330 boringsbut,tolimit theboundaryeffect inthekriging procedure,
an additional 68 points were used outside the subarea for
kriging (Fig. 1). For the evaluation of the quality of kriging
predictions, 75 borings were selected at random from the
data set within the subarea to serve asa test set (Fig. 1).The
moisture-deficit data without the test points have a mean of
10.5mm and a standard deviation of 15.5mm. A stem-andleaf diagram of the moisture-deficit data without the test
points is presented in Figure 2.
Statistical Procedures
Recently, Hamlett et al.(1986)stated that nonstationarity
should always beconsidered when analyzing the spatial variability ofsoil properties. In ourcase,there was indeed some
reason to suspect a trend in the data (Stoffelsen and van
Hoist, 1985). Moreover, because ofthe skewness ofthe original data set, the possibility of transformation to approxi-

mate normality also had to beconsidered. Bearingthese two
factors in mind, we carried out four sets of structural analysis: two for the untransformed dat and two for log-transformed data. Data were transformed by z(x) = log[?M +
0.05]. The small constant 0.05 was added because the minimum of the data set was 0. For each of the untransformed
and log-transformed data sets (323observations), structural
analyseswereperformed by(i)estimating the semivariogram
using the method described by McBratney and Webster
(1986) (assuming stationarity), and (ii) estimating the order
of the drift, k, and the generalized covariance function by
thejackknifing procedure ofDelfiner (1976)(assuming nonstationarity).
After having found the four possible structural models,
spatial prediction at each of the 75 test locations was performed by ordinary kriging in the case of a semivariogram
and by universal kriging in the case of a drift and a generalized covariance function. Ordinary kriging wascarried out
by a kriging program developed by McBratney (1984); universal kriging wascarried out byAKRIP(Kafritsasand Bras,
1981).
Aconsequenceofkrigingon log-transformed data (Journel
and Huijbregts, 1978) is the need for back-transformation
of the resulting predictions.Journel and Huijbregts (1978, p
572) give the following solution:

10**' * *P - 0.05
six)
where z(x) is the predicted value and s2k is the estimated
kriging variance of the log-transformed data.
Decimal point is at the c o l o n

0:00001till2223333444555666666777889
1000011222222223333333344455556666666666788999999
20000122222223334444444445556677788888
30011111223444444455566666667788889999
4:0112344455566677777788889
500112222233444567
6:12344444688
7:0001113469
8:111367779
9:699
10:26
11:0223346678
12 1222449
13:11667
14:234788
15
160026
17:1338
18002
1906
207
21 6999
22 9
23 55
24 67
25
H i g h : 2 7 . 4 2 9 . 2 3 0 . 7 3 0 9 3 3 . 4 3 3 . 9 3 4 . 2 3 4 . 2 35 35.1
High: 35.3 35.7 36.8 37.3 37.6 37.9 39.3 39 9 40.5 41.4

250 5

251 0

2520
x coordinate

H i g h : 4 1 . 6 4 2 7 4 3 . 9 4 4 4 4 . 2 4 5 . 3 4 5 . 4 4 5 . 5 48.9 53 7

o data points used in the kriging procedure

High 54.8 5 7 . 2 6 0 . 6 6 5 4 6 7 . 8 79.1 8 3 . 9 9 0 2 99.1

* test point

Fig.2.Stem-and-leafdiagramofthemoisture-deficit data(mm)used
in the krigingprocedure.

Fig. I . M a p with locations o f borings.
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251 5

[4]

49d 5

250 5

Fig. 6. Perspective view of kriged moisture deficits.

2520
x coordinate

Fig. 4. Isolinear map of kriging variance (mm2) estimated on a 50
by 50 m grid by ordinary point kriging.

2520
x coordinate
isoline
upper confidence limit of the 90% confidence interval
lower confidence limit of the 90% confidence interval

Fig. 7. Isolinear map of moisture deficit (mm) with empirical confidence limits.
2505

2510

2515

2520

xcoordinate
Fig. 5. Isolinear map of moisture deficit (mm) estimated on a 50 by
50 m grid by ordinary point kriging.

underestimation probably arises because kriging assumes the semivariogram or generalized covariance
function to be known without error. Clearly, this is
not the case and the lack of uncertainty in the semivariogram leadstoamarked deflation ofthe estimated
kriging variance relative to the true variance.
An isolinear map of moisture deficit is presented in
Fig. 5. The variable shows very little variation over
the area studied, except in the upper right corner. In
this part of the region, the highest moisture deficits
are reached. This isalso evident from the perspective
view given in Fig. 6. Referring back to Fig. 1,we see
that there were only a few test points in this area; this
might explain the good performance of ordinary, relative to universal, kriging. In Fig. 7, empirical confidence limits were added to the map as short dashed
lines for the lower confidence limits corresponding to
the 90% confidence interval, and unevenly dashed
lines for the upper confidence limits corresponding to

the 90%confidence interval. This type of map allows
the user to obtain confidence limits, as well as the
predicted value, for any point on the map. For example, in Fig. 7,ifwelook at the point x = 252.0 and
y = 495.6, we can, by visual linear interpolation, obtain a predicted value of 37 by concentrating on the
solid isolines only, and values of 14 and 57 for the
lower and upper 90%confidence limits by referring to
the short and unevenly dashed isolines, respectively.
As a check, we see that the confidence limits are approximately symmetric about the predicted value,
which they should be using the normal distribution.
It can be seen from this map that the 90% confidence
interval for moisture-deficit predictions contains 15
mm for almost the complete region under study. This
isillustrated in Fig.8,wherethisareaisshaded. Figure
9 shows the area where the 90% confidence interval
for moisture-deficit predictions contains 30 mm.
These results have a great impact on the financial
consequences ofwaterextraction. The resulting moisture deficits are translated into yield changes and finally, in practice, into a financial cost to farmers
(Wosten etal., 1987).The resultsshowthatan accurate
estimation of costs is not easily made.

115

Table 1.Selected modelsfororiginalandlog-transformed datausing
ordinary and universal kriging.The variable his the distancein
km between twopoints.[S(k) = 1,if|* >0, otherwise,5(A) - 0]

In order to determine the best of the four prediction procedures in practice, we used the statistical relation (Kempthorne and Allmaras, 1986):
MSEP = variance + (bias) 2

[5]

The MSEP measure was estimated by
MSEP

£lM*,)

s'(x,)]2

where s(x,) and s(x,) represent actual and predicted values,
respectively, at the 75 test locations.
The kriging technique and data set that gave the lowest
MSEPvalue wasselected. With theselected technique, moisture deficits were predicted and associated kriging variances
were estimated at points on a 50 by 50 m grid.
We calculated the ratio of actual MSEP to average estimated kriging variance at the 75 test locations. The estimated kriging variances on the 50 by 50 m grid were
multiplied by this ratio to give more realistic estimates.
The adjusted kriging-variance estimates were used to determine confidence intervals for each point predictor on the
50by 50m grid. For the calculation of a confidence interval,
a distribution function was also needed. Journel and Huijbregts (1978, p. 15) advised use of the standard Gaussian
distribution. In our study, 90% Gaussian confidence intervals (± 1.655R, where sR is the realistic estimated kriging
standard deviation) were calculated.

Order
of trend

Form of
kriging

Fitted model for generalized
covariance function K(k)or
semivariogram 7(A)

0
1
0
1

Ordinary
Universal
Ordinary
Universal

y(h) = 71 6(A) + 138.2A
K(h) - 81.6 5(A)
y(h) = 0.172 5(A) + 0.296A
K(A) = 0.2036(A)

None
None
Log
Log

Table 2. Mean square error of prediction (MSEP) of the four kriging
procedures.
Form of
kriging

Data
transformation

Ordinary
Universal
Ordinary
Universal

None
None
Log
Log

MSEP
mm2
151
156
176
196

g 200

3 150
z
E 100

Mapping
Once predictions on a regular grid are obtained (at the
primary interpolation stage), the position of isolines on the
map can be determined (at the secondary interpolation
stage). In our study, the location of the isolines was calculated by linear interpolation of adjacent grid points. Reemphasizingthe point made above, linerinterpolation wasonly
used in the secondary interpolation stage because the grid
from the primary interpolation was fine enough to define a
prediction surface for which linear interpolation isadequate.
Separate maps for predicted moisture deficits, upper confidence limits, and lower confidence limits were plotted. By
overlaying and omitting upper- and lower-confidence isolines outside the range of the predicted values, an isolinear
map ofmoisture deficit with empirical confidence limits was
obtained.
RESULTS A N D DISCUSSION
The structural models for the four prediction procedures are presented in Table 1. Log transformation
had little effect on the form of the models. Linear semivariograms with large nugget effects were selected for
ordinary kriging for both data sets. For nonstationary
kriging, drifts of Order 1 were found with associated
generalized covariance functions showing pure nugget
effects. Both approaches, i.e., semivariogram and generalized covariance function, suggest a similar model
for the data: a gently sloping planar trend across the
study area with a large-amplitude short-distance random component.
Estimates of the MSEP of the four kriging procedures are presented in Table 2. Ordinary kriging on
the original data gives the lowest MSEP value, followed by universal kriging on the original data.
Log transformation of the data produced higher
MSEP values, which perhaps agrees with Puente and
Bras' (1986) findings concerning nonlinear estimators.
Ordinary kriging performed quite well, although there
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[6]

Data
transformation

<
>
2

50

LU
CO

0.00

0

0.25

050
0.75
DISTANCE (KM)

1.00

Fig.3. Semivariogramofmoisturedeficit usedintheselectedkriging
procedure.
was a significant trend in the data. Similar results were
reported by Yost et al. (1982), who stated that ordinary
kriging seems to be quite robust to certain degrees of
nonstationarity. The predictions on a 50 by 50 m grid
were, therefore, made using the simplest method, i.e.,
ordinary kriging with the original data set. The semivariogram used in the kriging procedure is presented
in Fig. 3. A m a p of the resulting estimated kriging
variances is presented in Fig.4. The variance estimates
range from 83 to 106 m m 2 . The largest values are
found on the right of the map, which is the result of
the lower density of data points in this area (Fig. 1).
The mean estimated kriging variance (MKV) at the
75 test locations using ordinary kriging was 89 mm 2 .
This value clearly underestimates the MSEP (Table 2):
151 m m 2 . Laslett et al. (1987)calculated the percentage
underestimation (U) of the estimated kriging variances
at 64 test sites predicting soil p H (H z O and CaCl 2 )
using different kriging techniques. The values for U
ranged from 22 to 77%. In this study, U has a value
of 70%. We decided to adjust the variances on the 50
by 50 m grid by a factor M S E P / M K V = 151/89 to
get more realistic kriging-variance estimates. By doing
this, we assumed that the kriging predictions were unbiased (bias = 0 in Eq. [5]).
The underestimation of the true kriging variance
may arise for several reasons, one of which is the misspecification of the model. We believe, however, the

2515
252 0
isoline
x coordinate
upper confidence limit of the 90% confidence interval
lower confidence limit of the 90% confidence interval

2515

2520
x coordinate
upper confidence imit of the 90% confidence interval
imit
of
the
90%
confidence
interval
tower confidence

isoline

Fig.8.Mapshowingthesetofallthelocationsx (shaded)forwhich
the90%confidence interval for moisture deficit contains 15mm.

Fig.9.Mapshowingthesetofall thelocationsx (shaded)forwhich
the90%confidence interval for moisturedeficit contains 30mm.

CONCLUSIONS
Moisture deficits of the Mander area in the Netherlands were predicted on a 50 by 50 m grid using
ordinary kriging. Universal kriging or log-transformation of the data did not reduce the mean square
error ofprediction obtained by ordinary krigingat test
locations, inspiteofasignificant trend in thedata and
the skewness of the distribution. It is salutary to note
that the simplest model gave the best predictions, suggesting we should apply Occam's razor even when
more complex methods seem appropriate. The ratio
of mean square error of prediction to the average estimated kriging variance at the test locations was used
to upgrade the kriging variances on the predicted grid
to obtain more realistic estimates. We expect that
more realistic kriging-variance estimates can be obtained in the future byan iterative procedure in which
our modification of using a ratio of square errors is
only the first step. Where estimates of kriging variances are required to obtain realistic uncertainty information on predictions, we suggest following a
procedure suchastheonepresented here,atleast until
further theoretical advancescan bemade.The realistic
kriging-variance estimates were used to construct an
isolinear map with 90%confidence limits, assuming a
normal distribution of the experimental errors. This
typeofmaphasgreat value inshowingthe uncertainty
in the mapped attribute, allowing users to obtain the
predicted moisture deficit, along with its 90% confidence limits, at any point in the region. In our example, the resulting map shows that the 90%
confidence interval for moisture deficit contains 15
mm for almost the complete region under study. To
obtain a more realistic picture of any mapped attribute, construction of isolinear maps including confidence limits is strongly recommended.
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ABSTRACT
Inastudy areaof410ha, located in aregion with acid sulphate soils inIndonesia,790
soilobservations weremadeat aregular gridof75x75m.Additionally, 74testobservationsweremade,randomlydistributedoverthearea.Thevariable"depthtothepyritic
layer" was selected for this study.
Twodifferent methodswerepresented for theproductionofconditional probability
mapsofthisvariable.Thefirstmethodisbasedontheuseofkriging.Thesecondisbased
ontheuseoftheinversedistancespatialpredictiontechniqueandtestpoints.Bothtechniques were used to predict values of the variable for a grid of 25 x 25 m. Besides
predictedvaluesfor everygridpoint,anestimationofthepredictionerror,expressedas
thestandarddeviation,wasalsomade.Krigingproducesthisstandarddeviationautomatically.Withtheinversedistancetechniquethestandarddeviationwasestimatedusingtest
borings.Thestandarddeviationsobtainedwereusedtocalculateconfidenceintervalsfor
each grid point.
Results arepresented in maps showing theprobability that the depth tothepyritic
layer exceeds 50cm. Only small differences were found between theprobability maps
produced using the two procedures.

INTRODUCTION
In soil science, maps are generally used to present the spatial distribution of
soil variables. These maps are produced either by the soil surveyor delineating
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areas in the field or by spatial prediction from point observations, using a
mathematicalprediction technique (Bregtetal., 1987;Laslettetal., 1987;Bouma,
1989). Choropleth and isolinear maps are quite popular as map forms. On
choropleth maps,areaswith equal valuesfor aquantitative variable are separated
by boundaries. On isolinear maps points of equal value are connected by lines
(Dent, 1985).
When using spatial prediction to produce a map from point observations
prediction errors occur.Theseerrors,however, arenotpresented onthe map.The
maps produced suggest that the actual situation is being presented, which could
bemisleading for amapuser.Theuncertainty intheinformation should, therefore,
be made visible. This would enable land-use planners to take into account the
uncertainty of the provided information in the planning process.
Recently,Bregtetal.(1991)andWebsterandOliver (1989)presented methods
to incorporate the prediction uncertainty in the map itself. Bregt et al. (1991)
constructed isolinear mapswithconfidence limitsusingkriging.One disadvantage
of their method is that thereadability of the mapdecreases due to the increasing
number of lines. Webster and Oliver (1989) use disjunctive kriging to delineate
areas where predicted valuesexceed athreshold andrepresent thisprobability on
the same map. Using the disjunctive kriging technique the original data is transformed.
In this paper two procedures for producing probability maps are presented.
Thefirst usesthe simpleinversedistance spatialprediction method,however, any
other spatialprediction technique could havebeen used.The secondusestheconceptional, more complicated kriging technique without data transformation. The
results of both procedures are compared.
The data used in this study were obtained from a survey in an area with acid
sulphate soils in Indonesia (South Kalimantan). The variable depth to the pyritic
layer was used. The presented study focused on the presentation of this variable
in the form of conditional probabilities. Research on the optimum observation
density for mapping depth to the pyritic layer isreported by Bregt et al. (1990).
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MATERIALS AND METHODS
Study area
Thestudy wasmadeinthePulauPetakregion inSouthernKalimantan, Indonesia.
PulauPetak islocated westof thetown ofBanjarmasin, between therivers Barito
and Kapuas Murung. The Pulau Petak region is about 210 000 ha; 90 km long
and 20-30 km wide. The area is part of a coastal plain in which physiographic
units such asalluvio-marine plains,levees,coastalridges, oldriverbeds and peat
domes can be distinguished (Janssen et al., 1990).
The areais situated inawettropical climate,with anaverage annual temperature of 27°C and an average annual precipitation of 2200 mm. The climax vegetation isfresh water swamp andpeat forest, with riverine forest onthelevees and
salt and brackish water vegetation along the coast. Due to human activities most
ofthenatural vegetation hasdisappeared. Inthepresent situation,reclaimed areas
withricefields, abandonedricefields andsecondary, acidtolerant vegetation can
be found.
The conditions along the coast, with mangrove vegetation and continuous
marine sedimentation are typical for the formation of pyrite (Pons and Van
Breemen, 1982; Dent, 1986). As a result, the soils in the Pulau Petak region are
dominated by potential and, after drainage, actual acid sulphate soils.
Soil survey
Within thePulau Petak region adetailed soil survey was made in a study area of
410 ha (the Belawang area) located in an alluvio-marine plain. In the study area,
soilpatternscannotberevealedfrom landscapefeatures, sothesoilsurveyor must
relymainlyonhissoilprofile observations.Augerboringsweremadeinaregular
grid of 75 x 75 m. To get an impression of the short range variation, additional
observations near some of the grid points were made at distances of 1,5 and 25
m. In total 790borings were made,which in thisarticle arereferred to as "observation points" (193 observations/km ). Besides the observation points, 74 extra
borings were made to serve as a test set (test points). The locations of the test
points were selected by a random procedure.
At the observation and test points several soil characteristics were recorded
in the field and soil samples were taken for analysis in the laboratory. Potential
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and actual acidity were determined for each sample, using the method described
by Konsten et al. (1988).
Inthisstudy thedepth from thesurface tothepyriticlayeristhemain variable
of interest. This variable determines to alargeextent theagricultural possibilities
ofthesoil.Thepresenceofpyriticmaterial intherootingzonemay,after drainage,
cause severe acidification which restricts the development of plant roots.
Thefollowing operational definition for thevariable depth tothepyritic layer
was used:
"If in asoil horizon thepotential acidity exceeds 32mmol H + per 100gsoil,
the depth from the surface to the top of this horizon is considered to be the
depth to the pyritic layer."
The value of 32 mmol H + per 100 g soil is the equivalent of 0.75% total S,
used as a criterion for pyritic materials in Soil Taxonomy (Soil Survey Staff,
1975).
Spatial prediction and prediction error
Thevaluesof the variable attheobservation points wereused topredict the value
of the variable at unknown points in a grid (25 x 25 m), using kriging and the
inverse distance method. Spatial prediction can be described as:

(1)
A

Where: Zp = Predicted value of variable Z at point p;
Wj = Weighting factor assigned to point i;
Zj = Measured value of variable Z at observation point i;
n = Number of observation points used in the prediction.
A

Thepredicted valueZatpointpisaweighted average ofthevaluesof variable
Z atn surrounding observation points.In both prediction methods, the 24 closest
observation pointswere used topredictpoints.Thetwo methodsdiffer intheway
the weighting factors are determined.
The predicted value at apoint will differ from the true value: the prediction
error.Theprediction isunbiased if theaverageprediction error iszero. However,
predictions may be scattered widely around the true values. This scatter can be
expressed as the prediction error variance S E 2 (Davis 1986):
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np=i

Where: Z = Measured value of variable Z at test point p.
This prediction error variance is unknown and must be estimated. This was
done differently for the two spatial prediction methods.
Inverse distance
Theinversedistancemethodisbased ontheassumption thatthevalueZ,atapoint
p that is to be predicted, is more similar to nearby points. The calculation of the
weights isbased onthedistancebetween thepoints tobepredicted and the observation points (Ripley, 1981).
The inverse distance method provides no information about the prediction
error. We used the test points to estimate the prediction error variance. Inverse
distance prediction to the test points was made.For each test point the difference
between the measured value and the predicted value was calculated to give the
prediction error. The distribution of prediction errors of the test points was used
toestimate prediction error variance,assumed tobevalidfor thewholearea.This
assumption is defensible in a situation with a regular observation grid together
with only slight differences in soil variation in the area. Both requirements were
met in this study.
The described procedure for obtaining uncertainty estimates is not restricted
totheinversedistance method anyother spatial prediction technique canbe used.
Kriging
In this study ordinary kriging was used. In the kriging procedure the weights to
beusedintheprediction (seeEq.(1))arecalculated using semivariances(Journel
and Huijbregts, 1978;Webster, 1985;Cressie, 1989).The semivariance is ameasure of the degree of spatial dependence between observation points at a certain
distance h.Thesamplesemivariogram wascalculated usingtheobservationpoints.
In a sample semivariogram, semivariance is known only at discrete points at
distance intervals h.Thekrigingprocedurerequires semivariances for anydistance.
For this reason the discrete sample semivariogram must be modelled by a
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continuousfunction. JournelandHuijbregts (1978),Cressie (1985)andMcBratney
and Webster (1986) describe several possible semivariogram models.
In Eq. (1) an infinite number of possible combinations of weights exist, each
ofwhich willgiveadifferent prediction andadifferent prediction error. However,
only one combination will give a minimum prediction error. This unique combination ofweights iscalculated in thekrigingprocedure. If themodel assumptions
are correct,kriging produces predictions that have the smallest possible error. At
thesametime,krigingproducesanexplicit statementofthemagnitude ofthiserror
in the form of estimated kriging standard deviation (KSD) for every predicted
location.
i
The semivariogram is of major importance in the kriging procedure. Errors
\/ Jin the semivariogram model not only influence thepredicted value itself but also
the estimated KSD.
Prediction intervals and mapping
Using the distribution of the prediction error, a confidence interval around the
predicted value canbedetermined for each gridpoint,within which thetrue value
will fall with a pre-specified probability. The probability of the true value of a
grid point falling within a pre-specified interval can also be calculated.
Assuming the prediction error isnormally distributed, the standard deviation
of the prediction error can be used to calculate prediction intervals (Journel &
Huijbregts, 1978; Davis, 1986; Bregt, 1991):
P

(Zj " S4 * zal2 <Z, <Z, - S, * za/2) = 1 - a

(3)

Where: P =Theprobability ofthetruevalueZ;falling between thestatedlimits;
Zj = The true but unknown value of variable Z at point i;
A

Zj = The predicted value at point i;
S; = The standard deviation of the prediction error at point i;
zaj2 - Thez-scorederived from the standard normal distribution, corresponding to significance level a/2.
Or, if one-sided probabilities need to be calculated:
P (Z, >Z, - S, * z j = 1 - o
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(4)

and
P (Z, <Zi + S, * z a ) = 1 - o

(5)

Now, for each grid point the condition of whether the true value of variable
Z-withacertainvalue ofthesignificance level a -willexceedacertain threshold
value ornot ("true orfalse") can be tested.Thedesired probability, aswell as the
threshold value, can be varied (Fig. 1).
If in Figure 1, for a given value of a, the minimum value of the prediction
A

of the prediction interval (Zj - S; * z a ) exceeds the threshold value T, the true
value of variable Z at point i will - with a probability of (1-oc) * 100% - exceed
the threshold value. In Figure 1this condition is true for grid point B and false
for grid point A.
GridpointA

Z-S*z

Gridpoint B

Fig. 1. Testingtheconditionthatthetruevalue(Zj)ofavariablewillexceedathreshold
value (T).
A

Zj =Predicted value of variable Zat point i;
Sj =Standard deviation of the prediction error at point i;
z a = z-scorederivedfrom standardnormaldistributionforsignificancelevel a;
T = Threshold value.
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Whenpresentinginformation onemustchoosebetween varyingtheprobability
(threshold value fixed) and varying the threshold (probability fixed). We carried
out the procedure for the first possibility: the probability (1-a) was varied, the
threshold value was kept constant. This resulted in a map with delineated areas
where, with increasing probability, the true value of the variable exceeded the
threshold value. As a threshold value for depth to the pyritic layer 50 cm was
chosen. For soil classification purposes this value isrelevant (Soil Survey Staff,
1975).
Usingtheresults ofboth prediction methods,thegridpoints weremapped for
five different values of a. The differences between both methods were evaluated
by calculating the number of grid points differently classified in probability
classes.Theoperations needed toderive themapsweremadeusing with the GISpackage ARC/INFO (ESRI, 1989).

RESULTS AND DISCUSSION
Spatial variability of depth to the pyritic layer
The semivariogram ofthevariabledepth tothepyriticlayerispresented in Figure
2.Alinear modelwithparameters C 0(nuggetvariance) andC/a (slope)was fitted

200 400 600 800 1000 1200 1400 1600

h(m)

Fig. 2. Semivariogram of depth to thepyritic layer in the study area.Nugget variance
(C0) = 311 cm2; slope (C/a) =325.
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through the sample semivariances. Several interval sizes and directions were
examined. In all cases the linear model showed a good fit for distances of less
than 500 m. The large nugget variance indicates measurement errors and/or
variation of the variable within the shortest observation distance.The magnitude
of the short range variation is illustrated in Figure 3. Differences of more than
50cmin thedepth tothepyriticlayer canbefound within 25m.Such high shortrange variability is often found in acid sulphate soils due to the genesis of such
soils (accumulation of secondary pyrite along root channels) and/or partial oxidation of pyrite along the root system or structure elements (Dent, 1986).
100 -,

100
Valuefirst point inpair (cm)

Fig. 3. Scatterdiagramofdepthtothepyriticlayerinthestudyareaforpairsofobservation points with amutual distance of less than 25m.
Predicted valuesfor grid points
Predictions were made for grid points using kriging and the inverse distance
method. Distribution of the differences in predicted values produced by the two
prediction procedures ispresented inFigure 4.The differences prove tobe rather
small: in only 3% of the points did the difference exceed 10 cm, and 86% had
a difference of less than 2.5 cm. Taking soil description accuracy into account
these differences can be neglected. The map with the values obtained by kriging
and classified in intervals of 10cm is presented in Figure 5. A choropleth map
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is normally used to present quantitative variables and provides no information
about the reliability of the presented data.
3200
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Fig.4. Distributionofthedifferences inpredictedvaluesofstartingdepthofthepyritic
layer for grid points obtained with kriging and the inverse distance method.
Prediction error
Thekrigingprocedureproducesakriging standarddeviation (KSD)foreverypredictedgridpoint.TheKSDvarieswithobservation density.FortheBelawang area
with its regular pattern of observation points it was not surprising that the KSD
shows little variation, as can be seen in Figure 6. The KSD itself had a standard
deviation of a few millimetres. The mean KSD was slightly less than 19 cm, a
rather high value.
Theresultsofinversedistanceprediction totestpointsarepresented inFigure
7. As mentioned in theprevious section it must be assumed that this distribution
isvalid for the whole area.Foranumber ofreasons thisassumption seemsacceptable for this data set. First, the mean error of the inverse distance prediction to
test points was about zero (Fig. 7). Second, the mean KSD almost equalled the
standard deviation of theprediction error resulting from the inverse distance prediction to test points. Third, the KSD hardly varied over the area.
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Fig.5. Mapshowingthedepthtothepyriticlayerinthestudyarea,predictedbykriging.
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Fig. 6. Distributionoftheestimatedkrigingstandarddeviation(KSD)forthestudyarea.
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Fig. 7. Distributionofthepredictionerrors,calculatedwithinversedistanceprediction
tomeasured testpoints.Thedistribution has ameanof0.06 cmandastandard
deviation of 18.06 cm.
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Mapping conditional probabilities
In Figure 8,thecondition ofwhether ornotthetrue value of the variable with
aprobability of80%(a=0.2) willexceed50cmisevaluatedfortwogridpoints.
If 80%ofthe area under the curve liesto therightofthe threshold valueitis true
(grid point B), otherwise thecondition isfalse (grid point A).
Thiscondition testedforeachgridpointandtheprocedurerepeated for several
values ofa, leads, after classification, tothemaps shown inFigures 9and 10.
Thekrigingprocedureproduced amoresmoothedmap.Ingeneral,bothmapsgive
similar information about thevariable.
Thearea on the mapsinFigures 9and 10where theactual depth tothe pyritic
layer with aprobability of80%willexceed 50cm,ismuch smaller than the area

Grid pointA

Z.- S • 2,
= 45 cm
A A (<x=0.2)

Grid pointB
Sg = 18 cm

Z

B-SB*2(a=0.2)=60cm

Zg = 75 cm

T = 50 cm

Fig.8. Testing theconditionofwhether ornot thetruevalueofthevariable atagrid
point with aprobability of80%will exceed the threshold valueof50cm.
A

A

Z A and Zg
S A and Sg
z

(a=0.2)

Predicted value forgrid points A andB;
StandarddeviationofthepredictionerrorforgridpointsAandB;
z-scoreofthestandardnormaldistributionforasignificancelevel
a =0.2.
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Fig.9. Map showing probability on depth to the pyritic layer > 50 cm, based on
predictions by kriging and the estimated Kriging Standard Deviation (KSD).
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Fig. 10.Map showing probability on depth to the pyritic layer > 50 cm, based on
predictionsusingtheinversedistancemethod andthestandard deviationofthe
prediction errors,calculated using the test points.
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mapped onthemapinFigure 5having adepth greater than 50cm.The conclusion
must be that the boundaries on a mapbased only onpredicted values (Fig. 5) are
not very reliable, especially when theprediction error is high. This could lead to
wrong interpretations by map users.
A possible difficulty in interpreting the maps in Figures 9 and 10 should be
mentioned.Forinstance,inthe80-90%probability classonthosemaps,theprobability of thetrue value of the variable exceeding thethreshold is80-90%for each
separatepoint.Whenjoining pointstoareas,theexpectedvalueofthearea fraction
where the true value exceeded the threshold value was also 80-90%. In practice
severedeviations from theexpected value mayoccur.Ameasure ofthis deviation
is the variance of the area fraction exceeding a threshold value.When the individual gridpoints are dependent, the variance is greater than in the situation where
the grid points are independent. The dependent situation occurred in our study.

CONCLUSIONS
Thevariabledepth tothepyriticlayer showsastrongvariation inspace.Theboundaries on a map based only on predicted values are not very reliable, especially
when theprediction errorishigh.Mapping thisvariableintheform of conditional
probabilities gives a better picture of the real nature of this variable, which is
important for a proper use of the soil data.
Only slight differences for mapping uncertainty were found between kriging
and theprocedure based onthe use oftestpointsand theinverse distance method.
Inthecaseofmany,regularly distributed, observation pointsandarather constant
spatial variation of the variable of interest, the proposed procedure can be used
asitischeapandefficient. Inothercases,however, themoresophisticated kriging
procedure is preferable.
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P.O. Box 125, 6700 AC Wageningen, The Netherlands

ABSTRACT
Thecomplexity of achoropleth maphas animportant influence on its readability.
Sixmapcomplexitymeasures(aggregationindex,compactnessindex,boundarycontrast
index,fragmentation index,boundaryindex,sizedisparity index)describedinliterature
arepresentedinthisstudy.Correlationcoefficients betweentheseindicesarecalculated,
using90different maps.Itisshownthatmostofthemeasures arehighly correlatedand
therefore redundant.
Visualjudgement of 13maps by 28 subjects shows that four indices (aggregation
index, compactness index, fragmentation index, boundary index) can serve as reliable
indicatorsofmapcomplexity.Asaresult,eachofthesemeasurescanbeusedtocompare
patterncomplexity amongdifferent maps.Thefragmentation indexseemstobethebest
choice in view of its simplicity and calculation ease.

INTRODUCTION
Choropleth mapsareoften usedincartography for presenting spatial information.
For the production of a choropleth map, grouping of data into classes is often
necessary, although some authors (Tobler, 1973;Peterson, 1979) have proposed
the use of classless choropleth maps. Classification has a great impact on the
ultimate map. Even with the same number of classes two different classification
methods canyield completely different maps.Variousmethodsfor data classification in choropleth mapping are presented by e.g. Evans, 1977; Jenks, 1977 and
Stevanovic and Vries-Baayens, 1984. It is important to choose a method which
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yields on the one hand a mapcontaining relevant information for the user and on
the other hand a map which is easy readable. The readability of a map is a
function of:
- the presentation quality;
- the map reader's experience with cartographic materials and;
- the complexity of the map pattern (Monmonier, 1974; Dent,
1985).
This study is focused on the complexity of the map pattern. The readability
of a map decreases with increasing complexity of the map pattern. Complexity
is related to the number, size and distribution of delineated areas on the map. In
literature, various measures for map complexity are described. In the study
presented here some of these measures are compared in order to select a reliable
measure for map complexity.

MEASURES OF MAP COMPLEXITY
Mapcomplexity hasbeen studiedbyseveral cartographicresearchers (Olson, 1972;
Monmonier, 1974;Miiller, 1975and 1976;Chang, 1978;MacEachren, 1982) and
various measuresofmapcomplexity havebeendefined, sixofwhichwere selected
in this study. These six complexity measures are described in detail below. All
measures can be used if the individual base enumeration units that compose the
choropleth mapareknown.Forrastermapstheseunitsarerectangular andofequal
size.Only two of the six complexity measures (boundary index and size disparity
index) can be used without knowing the base enumeration units of a choropleth
map.
Wedesigned sixmapfragments of4by5grid cells (MF1toMF6)to compare
the impact of different map patterns on the selected measures (Figure 1).
Cellswiththesameclassthattoucheachotherinacornerpointare considered
to represent different polygons, unless a mutually adjacent cell also falls in that
class.Foreachmapfragment, valuesofthesixcomplexity measuresarecalculated
(Figure 2).
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Fig.1 Sixmapfragments (MF1toMF6)oftwentygridcellswithdifferent complexities.
Aggregation index
Amappattern looks 'aggregated' ifagroupofadjacent enumeration units belongs
to the same class. Miiller (1975) defined the aggregation index (AG) as:
n n
n n

AG = Z E ab-J I I a-i=lj=i

y i=ij=i

y

(1)

where n = number of enumeration units; a- = 1if cells i and j are adjacent, ay
=0when otherwise and when i= j ; aby=1 if cellsiandj areadjacent and belong
to the same class; aby = 0 otherwise and when i = j .
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Fig. 2 Histogramsofthesixcomplexitymeasures.Eachhistogramshowsvaluesforone
complexity index, calculated for the six map fragments of Figure 1.
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The aggregation indexrangesbetween 0and 1.High values ofthisindex indicate
a low complexity of the map pattern.
For MF1 in Figure 2the maximum value of the aggregation index is reached
becauseallgrid cellsbelong tothesameclass.MostcellsofMF6fall inoneclass,
which results in a high index value. All cells in MF5 are different and the
aggregation index is therefore 0. The indices of MF2 and MF3 are not the same,
in spiteoftheequaldistribution ofgridcellsoverthetwoclasses.The aggregation
index of the 'chess board pattern' MF2 is lower than the index of MF3 because
of the higher amount of contiguous grid cells.
Compactness index
Amapcanbe considered compact if themappattern consists of clustered regions
of three or more enumeration units belonging to the same class. Compactness is
aspecial caseofaggregation andisdeterminedbythenumberandsizeof clustered
regions. A group of i cells belonging to the same class is compact if i - 1cells
are all adjacent to another similar cell and at least i - 2 pairs of those i - 1 surrounding cells are adjacent to each other (Miiller, 1975).
Wecomputed thetotalnumberofcompactregionsofthreeuptoandincluding
nine enumeration units. The total compactness (TCP) can then be calculated as:
g
TCP = I W(i)*E(i)
i=3
where W(i) = total number of cells in compact region and
E(i)
= total number of compact regions of i cells.

(2)

In thisstudy, a TCP-value isdivided by the maximum value of TCP toderive the
compactness index (CP),whichrangesbetween 0and 1.High valuesofthisindex
indicate a low complexity of the map pattern.
All the 20 grid cells of MF1belong tothe same class:the compactness index
is maximal. MF2andMF5both havenogroup of at least three compact cells and
theindexistherefore 0.MF6isverycompact,whichresultsinahigh compactness
index.
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Boundary contrast index
Miiller(1975)defined mapcomplexity asthetotal amountofthreemutually adjacentenumeration unitsbelonging tothreedifferent classes.Inthisstudy,thisvalue
is divided by its maximum value for amap toderive the boundary contrast index
(BC).This index rangesbetween 0and 1.High values indicate ahigh complexity
of the map pattern.
MF1, MF2, MF3 and MF6 have only one or two classes and the index value
is therefore 0. The maximum value is reached for MF5 because all the 20 grid
cells belong to different classes.
Fragmentation index
Amappattern looksfragmented ifitconsistsofalarge numberofsmallpolygons.
Thefragmentation index (FI)isastandardized measure ofthisnumberofpolygons
and is described by Monmonier (1974):
FI =(M- \)/(N - 1)
(3)
where M = number of polygons and N = number of enumeration units.
FI varies from 0to 1.High values indicate ahigh complexity of the map pattern.
The fragmentation index of MF2 and MF5 is maximal because in these map
fragments each grid cell forms one small polygon.
MF1 consists of only one polygon; the index value is therefore 0.The increasing
amounts of polygons in MF3, MF6 and MF4 result in increasing values of the
fragmentation index.
Boundary index
Bregtet al.(1988)defined theboundary index (BI)asthetotal length of boundary
linesbetweenpolygonsdivided bythetotal areaofthemap.Theindex hasaminimumof 0andnospecific maximum value.Highindexvaluesindicateahigh complexity of the map pattern.
MF1 has no boundaries and the index is therefore 0. The highest boundary
indicesarefound forMF2andMF5,whichboth consistof20individual polygons.
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Size disparity index
The disparity index, also described by Monmonier (1974), is a measure of areal
inequality ofpolygons,based ontheLorenz curve(Yeates, 1968,pp.90-92).First,
the area of each polygon is determined. These areas are divided by the total area
of the map, so that their sum is 1.0. Next, these proportionate areas are rankordered from lowest to highest. A vector of cumulative proportionate areas is
obtained. These cumulative proportionate areas are plotted against the ranks. If
all the polygons are equal in size, a straight line (diagional) will be the result. If
this is not the case,the line will be acurve under the diagonal. The area between
diagonal and line is the size disparity index (SD). The index ranges from 0 for
polygons of uniform size to almost 0.5 in case of maximum areal inequality of
polygons. High values usually indicate a low complexity of the map pattern.
MF1, MF2, MF3 and MF5 all have polygons of the same size and their size
disparity indicesaretherefore 0.Thedifferences in sizeareespecially pronounced
in case of MF6, which is indicated by its high index value.

EXPERIMENTAL DESIGN
To compare the different complexity measures, data from a study area in the
eastern part of The Netherlands were used. In this area water-tables have been
lowered as a result of water extraction for drinking water supplies. For 410 different locationstheaveragemoisturedeficit forgrassunderthepresent hydrological situation (variable A) and the change in grass yield due to water extraction
(variable B) were determined (Bregt and Beemster, 1989).With the interpolation
method kriging predictions were made on a raster of 31 by 37 raster cells of 50
m x 50 m for both variables. The resulting data were grouped into a maximum
often classes usingdifferent classification techniques.Atotal of90 classifications
were carried out, resulting in 90different maps.For each map, the values of the
selected sixcomplexity measures werecomputed.Finally,correlation coefficients
between these indices were calculated.
Anexperiment wasconducted toselectthebestindicator ofmap complexity.
Twenty-eight subjects (mostofthem withoutsignificant knowledgeof cartography)
were asked to participate in a test on complexity of map patterns. Six four-class
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maps of data set A (test set A) and seven four-class maps of data set B (test set
B) were used. Both test sets were presented to each subject, one at a time. Each
subject wasfirst informed of thenature of theexperiment and wasthen asked the
following question: "Please arrange these two sets of four class maps from low
to high complexity. Amapis considered to be complex if thepattern looks intricate or involved. You have approximately five minutes for this task. Maps that
in your opinion do not differ in complexity may have the same order."
Finally, the six measures of pattern complexity were computed and rankordered for each test set. The ranked data given by the subjects were compared
withtherank ordersofeachcomplexity indextoselectthebestindicatorofpattern
complexity.

STATISTICAL COMPARISON
The correlation coefficients between the sixcomplexity measures of the 90 maps
are presented in Table 1.High absolute values indicate a strong correlation. All
Table 1. Correlation coefficients between the various
complexityindices.AG: aggregationindex; CP:
compactness index; BC: boundary contrast
index; FI: fragmentation index; BI: boundary
index; SD: size disparity index.

AG
CP
BC
FI
BI
SD
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AG

CP

BC

FI

BI

SD

1.00
0.98
-0.82
-0.90
-1.00
0.07

0.98
1.00
-0.69
-0.79
-0.97
-0.04

-0.82
-0.69
1.00
0.98
0.83
-0.29

-0.90
-0.79
0.98
1.00
0.91
-0.24

-1.00
-0.97
0.83
0.91
1.00
-0.08

0.07
-0.04
-0.29
-0.24
-0.08
1.00

the indices, except the size disparity index, are highly correlated. Simultaneous
calculation of all of these indices as measures for map complexity is not very
reasonable.
The size disparity index clearly represents another aspect of the map pattern
than the other selected measures.

RELATIONS BETWEEN VISUAL JUDGEMENT AND COMPLEXITY
MEASURES
The results of the complexity judgement of the two test sets by 28 subjects are
presented in Tables 2 and 3. The maps in these tables are ordered according to
their average ranks (Cm). This value is calculated according to:
n
Cm = 1/28 Z Ci*P\

(4)

where n = number of maps in test set; Ci = place in complexity order and Pi =
number of subjects assigning a particular map to place Ci.
Table 2. Number of subjects assigning a place in the
complexity order (1 to 6) to a particular map
for test set A; Cm = mean complexity order
(seetext).
Map

1

2

3

4

5

6

Cm

Al
A2
A3
A4
A5
A6

28
6
0
0
0
0

0
22
0
0
0
0

0
0
27
1
0
0

0
0
1
15
12
0

0
0
0
9
14
5

0
0
0
3
2
23

1.0
1.8
3.0
4.5
4.6
5.8

Al and B2 are the least complex maps (lowest Cm) and A6 and B7 are the
most complex maps (highest Cm). In test set A, map Al was clearly the least
complex one.Allthe subjects agreed onthis,although sixpersonsdidnot seeany
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difference with map A2.The differences between maps A4and A5,and between
B4 and B5 are small. Most subjects found ordering of test set B more difficult
than test set A: this can also be concluded from the larger spread of the subjects
overthecomplexity classes.Asanillustration twomapsoftestsetAarepresented
in Figure 3.
Table 3.Number of subjects assigning a place in the
complexity order (1to7)toaparticular mapfor test
set B; Cm =mean complexity order (seetext).
Map

1

2

3

4

5

6

7

Cm

Bl
B2
B3
B4
B5
B6
B7

22
7
0
0
0
0
0

6
21
0
0
0
0
0

0
0
26
6
5
4
3

0
0
1
10
11
8
2

0
0
0
7
6
5
7

0
0
0
5
6
8
6

0
0
1
0
0
3
10

1.2
1.8
3.2
4.4
4.5
4.9
5.6

In Table 4 the values of the complexity indices for the 6 maps of test set A
are given.The mapsinthis tableareordered according toincreasing complexity,
as experienced by the subjects. Al is the least complex map and A6 the most
complex.Theorderingofthecalculated complexityindicesaccording toincreasing
complexity is presented in brackets. The lowest complexity is indicated by 1.
Similar ordering of calculated measures and maps indicates a correct prediction
of the experienced complexity by the complexity measures. This is the case with
theaggregation index,compactness index,fragmentation index andthe boundary
index. The boundary contrast index has a value of 0 for four of the six maps.
Therefore, this measure is not very useful, especially not for the least complex
maps. The size disparity index does not show a clear relationship with the map
sequence.
In Table 5the values of the complexity indices for the seven maps of test set
Baregiven.The complexities of the maps Bl, B2andB3arevery well estimated
bytheaggregation index,compactnessindex,fragmentation index andtheboundary
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Fig. 3a) Map of test setA(Al): this mapis considered tobeleast complex by the
subjects,
b) MapoftestsetA(A6):thismapisconsideredtobemostcomplexbythesubjects.
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index. The complexities of B4 and B5, however, are confused. This is understandable because the average ranks (Cm) of B4 and B5 are almost equal. The
two most complex maps are ordered correctly by the fragmentation index and
boundary contrast index only. The complexity sequence given by the size disparity
index again differs clearly from that given by the subjects.
Table 4. Complexity indices computed for the test maps Al to A6. The
subjects considered A1astheleast,andA6asmostthe complex
map. Each index is ordered according to increasing computed
complexity. For each index the place of each map in this order
is given in brackets. AG: aggregation index; CP: compactness
index; BC: boundary contrast index; FI: fragmentation index;
BI: boundary index; SD: size disparity index.
Map

AG

CP

Al
A2
A3
A4
A5
A6

0.937 (1)
0.928 (2)
0.868 (3)
0.852 (4)
0.802 (5)
0.751 (6)

0.842 (1)
0.815 (2)
0.684 (3)
0.639 (4)
0.529 (5)
0.451 (6)

BC
0
(1)
0
(1)
0
(1)
0
(1)
0.004 (2)
0.020 (3)

FI
0.003 (1)
0.004 (2)
0.012 (3)
0.019 (4)
0.020 (5)
0.043 (6)

BI

SD

2.061 (1)
2.342 (2)
4.309 (3)
5.089 (4)
6.681 (5)
8.511 (6)

0.325 (6)
0.342 (5)
0.404 (3)
0.423 (1)
0.380 (4)
0.406 (2)

Table 5. Complexity indices computed for the test maps BI to B7. The
subjects considered BI asthe least,and B7asmost the complex
map. Each index is ordered according to increasing computed
complexity. For each index the place of each map in this order
is given in brackets. AG: aggregation index; CP: compactness
index; BC: boundary contrast index; FI: fragmentation index;
BI: boundary index; SD: size disparity index.
Map

AG

CP

BI
B2
B3
B4
B5
B6
B7

0.832 (1)
0.827 (2)
0.779 (3)
0.749 (5)
0.753 (4)
0.732 (7)
0.735 (6)

0.591 (1)
0.569 (2)
0.477 (3)
0.444 (4)
0.444 (4)
0.425 (6)
0.438 (5)
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BC
0
(1)
0
(1)
0.003 (2)
0.012 (4)
0.008 (3)
0.015 (5)
0.020 (6)

FI
0.018 (1)
0.019 (2)
0.024 (3)
0.034 (5)
0.031 (4)
0.042 (6)
0.052 (7)

BI
5.771 (1)
5.836 (2)
7.464 (3)
8.612 (5)
8.487 (4)
9.261 (6)
9.261 (6)

SD
0.412 (1)
0.411 (2)
0.384 (5)
0.383 (6)
0.373 (7)
0.393 (3)
0.390 (4)

Combining the results of Tables 4 and 5,it is clear that aggregation index,
compactnessindex,fragmentation indexandboundaryindexaregoodindicators
fortheexperiencedcomplexitybythesubjects.Betweenthesefourmeasuresalso
astrongcorrelationexists,asisindicatedbythecalculatedcorrelation coefficients
(Table 1). As a result of this strong correlation, calculation of one measure is
enough for characterizing thecomplexity ofthemappattern.The fragmentation
index appears to be the best choice in view of its simplicity and ease of
calculation.
Sometimes the total number of baseenumeration units in achoropleth map
isunknown.Inthiscase,neitherthefragmentation indexnortheaggregationindex
nor the compactness index can be calculated. Then, the complexity of the map
patterncanbedescribedbytheboundaryindex,becausethismeasureisnotbased
on the original individual enumeration units.

CONCLUSIONS
Whenproducingachoroplethmapitisimportanttopayattentiontoitsreadability.
Onewayofincreasingthereadability ofthemapistolimitthecomplexity ofthe
mappattern,whichcanbequantified byacomplexitymeasure.The fragmentation
index is the most suitable measure.
Onehastobeawarethatatoostrongsimplification ofthemappatternmight
resultin theloss ofvaluableinformation for themapreader.Thechallengeisto
produce a readable map,which contains the desired information. Evaluation of
acomplexitymeasureduringtheprocessofmapdesignisstronglyrecommended.
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11 Concluding remarks
Thereason ofexistence of soil survey isitsrecognized ability toprovide relevant
soil information to users. As the questions change soil survey must also react
accordingly to provide the right answers to the questions raised. The present
changes in demand can be summarized in the following three points:
- new information;
- rapid production of information;
- quality of information.
New information
Thetraditional soilsurveyproductsinTheNetherlands mainlyfocus onanswering
agricultural questions. Most soil classification systems are designed for this
purpose. Although the agricultural questions remain relevant, new questions are
raised as a result of environmental problems. For instance, questions about the
behavior of pollutants in the soil and the behavior of soil attributes (e.g. organic
matter, soil structure) in time in relation to sustainable land use. Soil survey data
isalsoincreasingly being used asinputdatafor simulation models.These models
generally requirequantitative data and information on variability. To sum up,we
can say that there is a demand for information about new attributes, attributes
measured ataquantitative scale,variability ofattributesandbehaviorof attributes
in time.
For the derivation of new attributes many pedotransfer functions have been
established (e.g.Breeuwsmaet al., 1986;Wosten, 1990).Mostattributes collected
in soil surveys in the world are recorded on a qualitative measurement level (see
Chapter 3). Commonly used statistics, such as mean, standard deviation and
semivariance, and most spatial interpolation techniques are not permissible for
this data type. In soil survey it must be realized that increasingly more questions
raised require answers in quantitative terms, and also that for quantitative data,
processing techniquesareavailableorarebeingdeveloped.Within astandard soil
survey, more quantitative data should be collected as is done at this moment.
Although itisuseful tofocus notonly on which data should beavailable,but also
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on which data are available. The development of useful processing techniques of
qualitative data should be encouraged. Or to cite Hillel (1991):
"Theutility ofsoilphysics inthesolution ofmanyenvironmental problems
isthwarted bytheabsence ofacomprehensive andreadilyaccessible data
bank in which all sound measurements of soil properties and processes
are recorded and correlated. Tobeuseful, suchdatamust be quantitative
andfully specified. The acquisition of such data should be an integral
activity of national and of international soil surveys that atpresent are
still too qualitative and in some cases subjective. Rather than merely
criticize such surveys, soil physicists should seek toparticipate in their
work and contribute to their improvement."
The variability of soil attributes within mapping units or small areas has been
studied in many case studies (e.g. see Chapter 5;Marsman &De Gruijter, 1984),
buthasnotyetyielded anapproach whichisincorporated instandard soilsurveys.
The most common model for describing soil variation is still the discrete spatial
model without variability within the mapping units.
The behavior of soil attributes in time did not receive much attention in soil
survey. Up to now most recorded soil attributes are considered to be constant in
time. We know that this is not true when longer time intervals are involved. In
The Netherlands we have, for instance, a decrease in the thickness of peat layers
and changes in density and organic matter contents of the soil.The dimension of
time can no longer be ignored in soil survey. We must consider soil survey more
as a "monitoring" activity, with monitoring intervals of 10-20 years. As present
technology (soil information systems) makesthisnew attitudepossible, itis time
to change our mental concepts about soil survey.
Rapid production of information
When soil survey data are needed for policy support studies the time available
for answering questions is often limited. For instance, there is no time to spend
three years on data collection to get an answer. We must be prepared to rapidly
analyze effects of different scenarios. In order to produce information fast,
computer storage, analysis and presentation is necessary. In most countries soiland geographical information systems have been implemented, which produce
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information rapidly.Theimplementation ofautomated analysistechniques isless
far developed than the storage of data alone.
Quality of information
Product specifications andusuallyprovided withindustrialproducts suchaschips,
electronic components and cars. These specifications also include an indication
of the quality of the product. The user decides which product suits his
requirements,based onthequality and theprice.Asimilar tendency canbe found
in the use of soil data. Providing soil information alone is not enough; the user
also wants information about the quality of the information. Based on the
specifications, hecandecideiftheinformation provided meetshisneeds.Itmight
be possible that less, or more information is needed. To satisfy the demands of
theusers wemustprovide themwith thenecessary parametersby which they can
make their judgements.
For along time the only statement about quality of soil information has been
the purity of the soil map, which was assumed to be constant for all units. In a
standard soil survey no check on the validity of the assumed purity was done. It
is obvious that this is not very reliable as a measure of quality. Providing
information about the means and variances of attributes in mapping units as
demonstrated by Visschers (1992) are essential parameters in the future.
Furthermore, the quality of data should be made visible in our presentations (see
e.g. Chapter 8 and 9).
We are facing an interesting period in soil survey. A period in which, as a
resultofthechanging demand,traditional procedures arenolonger ableto answer
all questions raised. It is a challenge for soil survey to develop and adopt new
strategies in the years to come.
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12 Samenvatting
Verwerking van gekarteerde bodemgegevens
Debodem speelteenbelangrijke rolindelandbouw, delandgebruiksplanning en
de milieu- en natuurbescherming. Al deze activiteiten vragen informatie over de
bodemsamenstelling en over bodemprocessen. Er is behoefte aan een grote
verscheidenheid aan informatie, die tot gevolg heeft dat de bodem vanuit diverse
invalshoeken bestudeerd wordt, onder andere de bodemchemie, de bodemfysica,
debodembiologie endebodemkartering.Bodemkarteringisdestudievanderuimtelijke verbreiding en de eigenschappen van bodems.
In het omzetten van de verzamelde basisgegevens naar voor een gebruiker
relevanteinformatie kunnende stappenverzamelen,opslaan,analyserenenpresenteren worden onderscheiden (bodemkundige gegevensverwerking). Hoehetproces
vangegevens verzamelen totenmethetpresenteren vaninformatie verloopt hangt
af van de vraag. De vraag bepaalt uiteindelijk welke gegevens er verzameld en
hoezeverwerktmoetenworden.Aandevraagkantnaarbodemkundige informatie
zijn drie ontwikkelingen te noemen:
Ten eerste is er vraag naar nieuwe informatie. Dit is een gevolg van de sterk
toegenomen aandacht voor milieu en duurzaam landgebruik. In bodemkundige
termen vertaald betekent dit een vraag naar andere bodemeigenschappen en het
gedrag hiervan in de tijd.
Ten tweede is een snelle levering van informatie ook gewenst. Bepaalde
beleidsvragen staan niet toe dat er bijvoorbeeld eerst tweejaar onderzoek nodig
is omeen antwoord tekunnen geven. Het gebruik van informatiesystemen en geautomatiseerde analysemogelijkheden speelt bij het snel beantwoorden van een
vraag een belangrijke rol.
Ten derde neemtde vraag naar dekwaliteit van de geleverde informatie toe.
De bovengenoemde ontwikkelingen aan de vraagkant zijn niet van de ene op de
andere dag ontstaan, maar voltrekken zich langzaam. Dit proefschrift levert een
bijdrage aan procedures om met bodemkartering beter op de veranderende vraag
van gebruikers te kunnen inspelen.
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Hoofdstuk 2 gaat dieper in op de verschillende stappen die nodig zijn om
bodemkundige basisgegevens om te zetten in informatie die voor een gebruiker
relevant is. Allereerst ga ik in op modellen voor het beschrijven van de bodem.
Hierbij is onderscheid gemaakt tussen ruimtelijke modellen, modellen in de tijd
en ruimte en tijdmodellen. In dit proefschrift ligt het accent op het beschrijven
van de bodem met ruimtelijke modellen.
Deruimtelijke modellen zijn ingedeeld indiscreteencontinue modellen.Een
beschrijving van de bodem in de vorm van een bodemkaart iseen voorbeeld van
een discreet ruimtelijk model,geostatistische technieken daarentegen leveren een
continue beschrijving van de bodem op.Omdebodem tebeschrijven in de vorm
van het discrete ruimtelijk model wordt de physiografische en de vrije kartering
gebruikt. Grenzen tussen bodemeenheden zijn tijdens de kartering bepaald. Het
continue model heeft waarnemingen uitgevoerd op puntlokaties nodig. De keuze
voor de ligging van de puntlokaties kan zowel select als aselect zijn.
De laatste 20jaar is opslag van verzamelde gegevens in informatiesystemen
sterk inopkomst om snelanalysesvan de gegevens tekunnen uitvoeren. Wekunnen achtcategorieen van mogelijke analyses onderscheiden.Naeenanalyse volgt
de presentatie van de resultaten. Dit kan zowel in tekst als in beeld. De meest
gebruikelijke beeldvorm isdekaart: chorochromatische (=vlakkenkaart voor het
weergeven vankwalitatieve verschillen) enchoroplethkaarten (=vlakkenkaartvoor
het weergeven van kwantitatieve verschillen) voor discrete ruimtelijke gegevens
en isolijnkaarten (= kaart met lijnen die punten met gelijke waarden van een
continu veranderend verschijnsel met elkaar verbindt) voor continue ruimtelijke
gegevens. De laatste tijd zien we steeds vaker animaties die veranderingen van
bodemgegevens in ruimte en tijd presenteren.
In hettweede gedeeltevanditproefschrift, dehoofdstukken 3t/m 10,worden
onderdelen van het proces van bodemkundige gegevensverwerking beschreven.
Hoofdstuk 3 gaat in op het effect van de waarnemingsdichtheid opde nauwkeurigheid van ruimtelijke voorspellingen. In een studiegebied in Indonesie zijn
voor verscheidene waarnemingsdichtheden voorspellingen uitgevoerd naar testpunten met vier verschillende voorspellingstechnieken (kriging, inverse afstand,
lokaal gemiddelde en gebiedsgemiddelde).Uitdeberekende fouten blijkt er geen
verschil tezijn in nauwkeurigheid tussen dekriging,inverse afstand en het lokale
gemiddeldealsvoorspeltechniek. Hetgebiedsgemiddelde alsruimtelijke voorspeller
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presteert duidelijk minder.Denauwkeurigheid vandevoorspellingen endekosten
per waarnemingsdichtheid zijn gebruikt om een optimale waarnemingsdichtheid
vast te stellen.
Hoofdstuk 4beschrijft deaard vanbodemgegevensverzameld inhetveld.De
opname van de meeste bodemvariabelen blijkt op een ordinate meetschaal te
gebeuren. Bij ordinale variabelen is het niet mogelijk beschrijvende statistische
grootheden zoals gemiddelde, standaard afwijking en semivariantieende meeste
ruimtelijke voorspeltechnieken te gebruiken. Aan de hand van gegevens uit een
kartering in Costa Rica zijn verwerkingsmogelijkheden van ordinale gegevens
behandeld. Devoorgestelderuimtelijke verschilkansfunctie isgebruiktomderuimtelijke variabiliteit van ordinale variabelen te karakteriseren.
Hoofdstuk 5handelt over debruikbaarheid van bodemkundige gegevens verzameld op verschillende schalen voor het voorspellen van vochttekorten en
opbrengstveranderingen. In een studiegebied van 1435 ha zijn de grondwaterstanden verlaagd als gevolg van wateronttrekking voor drinkwaterwinning. Om
het effect van deze onttrekking op de grasproduktie te berekenen, is de huidige
toestand (na onttrekking) vergeleken met de voormalige toestand (voor onttrekking). Als basisgegevens hiervoor zijn een bodemkaart op schaal 1 : 10 000,
1 : 25 000en 1 : 50 000gebruikt.Dekaarteenheden vandeverschillende bodemkaarten zijn bodemfysisch gei'nterpreteerd. Met een simulatiemodel zijn vochttekorten enopbrengstveranderingen berekend.Omdekwaliteitvandedriebodemkaarten voor deze toepassingen te kunnen vaststellen, zijn er ook simulatieberekeningen vooreen grootaantalpuntlokatiesuitgevoerd. Dedrie bodemkaarten
verschillen nietinkwaliteit alshetgaatomhetvaststellenvan gebiedsgemiddelden
voorhetvochttekortenveranderinginopbrengst.Debodemkaart schaal 1 : 1 0 000
levert de beste voorspellingen van puntlokaties op.
In hoofjdsluk6 wordt een vergelijking gemaakt tussen een kaart afgeleid van
eenbodemkaart eneenkaart vervaardigd viaruimtelijke voorspelling vanuitpuntgegevens.Degebruikte ruimtelijke voorspellingsmethode iskriging.Degeproduceerde kaarten beschrijven bodemvariabelen die voor het transport van water in
de bodem van belang zijn. De zuiverheid van beide kaarten is bepaald met 60
onafhankelijke testboringen.Tussenbeidekaartenblijkt geenverschilin zuiverheid
te bestaan.
Hoofdstuk 7 gaat in op de fout die optreedt bij het omzetten van een vectorkaart in rastervorm. Elf vectorkaartbladen van de 'Bodemkaart van Nederland
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schaal 1 : 50 000' zijn omgezet in rastervorm voor rastercel grootten van 1mm
x 1 mm,2mmx2mmen4mmx4mmentweeverschillende verrastertechnieken
(centraal puntendominante eenheid).Deverrasterfout isbepaald metde Switzermethode, Goodchildmethode en de zelf ontwikkelde dubbele-conversiemethode.
Uit het onderzoek bleek dat er een sterk verband bestaat tussen de complexiteit
van de kaart en de verrasterfout. Voor dit verband zijn regressievergelijkingen
opgesteld.Dezeregressievergelijkingen kunnengebruiktwordenvoorhetvoorspellenvandeverrasterfout vaneen nieuwteverrasteren kaartvoordattot verrasteren
wordtovergegaan. Uithetonderzoek bleek ookdatde dubbele-conversiemethode
deverrasterfout weerbetervoorspeldedan deGoodchild- enSwitzermethode.De
Goodchildmethode voorspelde de verrasterfout beter dan de Switzermethode. De
gehanteerde verrastertechniek bleek slechts een gering effect op de optredende
fout te hebben.
Hoofdstuk 8beschrijft eenprocedureomisolijnkaarten metbetrouwbaarheidsintervallen tevervaardigen. Deprocedureisgebaseerd ophetgebruik vanderuimtelijke voorspellingsmethode kriging. Kriging levert naast een voorspelling van
dewaardeopeenpuntookinformatie overdenauwkeurigheid vande voorspelling
in de vorm van dekriging-variantie. Kriging-variantie en voorspelde waarde zijn
gebruiktomperpuntde90%betrouwbaarheidsboven-en-ondergrensteberekenen.
Deze berekeningen zijn uitgevoerd voorpunten opregelmatig raster. Vervolgens
zijn voor bepaalde waarden de betrouwbaarheidsboven- en betrouwbaarheidsondergrens met lijnen aan elkaar verbonden. Deze lijnen gecombineerd met de
isolijnkaart metvoorspelde waarden leverdedeisolijnkaart metbetrouwbaarheidsintervallen. De kaart geeft de gebruiker een veel beter inzicht in de onzekerheid
vandegepresenteerde gegevens.Ookdejuistheid vandeberekende kriging-variantiesisnagegaan. Hetblijkt dat dezede werkelijkheid aanzienlijk onderschatte. In
de procedure voor het vervaardigen van de isolijnkaart zijn hiervoor correcties
uitgevoerd.
Ookhoofdstuk 9gaatinophetpresenteren vanonzekerheid.Twee procedures
worden behandeld voor hetvervaardigen vankaarten diedekansop overschrijding
van een bepaalde grenswaarde aangeven. De procedures zijn vergeleken aan de
handvan gegevensuiteenbodemkartering inIndonesie.Degeproduceerde kaarten
geven de kans aan dat de pyriethoudende laag dieper zit dan 50 cm beneden het
bodemoppervlak.Dezepresentatievormsteltdegebruikerinstaatom bijvoorbeeld
zoalsin Indonesie bij hetinrichten vaneen gebied voorrijstteelt rekening tehou164

den met onzekerheid in de gegevens.
Hoofdstuk 10tenslottegaatinopdecomplexiteitvankaarten.Decomplexiteit
vankaartenblijkteengroteinvloedtehebbenopdeleesbaarheid.Voorhetevaluerenvandecomplexiteitbestaancomplexiteitsmaten.Zesvandezematenzijnmet
elkaarvergeleken.Defragmentatie-index ishetmeestgeschiktvoorhetevalueren
van de kaartcomplexiteit.
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