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3.1 Application of GIS to the Modeling of 
Pesticide Leaching at a Regional-Scale 
in the Netherlands 

Abstract 

Introduction 

In recent years concern about pollution of groundwater by pesticides 
has grown. Threats are posed to groundwater, both with respect to the 
magnitude of the leaching, and the total area involved. A one-
dimensional pesticide leaching model, PESTRAS, in combination with a 
Geographical Information System was used to calculate the leaching 
potential of pesticides into the groundwater. Calculations were per
formed for unique combinations of soil texture, organic matter con
tent, groundwater-depth-class, land-use, and climate. Model-inputs 
were derived from these basic spatially distributed parameters using 
transfer functions. Spatial patterns of the pesticide leaching potential 
were obtained by combining the calculated results with geographic 
information. The number of unique combinations for which the model 
had to be run to get spatial patterns for the Netherlands could be re
duced from 93,000 (which is the total number of relevant 500x500 m2 

grid-cells in the Netherlands) to a manageable 897. With a realistic 
dose of 1 kg ha1, atrazine concentrations in soil leachate were above 
the EU drinking-water standard (0.1 pig L') in 78% of the agricul
tural area. For bentazone, hydroxy-chlorothalonile, and cis-l,3-DCP 
this figure amounted to 94%, 83% and 78%, respectively. In general, 
peat soils were invulnerable to pesticide leaching, whereas sandy and 
loamy soils with low organic matter contents were very vulnerable 
(concentration above 1 jig L'1). 

In recent years concern about pollution of groundwater by pes
ticides has grown (Kohsiek, 1991). Approximately 50 pesticides 
have been detected in groundwater in Western Europe and the 
USA (Leistra and Boesten, 1989; Hallberg, 1989). For sustainable 
groundwater management, a policy based on banning the use 
of persistent and mobile pesticides in combination with direc
tives for a more selective and restricted use has been set up by 
the Dutch government (LNV, 1991). In this policy, the regional 
variation of vulnerability to pesticide leaching is taken into ac
count, based on objective and quantitative criteria. The fate of 
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pesticides in the soil is determined by a number of processes, 
including transformation, sorption, plant uptake, transport and 
volatilization. The interaction between these processes is com
plex and non-linear (Boesten, 1991; Tiktak et al., 1994b), making 
the use of simulation models in quantitative groundwater man
agement indispensable. In the context of pesticide leaching, 
both simple (GUS, Gustaf son, 1989; CMLS, Nofziger and 
Hornsby, 1987), and complex (LEACHM, Wagenet and Hutson, 
1989; PESTRAS, Tiktak et al., 1994c; MACRO, Jarvis, 1991) models 
have been developed. The assessment of vulnerability to pesti
cide leaching on a nation-wide scale requires the application of 
a model under very different conditions. The disadvantage of 
simple models is that they often lack a physically based de
scription of the underlying processes, so their use is limited to 
specific conditions. The use of the cascade model of water flow, 
for example, is restricted to sandy soils with deep ground-water 
tables. Physically based models, on the other hand, require a 
large amount of input data, and the uncertainty in the model 
predictions may still be high when these data are unavailable. 
Taking this dilemma between detail of included process for
mulations and data-availability into consideration, care has 
been taken to reduce the number of process-formulations that 
cannot be parameterized for a model application on a nation
wide scale. For this reason, the model used lacks such processes 
as preferential flow and kinetic sorption. 

It is the policy of the Dutch Pesticide Registration Board to 
have any vulnerability assessment independent of actual appli
cation rates and actual weather conditions. For this reason, this 
Board has defined a standard scenario for all pesticides (i.e. one 
surface application of pesticide at a rate of 1 kg ha"1 in an ini
tially pesticide free soil, application time in May, and weather 
data for a reference year). A geographic location is defined vul
nerable to pesticide leaching when the calculated maximum 
concentration of a pesticide between 1 and 2 m depth is above 
0.1 ug L"1, which is both the detection limit for many pesticides, 
and the EU drinking-water standard. Notice that toxicity is not 
considered. Results from a vulnerability analysis can be used to 
classify geographic locations relative to each other. However, to 
calculate the actual pesticide loading to the groundwater, both 
realistic application rates and times and actual weather data 
must be input. 
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As mentioned above, physically based models, when applied 
on a nation-wide scale, require large quantities of spatially dis
tributed data. An efficient method of handling these data is a 
Geographical Information System (Burrough, 1986; Vaughan 
and Corwin, 1994). Numerous efforts to assess spatial patterns 
of pesticide leaching have been made (Loague et al., 1990; Pe-
tach et a l , 1991; Kohsiek, 1991). Basically, two methods can be 
distinguished. In the first method, a model is directly applied to 
a number of unique combinations of basic spatially distributed 
parameters. These unique combinations are assumed to be rep
resentative for one or more grid-cells or polygons within the 
area to be mapped (here referred to as 'mega-plots')- The num
ber of mega-plots for which the model has to be run is depend
ent on the number of distinguished basic spatially distributed 
parameters, on the spatial resolution, and on the number of 
classes for each basic parameter. In the second approach, a 
model is first run for a small number of representative point 
locations within the area. On the basis of results from these 
simulations, regression functions between model inputs and 
model outputs are derived ('meta-modeling'). These transfer 
functions are used for generating the actual map. The first 
method is flexible and normally gives the most accurate pre
dictions, but it is also rather time-consuming. The meta-
modeling approach is faster, and can be used in Decision Sup
port Systems. Results from the mega-plot approach may be 
used to derive or validate transfer functions required in the 
meta-modeling approach. 

The general objective for this paper is to describe the incor
poration of a one-dimensional pesticide leaching model into a 
GIS environment. Regional patterns of four pesticides with con
trasting behavior were calculated using the mega-plot ap
proach. In this study, mega-plots were obtained by overlaying 
in the GIS maps of soil texture, organic matter content, ground-
water-depth-class, land-use and climate. The derivation and 
application of a meta-model of pesticide leaching in the Neth
erlands has been published elsewhere (Kohsiek, 1991). 
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Materials and Methods 

The pesticide leaching and accumulation model 
For this study, the mechanistic, process oriented model PESTRAS 
(Pesticide Transport Assessment; Tiktak et al., 1994c, Freijer et 
al., 1996) was used. PESTRAS is a one-dimensional, dynamic, 
multi-layer model for simulating transient flow, hydrodynamic 
dispersion, equilibrium sorption, transformation, uptake and 
volatilization of pesticides by plant roots in the unsaturated 
zone and the uppermost part of the saturated zone. The model 
consists of three major submodels: (i) hydrology, (ii) heat trans
port, and (iii) pesticide transport, sorption, transformation and 
volatilization. Surface runoff is not considered, as this is a major 
process in a small part of the country only. Plant growth is con
sidered a boundary condition to the model, and parameters 
relevant for water- and pesticide-uptake are input. 

Hydrology 
The hydrological submodel (Tiktak and Bouten, 1992) uses a 
finite-difference method to solve the Richards equation: 

' a h " * - ^ W (!) C(h) 
dt dz 

K ( h ) ( ^ + 1 
dz 

where C (rn') is differential water capacity, t (d) is time, z (m) is 
vertical position, h (m) is soil water pressure head, K (m d'1) is 
unsaturated hydraulic conductivity, and Sw (d1) is a sink term 
accounting for root water uptake. In this study a time-
dependent pressure head lower boundary condition has been 
used. The model is always run for one year prior to pesticide 
application to 'equilibrate' soil water fluxes with the calculated 
ground-water table. 

The root water uptake, SmA from layer i is calculated from the 
potential uptake (SV) and a dimensionless reduction function 
f(h) for that layer (Belmans et al., 1983): 

sw,i=mK,i (2) 

The potential uptake from a layer is calculated by distribut
ing the total potential transpiration T* (m d"1) over all soil layers 
according to the effective root length of a layer (®,R,) expressed 
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as a fraction of the total effective root length of the soil profile, 
£(®,R,): 

where the saturation fraction ®( equals 8,76^, and 8, and 8sj 

(m3 m"3) denote actual and saturated water contents of layer i, 
respectively, R: (m m"3) is the root density of layer z', and 

T'=fc(l-&~°6lA')ET' (4) 

with fc (-) as an empirical crop factor, LAI (m2 m"2) as the Leaf 
Area Index, and ET* (m d"1) as the potential évapotranspiration 
according to Makkink (1957). When the vertical distribution of 
potential transpiration is described with Eqn. 3, preferential 
uptake from layers with high saturation fractions (Herkelrath et 
al., 1977) is simulated. 

The actual soil evaporation, Es, is calculated according to the 
empirical relationship proposed by Black et al. (1969): 

where E* (m d'1) is potential soil evaporation (ET*-T*), td (d) is 
time from the start of a drying cycle, and ß (d"1/2) is an empirical 
parameter. It is assumed that any drying cycle ends at a day 
with net precipitation Pn > 1 mm d '. 

Heat transport 
The model takes into account conductive and convective trans
port of heat in the soil: 

dCJ _ d 

dt dz dz 
(6) 

where Ch (J m3 K1) is the specific heat capacity, T (K) is tem
perature, À (J m"1 d1 K"1) is the effective heat conductivity, ]w 

(m d"1) is soil water flux, pm (kg m"3) is specific density of water, 
and Hw (J kg"1 K"1) is the specific heat capacity of water. 

Pesticide transport, transformation and sorption 
The pesticide fate model considers a three phase one-
dimensional soil column: 
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— (pX + 9c + eY) = 
(7) 

3 D | £_e u c + D ?L-jp 
ÓZ ÔZ y 

_9_ 

dz 'Ss ~RS 

where p (kg m"3) is dry bulk density of the soil, X (kg kg"1) is 
solid phase mass content, 8 (m3 m"3) is volumetric water content, 
c (kgm"3) is mass concentration in the liquid phase, D (m2 d') is 
hydrodynamic dispersion coefficient, v (m d"1) is flow rate of the 
pore water, e (m3 m"3) is the volumetric air content, Y (kg m"3) is 
concentration in the gas phase, DeF, (m2 d"1) is the effective 
Fickian diffusion coefficient of gas in soil, ƒ (kg m"2 d ') is pres
sure adjustment flux (Freijer and Leffelaar, 1996), Ss (kg m 3 d') 
is rate of plant uptake of the pesticide, and Rs (kg m"3 d"1) is rate 
of transformation of the pesticide. The hydrodynamic disper
sion coefficient is comprised of terms from molecular diffusion 
and dispersion due to mechanical mixing during advection: 

D = alD0+L\v\ (8) 

where a, (-) is soil matrix factor quantifying reduction of diffu
sion in porous medium, Do (m

2 d"1) is molecular diffusion coeffi
cient in water, L (m) is dispersivity, and v (m d'1) is flow rate of 
the pore water. The effective Fickian diffusion coefficient is cal
culated according to Bakker and Hidding (1970): 

Dr,F,=as(e-erj)DoFl (9) 

where DoF: (m
2 d"1) is the effective diffusion coefficient of gas in 

free air, a is an empirical parameter, and zo (m
3 m'3) is the air 

content at a pressure head corresponding to the air-entry value. 
Equilibrium sorption onto the soil solid phase is described 

with the Freundlich equation: 

X = KFc1/n (10) 

where KF (m3/" kg"17") is the Freundlich sorption coefficient, and 
1/n is the Freundlich exponent. The Freundlich coefficient is 
calculated from the coefficient for distributing the substance 
over organic matter and water, Km (m3 kg"1) (Boesten and van 
der Linden, 1991): 

K F = / o m K o m c i - ( 1 / n ) (11) 
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where ƒ,„, (kg kg') is the mass fraction of organic matter, and c, 
(kgrh3) is the concentration at which KF has been calculated 
(usually 1 g m3). The dissolved and gaseous phases are as
sumed to be in equilibrium in accordance with Henry's law: 

Y = KHc (12) 

where KH (m3 rh3) is the Henry coefficient. 
The transformation of a pesticide in the soil, Rs, is described 

with a first-order rate equation (Boesten and van der Linden, 
1991): 

Rs=fTfPfz^-c (13) 
U150 

where fT, f and/ , (-) are reduction factors accounting for the in
fluence of temperature, soil-water pressure head and depth in 
soil, DT50 (d) is the disappearance half-life under reference con
ditions (i.e. measured in freshly sampled top-soil at a tempera
ture of 293 K, and at a soil water pressure head of -1 m), and c* 
(kg m"3) is the total content of pesticide in the soil system. The 
reduction factors are described by: 

fT=e*p[y(T-Tref)\ (14) 

and 

fp=min[l,{hrtf/h)B\ (15) 

where B (-) and v (K-l) are empirical parameters, T (K) is pre
vailing soil temperature, Tref (K) is reference temperature (293 
K), h (m) is soil-water pressure head, hrtf (m) is reference soil-
water pressure head (usually -1 m), and min refers to 'mini
mum of'. The depth-in-soil function, fz, accounting for depth 
distribution of microbial activity, is described through a table. 
PESTRAS includes algorithms for the simulation of parent-
daughter relationships. 

The uptake rate of a pesticide by plant roots from soil, Ss, is 
described by: 

Ss=fucSwc (16) 

where fuc (-) is an empirical transpiration stream concentration 
factor, Sw (d1) is the sink term accounting for water uptake by 
plant roots, and c (kg m'3) is mass concentration of pesticide in 
the liquid phase. 
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Database development and database structure 
The PESTRAS model contains 53 parameters, of which 30 depend 
either on soil type, crop type or climate. These parameters were 
stored in a GIS database. It was clear that organization of these 
parameters within the database is important to (Vaughan and 
Corwin, 1994): (i) establish a hierarchy, (ii) minimize the data 
requirement, and (iii) reduce the number of unique combina
tions (mega-plots) and computation time. 

A first step in achieving these goals was to classify parame
ters as either 'spatially-distributed' or 'spatially-constant' (Fig
ure 1). The reason for classifying a parameter spatially-constant 
is sometimes obvious. Chemical properties, such as the disap
pearance half-life under reference conditions, and the coeffi
cient for partitioning between water and organic matter are de
rived from standard experiments, and their values are assumed 
constant. Ambient air-temperature was considered spatially-
constant as the variation across the Netherlands is small (9 < T 
< 10 °C; T is average annual temperature). This applies to both 
the climatic records, and the seasonal course of temperatures. 
Parameters such as the application schedule are assumed spa
tially-constant simply because it is the aim of our study to have 
the vulnerability assessment independent of management 
practices. Daily precipitation and évapotranspiration rates were 
obtained by combining maps of long-term (1961-1990) average 
annual precipitation and évapotranspiration with daily records 
from a reference site and year (relationship represented by 
dashed line). This calculation is only appropriate if the seasonal 
course of rainfall and evaporation shows comparable patterns 
across the area considered. This assumption holds for climatic 
records as shown by maps published by the Royal Netherlands 
Meteorological Institute (KNMI, 1972), but large deviations 
may occur for single years. In other words: more detailed 
weather data are required if one wants to calculate actual pesti
cide leaching rates for a particular year. 

A final reduction of the number of unique combinations was 
achieved by classifying continuous basic data into a number of 
discrete classes. Ideally, the selection of classes is assessed by 
varying the number of classes and quantifying the sensitivity of 
vulnerability to such variations. In this study, however, the 
number of classes was based on preceding sensitivity analyses 
(Boesten, 1991; Tiktak et al., 1994b), which showed high sensi-

100 



APPLICATION OF GIS TO THE MODELING OF PESTICIDE LEACHING 

Figure 1 
Structure of the 
PESTRAS database. 

tivity of pesticide leaching to the organic matter content, and 
moderate sensitivity to precipitation, soil physical characteris
tics, crop-type, and ground-water depth. On the basis of these 
analyses, the number of classes was set highest for the organic 
matter content map. Once the number of classes was deter
mined, these maps were sliced into classes of equal area, and 
the mean of each class was calculated. 

Reference 
weather 

Time-series of 
weather-data for a 
reference site and 
-year. 

Daily 
precipitation 
and 
évapo
transpiration 
corrected for 
long-term 
averages. 

Temperatures 

Daily 
ambient air 
temperature, 
temperature at 
lower boundary 

Spatially-constant 
parameters 

Scenario 

Initial pesticide 
content, 
application 
schedule and 
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ploughing 
schedule. 
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conductivity 
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boundary, 
ditch height, 
and drainage 
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Linkage between PESTRAS and the GIS 
Figure 2 shows the linkage between the database and the 
model. Arc/Info was the Geographical Information System 
utilized for the work discussed here. However, the methodol
ogy presented should be applicable to any GIS package that in
terfaces with a relational database. First, the basic maps were 
stored in the GIS, reclassified, and the mean value for each class 
was calculated (see preceding section). Then, the maps were 
combined to obtain a map of unique combinations or mega-
plots. The actual linkage between the model and the database 
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was established through files (loosely coupled model; Bur-
rough, 1996). An external program GEOPESTRAS reads, for each 
single model run, one record from the Value Attribute Table 
(VAT) containing information on soil-texture class, organic 
matter content class, land-use type, etc. Using this information, 
corresponding records in INFO tables were selected, and derived 
variables were calculated. After combining all spatially-
distributed parameters with spatially-constant parameters such 
as pesticide properties, the model was executed. Maps of cal
culated results were obtained by combining in the GIS the 
simulated values with the map of unique combinations. 

Figure 2 
Incorporation of 
PESTRAS into the GIS. 
Arrows indicate flows 
of information. 
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Model inputs 

Basic spatially-distributed data 
The geographic distribution of the long-term averages of pre
cipitation for the period 1961-1990 was based on measurements 
at 172 precipitation observation stations. Because the precipita
tion stations were not uniformly distributed across the Nether
lands, averages of precipitation were interpolated from the pre
cipitation stations onto a uniform grid (500x500 m2), using an 
inverse-distance-squared spatial interpolation algorithm. The 
continuous map thus obtained was sliced into a map with four 
classes of equal area: P < 764 mm a"1 (mean of class is 748 mm 
a', and standard deviation is 18 mm a"'), 764 < P < 794 mm a1 

(779±13), 794 < P < 819 mm a1 (806±10) and P > 819 mm a1 

(843+24). The spatial pattern of precipitation amount is strongly 
affected by the North Sea to the West, and by differences in ele
vation (Color plate 1). 

The spatial pattern of the long-term averages of the potential 
évapotranspiration (1961-1990) was derived from evaporation 
figures published by the Royal Netherlands Meteorological In
stitute. These figures were based on observations at the 15 ma
jor weather stations. A drawback of this observational network 
is that the coastal area is poorly represented. For this reason, 
additional points were added in the Western and Northern 
parts of the Netherlands, based on observations of sunshine du
ration published in the climatic atlas of the Netherlands (KNMI, 
1972). The point data were interpolated onto a uniform grid 
(500x500 m2), using the above mentioned interpolation routine, 
and sliced into two classes with equal area, i.e. ET* < 547 mm a 
(mean value within class is 533 mm a"1, and standard deviation 
is 13 mm a"1) and ET* > 547 mm a"1 (565±17). 

Information on land-use types based on LANDSAT images 
were available for 25x25 m2 grid cells (Thunissen et al., 1992). 
Using the information of 400 25x25 m2 grid cells, the relative 
area of various agricultural crops was calculated for each of the 
500x500 m2 grid cells used in this study. All arable crops were 
taken together, and finally two classes were distinguished: 
meadows (61% of total agricultural area) and arable land (39% 
of total agricultural area). The final land-use map is assigned 
the dominant of these two land-use types. 
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Table 1 
Groundwater depth 
classes for the six 
units at the ground
water depth map in
cluded in the PESTRAS 
database. 

Long-term average minimum and maximum groundwater 
depths are represented at the Soil Map of the Netherlands as so 
called groundwater-depth-classes (GWC). Predominant 
groundwater-depth-classes for each 500x500 m2 grid cell were 
derived from the 1:50,000 digitized soil map (De Vries and 
Denneboom, 1993). The original groundwater-depth-classes 
were reclassified into six classes (Table 1), which correspond to 
the major classes at the 1:250,000 Soil Map. 

Groundwater table t GWC* Area MHW% MLW§ 
(%) (m) (m) 

Very shallow 1,11 13 0.1 0.5 
Fairly shallow III 11 0.2 1.1 
Moderately deep II*, III*, V, V* 26 0.3 1.4 
Fairly deep IV, VI 34 0.6 1.6 
Deep VII 9 1.0 2.0 
Very deep VII* 7 2.0 3.0 

t General classification at the 1:250,000 Soil Map of the Netherlands 
t Groundwater-depth class at the 1:50,000 Soil Map of the Netherlands 
§ MHW\s mean highest water table, and MLW\s mean lowest water table 

The organic matter content map included in the PESTRAS da
tabase was derived from an organic matter content map, based 
on the Soil Map of the Netherlands on a scale of 1:250,000. 
About 256 soil mapping units have been distinguished, distrib
uted over the map in 6500 polygons (average size of the map 
polygons is 500 ha). The organic matter content map gives the 
minimum, average, and maximum organic matter contents for 
each mapping unit as a function of depth. It was obtained by 
combining geographical data from the Soil Map with profile 
description data stored in the Soil Information System (De 
Vries, 1993), using an area weighed averaging procedure. The 
average organic matter content of the upper meter was calcu
lated, using a horizon thickness weighed averaging procedure. 
Finally, the organic matter content map was converted to a grid 
map (500x500 m2), and sliced into 10 classes of equal area. The 
mean percentages of organic matter and the standard devia
tions for each distinguished class are: 0.4±0.03, 0.95±0.05, 
1.22±0.06,1.43+0.06,1.58+0.07, 1.8±0.2, 2.06±0.3, 3.01+1, 6.62±6, 
and 33.0±17. 

The map of soil physical characteristics included in the 
PESTRAS database was derived from the basic map of physical 
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Relative area, clay 
fraction, silt fraction, 
median particle size, 
and organic matter 
content for the nine 
units at the map of soil 
physical characteris
tics included in the 
PESTRAS database. 
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characteristics according to the 'Winand Staring Soil Series' 
(Wösten et al., 1994). In its turn, this map was derived from the 
soil texture and organic matter content maps of the topsoil (up
per 10 cm), and from the soil codes at the 1:250,000 digital soil 
map, using a program written in Arc Macro Language (AML). 
The soil texture map included information on clay content, silt 
content and sand content, and on the median particle size of the 
sand fraction (M50). The soil texture map was derived in much 
the same way as the basic organic matter content map. The final 
map was created by aggregation. Classes were aggregated to 
one class if they showed comparable soil physical characteris
tics, or when the relative area of the individual classes was 
small. This yielded a total number of nine classes (Table 2). 

Name Codet Area 
(%) (%) (%) 

M50t 
(u.m) (%) 

Coarse sand 
Fine sand 

B5 
B1 

4 
21 

0-8 
0-8 0-10 

210-2000 
0-210 

0-15 
0-15 

Loamy fine sand 
Light sandy clay 
Heavy sandy clay 
Clay 

B2-B4 
B7-B8 
B9 
B10-B12 

26 
13 
11 
8 

0-8 
8-18 

18-25 
25-100 

10-50 0-210 0-15 
0-15 
0-15 
0-15 

Loam B13-B14 2 - 50-100 - 0-15 

Peat B15-B18 10 - - - 15-100 

glacial till B16 5 - 0-50 50-2000 0-15 

t Refers to the topsoil in the 'Winand Staring Soil Series' (Wösten, 1994). 
t /L is clay fraction, fs,„ is silt fraction, fam is organic matter content, and M50 is median particle size 

of the sand fraction. 

Derived spatially-distributed parameters 

Daily precipitation and évapotranspiration rates were obtained 
by combining the maps of long-term (1961-1990) average an
nual precipitation and évapotranspiration with daily records 
from a reference site and year: 

Pd - Pd.ref p 
Pn 

a.ref 
and ETd=ETd:ref 

ETTn 

ET, 
(17) 

a.ref 

where the suffix ref refers to a reference meteorological record, 
and d and a refer to daily and annual, respectively. Reference 
meteorological conditions were those observed in 1980 in De 
Bilt, situated in the center of the Netherlands. Notice that Eqn. 
17 can only be applied for areas within one climatic zone, 
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where the seasonal distribution of rainfall and evaporation 
shows comparable patterns across the area. The most important 
crop dependent parameters are the Leaf Area Index (LAI), the 
rooting depth (RriJ, and the crop factor (fc). All these parame
ters are time-dependent (Table 3). 

The depth distribution of the organic matter content was cal
culated for each organic matter class according to: 

ƒ _ r- Jom,avg 
Jom.i ~ Jom.i.ref f, om, ref, avg 

(18) 

Table 3 
The Leaf Area Index 
( LAI), crop factor (Q, 
and rooting depth 
(/?„,„) on three selected 
times within the grow
ing season. 

where fmi (-) refers to the organic matter content of soil layer i, 
L„M'S (") refers to the average organic matter content of the upper 
meter, and the suffix ref refers to a reference profile. The refer
ence profile is a humic sandy soil profile with 4.7% of organic 
matter in the top 0.3 m, 0.8% in the 0.3-0.5 m soil layer, 0.1% in 
the 0.5-1.0 m soil layer, and zero below 1 m. 

Crop type LA/(m2 m2) 
Day of year 

120 180 210 

Day of year 

120 180 210 

Day of year 

120 180 210 

Grass 
Arable land f 

1.5 
0.0 

2.5 
1.0 

3.5 
3.5 

1.0 
0.0 

1.0 
1.3 

1.0 
1.2 

0.2 
0.0 

0.2 
0.2 

0.2 
0.4 

t Properties for maize 

Soil hydraulic properhes are represented in PESTRAS as (van 
Genuchten, 1980): 

0(h) = 9 r +-
es - e r 

[l + falhf1] 
H i m 

and 

K(h) = K U - ( a | h , n - l [l + (a |h i J i i -m i 2 

[l + (a |h in im/2 

(19) 

(20) 

where 6s (m3 m3) is saturated volumetric water content, 6, 
(m3 m"3) residual water content, a (m1) reciprocal of the air entry 
value, Ks (m d') saturated hydraulic conductivity, n (-) a pa
rameter, and m = 1-1 /n. Parameter values were selected from 
the 'Winand Staring soil series' in which parameter values are 
given for 18 texture classes (Wösten et al., 1994; Wösten et al, 
1995). For each major soil type, the set of parameters associated 
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with the dominant texture class within each major soil type was 
considered. 

The pore volume, cp (m3 m"3) was calculated from the satu
rated soil water content by: 

<p = 1.198 9«. (21) 

The factor 1.198 was included to account for the effect of resid
ual air during soil wetting (Dracos, 1991). It corresponds to the 
average fraction of residual air (0.198) found by Freijer (1994). A 
continuous pedotransfer approach was used to relate the bulk 
density, pb (kg m3), to the organic matter content (Bollen et al., 
1995): 

p„ =1799.7 + 1236.0f'„„, -2910.0^7^" (r2 =0.9l) (22) 

The density of the soil solid phase, ps (kg m~3) was calculated 
according to: 

(23) 
(1-cp) 

The air-filled porosity at the air-entry value, zo (Eqn. 9), was cal
culated from cp-9c, where 6Q is the water content at a pressure 
head equal to the air-entry value (-I/o). Parameter a (Eqn. 9) 
was calculated from measured diffusion characteristics (Freijer, 
1994), and was set equal to 1 for sand, loam and peat soils, and 
0.5 for sandy-clay, clay, and boulder-clay soils. 

Spatially-constant parameters 
The reduction function for water uptake, f(h) (Eqn. 2), was set at 
1 (no reduction) for h > -500 cm, and decreased linearly to 0 
between h = -500 cm and h = -800 cm. Parameter ß (Eqn. 5) de
scribing the reduction of evaporation due to drying of the top 
layer was estimated to be 2 mm1/2 (Boesten and Stroosnijder, 
1986). 

The dispersion length L (Eqn. 7) was set at 0.05 m for all soil 
types, which is in the range of values found by van Ommen et 
al. (1989). The tortuosity factor for diffusion a, (Eqn. 7) was as
sumed to be a function of the water content as described by 
Leistra (1978). 

Pesticides under consideration were hydroxy-chlorothalonile 
(DT50 = 387 d, Km = 14 L kg1, and KH = 0), bentazone (DT50 = 16 
d, Koin = 0.4 L kg1, KH = 0), arrazine (DT50 = 50 d, Kom = 70 L kg' , 
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and KH = 0), and cz's-l,3-DCP (DT50 = 8 d, Kom = 15 L kg1, and KH = 
0.056 m3 m3). In the simulations for atrazine the daughter-
pesticide atrazine-desethyl (formation fraction 21%, DT50 = 45 
d and Kom = 18 L kg"1) was taken into account, as this metabolite 
has been found in the groundwater (Kohsiek, 1991). The 
Freundlich exponent, 1/n, was set equal to 0.9, which is the av
erage of values reported by Calvet et al. (1980). Hydroxy-
chlorothalonile, bentazone and atrazine were applied on May 
25 (spring application) and cz's-l,3-DCP was applied on No
vember 1 (autumn application). Application rate was 1 kg ha"1. 
The diffusion coefficient of pesticide in water was estimated to 
be 40 mm2 d"1 (Reid and Sherwood, 1966). The effective diffu
sion coefficient of pesticide in free air (DeffF) was estimated to be 
40 m2 d1. The parameter y in Eqn. 13 was 0.08 K"1, which is 
based on an Arrhenius activation energy of 55 kj mol"1. The pa
rameter B in Eqn. 12 was 0.25, which is the average of values 
found in 40 experiments with a range of pesticides and soils 
(Boesten and van der Linden, 1991). The factor^ in Eqn. 12 was 
1 in the top 0.3 m, and it decreased linearly to 0.9 at 0.5 m; be
tween 0.5 and 1.0 m it decreased linearly to zero (Boesten and 
van der Linden, 1991). The transpiration stream concentration 
factor for pesticide uptake, fuc, in Eqn. 15 was 0.5, which is the 
average of values reported in Briggs et al. (1982). 

Results and Discussion 

PESTRAS was used to obtain maps of the vulnerability of soils in 
the Netherlands to the leaching of hydroxy-chlorothalonile, 
bentazone, atrazine and ris-l,3-DCP. The end date for all simu
lations was set at the time that 0.01% of the applied dose was 
still present in the soil column. Using the procedure described 
above, the number of mega-plots for which the model had to be 
run could be effectively reduced from 93,000 (which is the total 
number of relevant 500x500 m2 grid-cells in the Netherlands) to 
897. For all these mega-plots, the execution time was approxi
mately 3 hours (HP workstation) for each pesticide considered. 
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Sensitivity of leaching to basic spatially-distributed 
parameters 
Table 4 shows the relative importance of transformation, up
take by plant roots, volatilization, and leaching for 18 combina
tions of basic spatially-distributed parameters. The table was 
obtained by varying one of the distinguished basic spatially-
distributed parameters, while keeping all other parameters con
stant. Figure 3 shows the average concentration of the four pes
ticides in the soil solution between 1 and 2 m depth for the 
same combinations. Notice that some combinations shown in 
the table are not realistic. They were added to show the effect of 
combining individual spatially-distributed parameters only. 
For example, peat soils with an average organic matter of 0.5% 
are non existing. Table 4 and Figure 3 show that transformation, 
uptake and leaching are strongly dependent on the pesticide 
considered. Boesten and van der Linden (1991) found that 
changing Kom or DT50 by a factor 2 usually changes the amount 
leached by roughly a factor 10. 

Soil type 
Soil type (i.e. soil physical characteristics) has a clear effect on 
both the magnitude of the maximum concentration, and the 
time that this concentration was reached (Figure 3), caused by 
differences in the water holding capacity of the soils. Notice 
that differences in the magnitude of the concentration are high
est for mobile pesticides, such as bentazone. The fraction of 
pesticide taken up is highest in sandy soils and lowest in peat 
soils (Table 4). This effect is caused by differences in the soil 
water content (highest in peat soils), which in turn causes dif
ferences in the aqueous concentrations after application (lowest 
in peat soils), and root uptake fluxes (Eqn. 15). At the same 
time, the fraction of pesticide transformed is highest in peat 
soils. This difference is explained by higher residence times in 
peat soils. The overall result of these two processes is that 
leaching from peat soils is lowest, whereas the opposite is true 
for sandy soils (Table 4). Notice that the relative importance of 
loss pathways is less sensitive to soil physical characteristics 
(dependent on soil type) for atrazine. This confirms findings in 
an earlier sensitivity analysis (Tiktak et al., 1994b), which 
showed that the fraction of pesticide leached from the upper 
meter is most sensitive to sorption parameters with higher val-
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ues of Kom. Soil type has a tremendous effect on volatilization 
of ris-l,3-DCP. In sandy soils, soil water pressure heads were 
usually below the air entry value during the first 14 days after 
application, while pressure heads were above the air entry 
value in other soils. Thus, in heavier textured soils, transport by 
Fickian diffusion is blocked and volatilization negligible. It 
should be noted that these differences are less pronounced 
when the pesticide is applied in spring (data not shown). No
tice that the effect on leaching of ris-l,3-DCP is less extreme. 
This corresponds to findings by Freijer et al. (1996) who found 
that when the fraction volatilized decreased, the remainder 
usually transformed (competition between transformation and 
volatilization). 

Crop type 
The most important parameters for the fate of pesticides in re
lation to crop-type are the maximum root penetration depth, 
and crop phenology (Table 3). Pesticide uptake is highest for 
grass (Table 4). This is the result of the shallow root depth, 
causing high water uptake fluxes from the upper soil layer, 
close to the point of pesticide application. The overall effect is 
that leaching from grassland is lowest. Notice that the effects of 
crop type are most pronounced for mobile pesticides (relatively 
high aqueous concentration). Cz's-l,3-DCP is not or hardly taken 
up by the crop, as it is applied in autumn. 

Organic matter content 
Generally, the fraction of pesticide leached from the upper me
ter decreases with increasing organic matter content. The same 
is true for the uptake fraction. Table 4 shows only one exception 
to this general rule: the fraction of hydroxy-chlorothalonile 
leached from the soil column is highest for the second organic 
matter category. This is the result of calculated high uptake 
rates for soils with very low organic matter contents, which 
agrees with findings of Leistra and Dekkers (1976) who found 
very high uptake rates when KoJom = 0. The table shows that the 
leaching potential of atrazine depends almost entirely on or
ganic matter content, confirming results of the earlier sensitiv
ity analysis as described before. 
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Groundwater level 
Table 4 shows that the fraction leached from the upper meter is 
highest in cases with deep groundwater tables, where upward 
water flow is negligible. With deep groundwater tables, soil 
water contents in the uppermost soil layer are relatively low. As 
a results, aqueous concentrations of pesticide directly after ap
plication are high, causing high uptake fractions (see discussion 
above). A contrasting effect of these low soil water contents is 
reduction of pesticide transformation (Eqn. 15). For the selected 
pesticides the effect on transformation is somewhat greater 
than the effect on uptake, resulting in higher leaching levels for 
deep groundwater tables. For atrazine there is hardly any effect 
on transformation. This pesticide will be retained in the upper 
soil layers for a longer time where it will be subject to transfor
mation when soil water contents increase later on in the season. 
Figure 3 clearly shows the longer breakthrough time for atra
zine, compared to hydroxy-chlorothalonile and bentazone. Dif
ferences in the leaching fraction are most pronounced for 1,3-
DCP. This is caused by Fickian diffusion of this pesticide, re
sulting in enhanced transport in cases with deep groundwater 
tables to both the atmosphere, and the groundwater. 

Annual precipitation 
Annual precipitation amounts have only a minor effect on 
model outputs (Table 4 and Figure 3). It may be questioned 
whether this is primarily caused by the assumption that the 
temporal dynamics of rainfall is constant across the country. 
However, even in the Netherlands where differences in altitude 
are in the order of tens of meters, a clear orographic effect on 
precipitation is found, and it is generally acknowledged that 
the seasonal variation of rainfall is different for regions with 
higher altitude (more thunderstorms in summer). To check the 
effect of precipitation distribution during the year, 30 simula
tions were done with different distributions of rainfall over the 
season, but with equal amounts of annual precipitation. For 
each individual model run, daily weather conditions were de-
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Table 4a 
Cumulative fluxes of 
atrazine and benta-
zone (% of applied 
dose) at the end of the 
simulations for 18t 
combinations of basic 
spatially-distributed 
parameters. Both pes
ticides were applied on 
May 25 (spring appli
cation). 

Variable t; Atrazi ne Bentazone 

fr,§ K, K K fr,% K, K K 
(%) (%) 

Effect of soil type 
loam-poor sand 1.2 0.0 92.9 5.9 2.6 0.0 76.0 21.4 
loamy-sand 1.2 0.0 92.9 5.9 2.3 0.0 76.7 21.0 
sandy-clay 1.0 0.0 93.2 5.8 0.8 0.0 81.5 17.7 
silty-loam 1.1 0.0 93.1 5.8 0.8 0.0 81.7 17.5 
clay 0.7 0.0 93.7 5.6 0.3 0.0 85.1 14.5 
peat 0.5 0.0 93.9 5.6 0.2 0.0 85.2 14.6 

Effect of crop type 
grass 0.8 0.0 89.5 9.7 3.2 0.0 68.6 28.3 
maize 1.2 0.0 92.9 5.9 2.3 0.0 76.7 21.0 

Effect of organic matter conten 
0.4 % 7.8 0.0 76.7 15.5 2.5 0.0 75.9 21.6 
1.2 % 1.9 0.0 91.0 7.1 2.4 0.0 76.5 21.1 
1.6 % 1.2 0.0 92.9 5.9 2.3 0.0 76.7 21.0 
2.1 % 0.7 0.0 94.4 4.9 2.2 0.0 76.9 20.9 
6.0 % 0.0 0.0 97.6 2.4 1.9 0.0 78.3 19.8 

Effect of Groundwater Class 
very shallow 1.1 0.0 93.2 5.7 1.1 0.0 78.9 20.0 
fairly shallow 1.1 0.0 93.2 5.7 1.2 0.0 78.1 20.7 
moderately deep 1.2 0.0 92.9 5.9 2.3 0.0 76.7 21.0 
fairly deep 1.4 0.0 92.7 5.9 2.3 0.0 74.3 23.4 
deep 1.7 0.0 92.1 6.2 2.2 0.0 69.2 28.6 

Effect of precipitation 
748 mm a1 0.9 0.0 93.2 5.9 1.4 0.0 76.8 21.8 
779 mm a"1 1.0 0.0 93.1 5.9 1.8 0.0 76.8 21.4 
808 mm a"1 1.2 0.0 92.9 5.9 2.3 0.0 76.7 21.0 
819 mm a' 1.5 0.0 92.6 5.9 3.0 0.0 76.4 20.6 

The total number of lines in the table is 22, as the default combination 
loamy-sand, maize, 1.6%, moderately deep, 808 mm a ' is listed in all 
series. 
This column only shows the variable that deviates from the default com
bination. 
fr,(%) is fraction leached from the upper meter of the soil column, frM 

(%) is fraction volatilized, frlr (%) is fraction transformed, and frup (%) is 
fraction taken up by plants. 
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Table 4b 
Cumulative fluxes of 
hydroxy-
chlorothalonile and c/s-
1,3-DCP (% of dose) at 
the end of the simula
tions for 18t combina
tions of basic spatially-
distributed parameters. 
Chlorothalonile was 
applied on May 25, 
DCP on November 1. 

Variable t Hydroxy- c/s-1,3-DCP 
chlorothalonile 

K 
chlorothalonile 

K fr,% K, K K 
(%) (%) 

Effect of soil type 
loam-poor sand 18.2 0.0 73.2 8.6 2.8 32.0 65.2 0.0 
loamy-sand 18.1 0.0 73.3 8.6 2.2 33.1 64.7 0.0 

sandy-clay 17.5 0.0 74.3 8.2 0.5 0.0 99.5 0.0 

silty-loam 17.7 0.0 74.1 8.2 0.6 0.0 99.4 0.0 

clay 16.5 0.0 75.7 7.8 0.2 0.0 99.8 0.0 

peat 16.0 0.0 76.2 7.8 0.1 0.0 99.9 0.0 

Effect of crop type 
grass 15.6 0.0 73.6 10.8 1.7 33.4 64.3 0.0 
maize 18.1 0.0 73.3 8.6 2.3 33.1 64.7 0.0 

Effect of organic matter content 
0.4 % 17.1 0.0 69.6 13.3 4.6 48.6 46.8 0.0 
1.2 % 18.2 0.0 72.3 9.5 2.7 36.5 60.8 0.0 

1.6 % 18.1 0.0 73.3 8.6 2.2 33.1 64.7 0.0 

2.1 % 17.6 0.0 74.6 7.8 1.6 29.7 68.7 0.0 

6.0 % 12.5 0.0 81.7 5.8 0.2 17.4 82.4 0.0 

Effect of Groundwater Class 
very shallow 17.8 0.0 73.8 8.4 0.5 6.8 92.7 0.0 
fairly shallow 17.9 0.0 73.7 8.4 0.7 16.1 83.2 0.0 

moderately deep 18.1 0.0 73.3 8.6 2.2 33.1 64.7 0.0 

fairly deep 18.4 0.0 72.9 8.6 3.6 34.7 61.7 0.0 

deep 19.1 0.0 72.4 8.5 5.2 36.4 58.4 0.0 

Effect of precipitation 
748 mm a"1 16.9 0.0 74.1 9.0 1.7 33.9 64.4 0.0 
779 mm a"1 17.6 0.0 73.7 8.7 1.9 33.4 64.7 0.0 

808 mm a ' 18.1 0.0 73.3 8.6 2.2 33.1 64.7 0.0 

819 mm a"1 18.7 0.0 72.9 8.4 2.7 32.6 65.0 0.0 

The total number of lines in the table is 22, as the default combination 
loamy-sand, maize, 1.6%, moderately deep, 808 mm a' is listed in all 
series. 
This column only shows the variable that deviates from the default 
combination. 
fr, {%) is fraction leached from the upper meter of the soil column, frM 

(%) is fraction volatilized, fr„ (%) is fraction transformed, and frup (%) is 
fraction taken up by plants. 
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Figure 3a 
Sensitivity of the aver
age concentration of 
atrazine and benta-
zone in the soil solu
tion between 1 and 2 
m depth to soil type, 
crop-type, organic-
matter content, 
groundwater depth 
and annual precipita
tion. 
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Figure 3b 
Sensitivity of the aver
age concentration of 
hydroxy-
chlorothalonile and cis-
1,3-DCP in the soil 
solution between 1 and 
2 m depth to soil type, 
crop-type, organic-
matter content, 
groundwater depth 
and annual precipita
tion. 
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rived from the 1961-1990 climatic record from 'De Bilt' by the 
equation 

Pk=Pd^- (24) 

where P/ (m d"1) is corrected daily precipitation, Pd (m d"1) is 
measured daily precipitation, Pa (m a"1) is long-term average 
annual precipitation, and Pa (m a"1) annual precipitation for an 
individual year. As the variation of rainfall distribution across 
the country rarely exceeds the variation between individual 
years, these simulations provide a worst-case estimate of the 
uncertainty due to different seasonal distributions of rainfall. 
Figure 4 summarizes the results of the simulations as a cumu
lative frequency distribution function. This figure shows that 
the variation of the maximum concentration in the 1-2 m soil 
layer, expressed as a fraction of the long-term average value is 
highest for the mobile pesticide bentazone, and lowest for the 
pesticide with the highest disappearance half-life, hydroxy-
chlorothalonile. Generally, predicted concentrations are highest 
for those model-runs with high precipitation within one month 
after pesticide application. This phenomenon can be explained 
as follows: When it rains within a few days after pesticide ap
plication, a mobile pesticide will be quickly transported to 
greater depths, where it is subject to slower degradation. This 
causes both high leaching fractions, and high concentrations of 
pesticide in the shallow groundwater. This effect is negligible 
for pesticides with long half-lives (hydroxy-chlorothalonile). 
The behavior of atrazine is in between. 

Vulnerability maps 
Color plate 2 shows the simulated maximum concentration of 
atrazine, bentazone, hydroxy-chlorothalonile, and cis-l,3-DCP 
in the 1-2 m soil-layer. For the generation of these maps, the 
standard scenario as described before was used. The point in 
time associated with the maximum concentration depends on 
both pesticide properties and soil properties, and ranges from 
400-1200 days (see also Figure 3). Table 5 shows the percentage 
of agricultural land in the four concentration classes shown in 
Color plate 2. Approximately 76% of the agricultural land is 
vulnerable to the leaching of atrazine (i.e. predicted concentra
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tion above the EU drinking-water standard of 0.1 ug L"1). For 
bentazone, hydroxy-chlorothalonile, and cz's-l,3-DCP these fig
ures amount to 94%, 83% and 78%, respectively. Very vulner
able (concentration above 1 ug L/1) soils are primarily found for 

Figure 4 
Cumulative distribution 
functions of the maxi
mum concentration of 
pesticide in the 1-2 m 
soil layer, scaled to the 
long-term average 
maximum concentra
tion. 

Cumulative fraction 

1.0 1.2 1.4 1.6 1.8 
cmax/(long-term average(cmaJ) 

bentazone and hydroxy-chlorothalonile. Table 6 shows the lin
ear correlation coefficients amongst each of the six basic spa
tially-distributed parameters on the one hand, and the maxi
mum concentration in the shallow groundwater on the other 
hand. Each pesticide is most strongly correlated with a different 
basic spatially-distributed parameter. For example, the maxi
mum concentration of atrazine correlates strongly with organic 
matter content, the map of the maximum bentazone concentra
tion shows most resemblance with the soil type map, and the 
concentration of dichloropropene correlates most strongly with 
groundwater depth class. The table also shows that precipita
tion, évapotranspiration and crop-type do not or hardly corre
late with the maximum concentration. All these findings are 
entirely in line with results in section 3.1. Summarizing it can be 
stated that: 
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Table 5 
Distribution of agricul
tural land over the four 
concentration classes 
shown in Color plate 2. 
Pesticide dose is 
1 kg ha'. Soils are 
classified 'vulnerable' if 
the predicted concen
tration is above 
0.1 Mg L'. 

c 
(P9 L') 

Percentage of agricultural land Table 5 
Distribution of agricul
tural land over the four 
concentration classes 
shown in Color plate 2. 
Pesticide dose is 
1 kg ha'. Soils are 
classified 'vulnerable' if 
the predicted concen
tration is above 
0.1 Mg L'. 

c 
(P9 L') 

Atrazine t Bentazone 
t 

Chlorotha-
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c/s-1,3-
DCPt 
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Distribution of agricul
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tration is above 
0.1 Mg L'. 
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Table 5 
Distribution of agricul
tural land over the four 
concentration classes 
shown in Color plate 2. 
Pesticide dose is 
1 kg ha'. Soils are 
classified 'vulnerable' if 
the predicted concen
tration is above 
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Table 6 
Square of the linear 
correlation coefficients, 
/ , amongst each of the 
six basic spatially-
distributed variables 
on the one hand, and 
the maximum concen
tration on the other 
hand. All regression 
coefficients are signifi
cant at the 0.01 prob
ability level. 

moderately mobile and moderately degradable pesticides 
(e.g. atrazine) are highly dependent upon the organic matter 
content, which is a parameter relevant to the sorption of the 
pesticide 
the concentration of mobile pesticides with moderate to high 
half-lives (e.g. bentazone and hydroxy-chlorothalonile) 
shows strong correlation with the soil type map (soil physical 
conditions). 
the concentration of volatile pesticides is highly dependent 
upon soil type and groundwater level. 

Basic variable r2 

Atrazine Bentazone Chlorotha-
lonile 

cis-
1,3-DCP 

Organic matter content 0.941 0.639 0.602 0.821 
Soil type 0.600 0.897 0.799 0.601 
Groundwater-depth class 0.421 0.335 0.301 0.870 
Land-use type 0.066 0.037 0.078 0.021 
Precipitation 0.051 0.061 0.053 0.135 
Ref. évapotranspiration 0.023 0.041 0.035 0.017 

Visual comparison of Color plate 1 and Color plate 2 shows 
that despite the differences between the four pesticides, con
centration levels are lowest under peat soils, and concentrations 
are at their maximum under sandy and loamy soils with low 
organic matter contents (loess and dune soils). Notice that con
trary to the fact that the leaching of bentazone is virtually inde
pendent of organic matter content (Figure 3), the concentration 
of bentazone is highly correlated with organic matter content 
map. This is caused by cross-correlation between the soil tex
ture and organic matter content maps. This implies that conclu-
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sions about the underlying processes cannot be made by simply 
comparing pesticide leaching maps with a map of one single 
model input. 

Some remarks on uncertainty 
The output of any mathematical model is highly dependent 
upon the underlying model concepts, and assumptions about 
input parameters (Janssen and Heuberger, 1995; Leijnse and 
Hassanizadeh, 1994). In regional model applications, both the 
spatial variability of model parameters such as soil texture and 
organic matter content, and temporal variation of boundary 
conditions such as rainfall distribution affect the predictions. As 
both the concepts, and the parameters are incompletely known 
in natural systems, regional-scale model predictions will al
ways have a high degree of uncertainty, as shown, for example, 
by Loague et al. (1989). 

To evaluate the effects of the hypothesized relationships and 
assumptions in the model (transformation dependence on wa
ter content, temperature and depth-in-soil; equilibrium sorp
tion; no preferential flow), field tests are indispensable, as indi
cated by Wagenet and Rao (1985) and Boesten and van der Lin
den (1991). For validation of regional-scale models, it is neces
sary to have the model applied under a broad range of condi
tions. Recently, field tests of the underlying model were carried 
out in sandy soils (Boekhold et al., 1993; Van den Bosch and 
Boesten, 1994; Tiktak et al., 1998c). In the near future, the model 
will be applied to various field data-sets, and results will be 
compared to those generated by models including preferential 
flow (Jarvis, 1991). The lack of field-tests in fine-textured soils 
implies that currently the uncertainty about model concepts is 
higher in fine-textured soils than in sandy soils. However, some 
regional-scale monitoring data (Leistra and Boesten, 1989; 
Kohsiek, 1991) confirm the general patterns predicted by the 
model. Pesticides were only found in groundwater in regions 
that we classified vulnerable. 

The effect of uncertain model parameters is often assessed by 
performing Monte-Carlo simulations taking into account cross-
correlations between input variables (Heuberger and Janssen, 
1993; Loague et al., 1989; Tiktak et al., 1994b). A disadvantage 
of the Monte-Carlo technique for complex regional-scale mod
els is the large number of model runs that must be carried out. 
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Figure 5 
Cumulative distribution 
functions of the maps 
of the maximum con
centration of atrazine 
(left) and bentazone 
(right) in the 1-2 m soil 
layer, showing the ef
fect of spatial variation 
of organic matter (case 
1 ) and year-to-year 
variation of weather 
conditions (case 2). 
The gray area is 
bounded by those dis
tribution functions as
sociated with situa
tions of low and high 
leaching vulnerability, 
respectively. 

In this paper, the effect of uncertainty of two important basic 
spatially-distributed model parameters is assessed by system
atically changing one of these parameters, while keeping all 
other parameters constant. The effect of spatial variability of 
organic matter content within each mega-plot was assessed by 
calculating vulnerability maps using the minimum, mean, and 
maximum organic matter contents for each given 500x500 m2 

grid-cell. The minimum and maximum contents were deter
mined by looking up within each grid-cell the soil type with the 
lowest and highest organic matter content, the mean was cal
culated using an area weighed averaging procedure as de
scribed in the section on model inputs. The influence of tempo
ral variation of precipitation was assessed by calculating 30 
vulnerability maps for both pesticides, where each map is asso
ciated with weather conditions from a different year in the pe
riod 1961-1990. 
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matter content has a large effect on atrazine leaching, but also 
that the effect on bentazone leaching is negligible. Temporal 
variability of weather conditions, on the other hand, has a large 
effect on bentazone leaching. These findings are entirely in line 
with results from preceding sections, which showed high sen
sitivity to seasonal variability of weather conditions, but low 
sensitivity to annual rainfall amounts. Notice that the frequency 
distribution function of the atrazine leaching map associated 
with average organic matter contents is close to the minimum 
value. This supports the well known fact that simulations based 
on average soil properties (in this case organic matter content) 
may significantly underestimate the average leaching. 

These two examples demonstrate that the fate of pesticides is 
strongly dependent upon pesticide properties. They also dem
onstrate that general conclusions on the fate of pesticides in the 
soil cannot be drawn on the basis of results for a single pesti
cide, or a single parameter. 

Summary and Conclusions 

The pesticide leaching model PESTRAS in combination with a GIS 
proved to be a powerful tool in assessing both the magnitude of 
the leaching, and the total area involved. Using the mega-plot 
approach described in this article, the number of point locations 
for which the model had to be run to get spatial patterns for the 
Netherlands could be effectively reduced from 93000 to a man
ageable 897. As this method of regionalization is flexible, it can 
be easily adapted for other spatial scales (for example when 
variation in temperature must be taken into account). 

Results showed that with a standard dose of 1 kg ha"1, atra
zine, bentazone, hydroxy-chlorothalonile and cz's-l,3-DCP con
centrations in soil leachate were above the EU drinking-water 
standard (0.1 ug L"1) in 78%, 94%, 83%, and 78% of the agricul
tural area, respectively. Peat soils proved to be invulnerable to 
pesticide leaching, whereas sandy and loamy soils with low or
ganic matter contents were very vulnerable (concentration 
above 1 ug L"1). Results further showed that the fate of pesti
cides was strongly dependent upon pesticide properties. They 
also demonstrated that general conclusions on the underlying 
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processes could not be drawn on the basis of results for a single 
pesticide, or a single parameter. 

The model results can be used to classify the vulnerability of 
soils on a relative scale, and can be used to answer such ques
tions as 'In what regions can a certain pesticide be expected to 
leach in excess of allowable standards?'. It is nevertheless inter
esting to verify the absolute range of the predictions. Field tests 
of the underlying model under a broader range of conditions 
are therefore a clear research need for the near future. Such 
field tests should include an evaluation of the effects of the hy
pothesized relationships and assumptions in the model, quality 
of model input data, classifying the data, and error propaga
tion. Once properly evaluated on a field scale, information on 
pesticide application on a regional-scale will be incorporated in 
the GIS, and the model will be used to assess actual pesticide 
leaching rates. 
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Abstract 

Modeling Cadmium Accumulation in 
Soils at a Regional-Scale in the Nether
lands 

The cadmium content in soils in the rural environment in the Neth
erlands may increase towards an exceedance of quality standards due 
to atmospheric deposition and the use of fertilizers and animal ma
nure. To evaluate this problem, a simple dynamic, process-oriented 
model SOACAS has been developed which is aimed at predicting the 
accumulation of heavy-metals in the topsoil in a regional context. 
SOACAS describes the fate of a heavy-metal in one completely mixed 
soil compartment using a Freundlich sorption isotherm and analytical 
equations to solve the mass balance. We tested if it was possible to re
construct the soil's present cadmium contents, using independent es
timates of historical cadmium loads ('hind-cast simulation'). About 
2500 recent point observations of cadmium contents in rural areas 
were available. Before comparison, the observations were interpolated 
onto the model grid (resolution 500x500 m2). A regression model in 
combination with a locally-weighted smoother within the framework 
of Generalized Additive Modeling (CAM) was used for this purpose. A 
realistic geographical pattern could be obtained with very few a priori 
assumptions. Comparison of the map obtained by the GAM and the 
map obtained by hind-cast simulation showed that, despite the large 
uncertainties about historical cadmium loads, the model predictions 
were within a factor of 2 from the observed cadmium at 90% of the 
total area. Moreover, the geographical pattern for the observed and 
simulated contents compared reasonably well. This indicates that 
SOACAS is sufficiently evaluated to show regional differences, and to 
predict trends of future metal contents as a function of emis-
sion/immission scenario's. The simulations showed that cadmium 
contents currently decrease in highly polluted areas around industrial 
plants in the south-eastern part of the country, and still increase in 
arable land. 
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Introduction 

Since the sixties world-wide concern has grown about the dis
persion of the toxic heavy-metal cadmium into the rural envi
ronment. The primary reason for this growing concern was an 
environmental disaster in Japan, where paddy fields were con
taminated with cadmium from an upstream situated mine (Ki-
tagishi and Yamane, 1981). In the Netherlands, diffuse soil 
pollution with cadmium originates from atmospheric deposi
tion around industrial plants, the use of phosphate fertilizers 
and animal manure (Williams and Davis, 1976), and elevation 
of land with contaminated city compost (CCRX, 1985). The 
Dutch policy aims at sustainable soil quality management. 
From this point of view, further accumulation of cadmium in 
the soil is unacceptable, and reduction of immission to those 
soils where net-accumulation occurs is required. The fate of 
cadmium in the soil is determined by a number of processes, 
including transport, sorption, speciation, precipitation, and 
plant-uptake. The interaction between these processes is non
linear, making the use of simulation models in evaluating the 
effects of reduced soil loading indispensable. 

To study heavy-metal behavior and transport in soils, vari
ous models have become available, such as CHARON (De Rooy 
and Kroot, 1991), ECOSAT (Keizer and Van Riemsdijk, 1994), and 
PREEQM (Appelo and Postma, 1993). These models give a com
prehensive description of the above mentioned processes. 
However, input data for their application on a regional-scale is 
generally incomplete, and the computational demand is high. 
Therefore, the simple dynamic SOACAS model, aimed at the as
sessment of accumulation of heavy-metals in soils (Vissenberg 
and Van Grinsven, 1995), has been developed. 

SOACAS is primarily aimed at predicting heavy-metal accu
mulation. For a model to have predictive abilities, it is not 
enough to show the validity of the conceptual part of the 
model. It is also necessary to have a good knowledge of all 
boundary conditions, parameter values and their spatial and 
temporal variation for the system to be modeled (model vali
dation in a strong sense (Leijnse and Hassanizadeh, 1994). One 
method for validating a regional-scale model of heavy-metal 
accumulation is hind-cast simulation. In this procedure, it is 
tested whether it is possible to reconstruct the soils present state 
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using historical data on metal loads. If this state can be attained 
without further calibration, it can reasonably be stated that the 
model is a reliable predictor of future changes. However, in or
der to get confidence in the underlying process descriptions, it 
is still necessary to have the model applied to a number of field-
plots where most of the model-inputs can be obtained from di
rect measurements, and cadmium contents are available as a 
function of time. The reason is that it is not feasible to perform 
such an intensive measurement campaign on the national scale. 
Sverdrup et al. (1995) provide an example of such an analysis 
for a long-term mechanistic soil acidification model. 

For model validation, 2544 observations of cadmium con
tents, carried out between 1960 and 1988, were available (Van 
Driel and Smilde, 1981; Edelman, 1983; Van Toor and Van 
Vleuten, 1990; Van Duyvenbooden et al., 1995). In any valida
tion study, it is highly relevant to know how observed and 
simulated state variables are compared (in this case the current 
cadmium contents). So AC AS calculates average metal contents 
for gridcells of 500x500 m2, while the observations refer to fields 
of variable size. The fairest comparison between the model out
puts and the observations would require the calculation of 
gridcell averages. It is clear that there are not enough observa
tions available to calculate these gridcell averages directly form 
the measurements. Spatial-aggregation would require a model-
based approach, which is commonly known as block-kriging 
(Deutsch and Journel, 1992). This enables the use of point val
ues outside a block to predict block averages. Additional in
formation in the form of explanatory variables can be included 
(Pebesma and De Kwaadsteniet, 1998). Although a model-
based approach can potentially produce accurate predictions of 
block-averages, the accuracy is built on the presumption that 
the variable of interest satisfies an assumed spatial correlation 
model. The required knowledge of the variogram is problem
atic when performing block-kriging (Heuvelink and Pebesma, 
1998). For this reason, we have used a Generalized Additive 
Model (Hastie and Tibshirani, 1990). The GAM included a lo
cally weighted smoother of the X-Y plain, the soil organic-
matter content, the clay-content, and land-use type. It can be 
shown that there is a mathematical equivalence between GAMs 
and universal kriging (Hastie and Tibshirani, 1990). The most 
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attractive aspect of the GAM is that it is based upon the data, in
stead of being model-based. 

Figure 1 
Diagram showing the 
approach for the cur
rent validation study. 

Upscaling the observations 

Soil-
data 

Point 
observations 

Geographical 
coordinates 

Generalized Additive 
Model (GAM) 

Map based on the GAM 
(resolution 500x500 m2) 

Hind-cast simulation 

SOACAS (process-
oriented model); 

including (pedo)transfer 
. functions. 

Map obtained by SOACAS 
(resolution 500x500 m2) 

The actual comparison of model predictions with the obser
vations was done using graphical and statistical methods. The 
statistical method employed was the so-called factor-of-/ ap
proach (Parrish and Smith, 1990; Boekhold et al., 1993) which 
acknowledges that both the model predictions and field meas
urements cover a range of possible values. It concludes the 
model to be 'acceptable' when a range of measured values fall 
within the range of model predictions as defined by the size of 
the factor/. 

The objective for this paper is to present a method for com
parison of observed and modeled data, where observations and 
model results apply to different spatial scales. Another objec
tive is to test if it is possible to reconstruct the soil's present 
cadmium contents, using a simple heavy-metal accumulation 
model and independent estimates on historical cadmium loads. 

Materials and Methods 

Figure 1 summarizes the general approach for the current 
model evaluation study. This section describes the observed 
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cadmium content, the method for interpolating the observa
tions, and the process-oriented model SOACAS. 

Observed cadmium contents 

Sampling 
Data on cadmium contents were gathered from various inven
tories of Dutch soil survey institutes (Table 1). Generally, the 
following procedures were used. Forty samples were taken 
randomly at small fields (size of 20x20 m2). They were pooled to 
one sample before analysis. In arable fields sampling depth was 
20 cm, while in grassland and forest soils the top 10 cm and 5 
cm of the mineral soil were sampled, respectively. Total cad-

Table 1 
Data sources, number 
of observations, and 
period for the cad
mium content invento
ries. 

Source Period Number of observations Period 

Grass Agri Nature 
culture 

Van Driel&Smilde (1981) 1960-1980 40 74 0 
Van Driel &Smilde (1981) 1977-1978 90 984 0 
Edelman (1983) 1980-1983 0 0 40 

Van Toor & Van der Vleuten (1990) 1986-1987 513 573 0 
Van Duijvenbooden et al. (1995) 1988 12 20 8 
De Vries et al. (1996) 1988 0 0 150 

Total 1960-1988 645 1851 198 

mium content was determined by digesting a small sample in a 
concentrated acid solution (generally 3M HCl or a 3:2 mixture 
of HC104 and HNO,). As differences in analytical procedures 
may have biased the data set, Loch and Groot (1996) compared 
the analytical procedures used. They found that differences 
were approximately 5-10 %, which we judged acceptable. Table 
1 shows that the samples were derived over a timeperiod of 28 
years. As accumulation of cadmium has occurred over this 
time-period, it may be expected that this biases the data. In a 
regression analysis, Van Drecht et al. (1996) indeed found a sig
nificant time-trend, but the contribution to the total variance 
was in order of 5%. For this reason, this aspect has not been 
considered in this study. 
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Mapping the current cadmium contents 
In order to generate a map of the cadmium content in the up
permost soil layer based on the data, a regression model was 
constructed which included the geographical co-ordinates, soil 
characteristics and land-use type. The regression model was 
constructed within the framework of Generalized Additive 
Models (GAM) (Hastie and Tibshirani, 1990). GAM'S are exten
sions of Generalized Linear Models (GLM's) (McCullagh and 
Neider, 1989). Generalized Additive Models are flexible, as they 
allow for parametric and non-parametric response shapes, and 
their combination in one model. They include the use of smooth 
functions or smoothers. Smoothers display a trend in data 
without forcing them into a rigid form of dependence. They can 
fit any possible shape of response curve dependent on the re
sponses observed at neighboring values. Even smooth surfaces 
can be included into the model. The response curve is hence 
more data- than model-driven. In general terms, the GAM-
model can be summarized as: 

g(]i) = a+fjfJ[Xj) (1) 

where g(u) is called the link function, a is the intercept, and/(X;) 
are functions of all p predictor variables. These functions can 
either be linear functions, polynomials or smoothers. The link-
function describes in which way the estimated values u. are re
lated to the right-hand side of the equation. The link function 
can be the identity function but it can also be the logarithm or 
another function. The logarithm, for example, is widely used to 
transform a multipliable model into an additive model. 

In the present work, observed cadmium contents were fitted 
to predictor variables by multiple regression, using the GAM 
option of the statistical package S-Plus (Chambers and Hastie, 
1992). In this kind of regression, a model is fit iteratively mini
mizing the residual deviance, D. We used the percentage of ex
plained deviance (%D) to compare the fit of the GAM. Candidate 
predictor variables included the soil organic matter content, the 
clay content, pH, land-use type, and geographical co-ordinates. 
The mass fractions of clay and organic matter, and the soil pH 
were included as linear terms in the model, and land-use types 
were included as indicator variables. A smoother function of 
the X-Y plain was included in the model to account for specific 
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geographical dependencies due to, for example, historical dif
ferences in the geographical pattern of cadmium loads. We 
used a locally weighted smoother (loess). Within the loess 
function the estimated values corresponding to the observa
tions are estimated by linear regression using only a fraction of 
the total observations. In addition, each neighborhood is 
weighted according to its distance from the observation point: 
Distant points are given less weight than the closer points. The 
fraction of the total amount of observations used for estimation 
is called the span. The best model was chosen by bi-directional 
stepwise selection of predictor variables and spans, aimed at 
minimizing the Aie statistic (Chambers and Hastie, 1992). 
Within the framework of any regression model (and also within 
GAM), assumptions must be made on the statistical distribution 
of the observations. A distribution implies assumptions on the 
relation between the variance and the mean, and on how the 
response variable is related to the predictor variables, the link-
function. As no prior information on the distribution was avail
able, we restricted the assumptions to the variance function and 
the link function only, using quasi-likelihood functions 
(McCullagh, 1983). These weaker assumptions can be verified 
easily with the data at hand. 

The heavy-metal accumulation model SOACAS 
SOACAS has been developed with two objectives: (i) derivation 
of critical metal loads, and (ii) description of the long-term re
sponse of heavy-metal contents to soil loads in a regional con
text. SOACAS describes the fate of a metal in one completely 
mixed soil compartment. Metals inputs considered are atmos
pheric deposition, fertilizers, and animal manure. After addi
tion, these metals are partitioned over the mobile and immobile 
phases. Finally, part of the metal is removed from the system 
by leaching and harvesting Leaching is represented in the 
model by a first-order rate process, while equilibrium parti
tioning between the mobile and immobile phases is described 
by a Freundlich isotherm. Uptake of cadmium by plants is lim
ited (Bergkvist et a l , 1989), and therefore the effect of harvest
ing is ignored. An important feature of the model is that it can 
easily be incorporated into a Geographical Information System. 
Due to the simplicity of the process formulations considered, 
only a limited number of basic spatially-distributed model-
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inputs is required, such as soil type, land-use, pH, soil water 
fluxes, soil water contents, and metal loads. The model is de
scribed in terms of parameters that can be related to these basic 
input parameters by so called (pedo)transfer functions (Bouma 
and Van Lanen, 1987). The temporal resolution of model input 
is five years. 

The modeling approach adopted here has limitations. Firstly, 
the use of the model is limited to topsoils as a one-layer model 
will yield unrealistic results if applied to an entire soil profile 
due to smoothing of chemical concentrations. This effect was 
clearly demonstrated by for example Van der Salm et al. (1995) 
in a direct comparison of a one-layer soil-acidification model 
and a multi-layer soil acidification model. In arable soils and 
grassland, complete mixing can reasonably be assumed in the 
plough layer, which has a thickness of approximately 20 cm, 
while in soils in nature areas where soil stratification is more 
pronounced, the use of the model is limited to the upper 5 cm. 
The second limitation for the model is that it cannot be applied 
to locally contaminated soils with extreme metal contents. This 
limitation is inherent to the ignorance of processes that may 
then occur, such as coupled multi-component heavy-metal 
chemistry. 

Basis process formulations 
For a chemically isotropic soil compartment, and assuming 
first-order rate metal leaching, one may derive the following 
mass balance (Vissenberg and Van Grinsven, 1995): 

— = - c f c L + — (2) 
dr pd 

where c* (kg kg"1) is the total mass fraction, t (a) is time, kL (a1) is 
first-order leaching rate coefficient, / (kg m"2 a"1) is metal input 
rate, p (kg m"3) is the dry bulk density, and d (m) is the thickness 
of the soil compartment considered. This differential equation 
can be integrated analytically for any time-step with constant 
metal input and constant rate coefficients: 

C t * + i t = C t V f c ^ + - i - ( l - e - K ^ ) (3) 
pdKL 

Here àt (a) is the time-step. 
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The total mass fraction of a metal is the sum of the mass 
fraction in the solid and liquid phases: 

c'=X + — (4) 
P 

where X (kg kg4) is mass fraction of metal in the solid phase, c 
(kgm3) is concentration in the soil solution, and 6 (m3 m"3) 
volumetric water content. In SOACAS, the partitioning over both 
phases is described by a Freundlich isotherm: 

X = KFcn (5) 

where KF (m3 kg"') and n (-) are parameters. Using this relation
ship, a distribution ratio, rd (m

3 kg'1), can be defined: 

rd=KFc^1) (6) 

Assuming no dispersion and diffusion at the lower bound
ary of the soil system, the leaching flux, JL (kg m 2 a"1), can be 
written as 

JL = qc (7) 

where q (m3 m"2 d"1) is the soil water flux at the lower boundary. 
The first-order leaching rate coefficient is equal to 

i A 

pd r d + e / p 

with A (m2) as the surface area. As the distribution coefficient 
depends on the metal concentration, Eqn. 3 cannot be solved 
directly but must be solved using an iterative procedure. In the 
model we use a Newton-Raphson procedure for this purpose 
(Press et al., 1986). 

A sorption model for Cd 
A requirement for a regional-scale model is that all model pa
rameters can be derived from commonly available soil charac
teristics. There are quite a number of soil characteristics that af
fect the sorption isotherms, including pH (Garcfa-Miragaya and 
Page, 1978), organic matter content (Adriano, 1986), the pres
ence of pedogenic (hydr)oxides (Kinniburgh et a l , 1976), and 
calcium content (Chardon, 1984). Moreover, complexation with 
organic and inorganic ligands may occur in the soil solution. 
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Elzinga et al. (1999) derived generic Freundlich isotherms for 
cadmium from results of laboratory experiments published in 
the literature. All experiments considered were batch experi
ments where a known amount of Cd was added to a soil sus
pension, and where the soil samples were shaken until equilib
rium was reached, usually within 48 hours. Soil characteristics, 
experimental conditions, and sorption characteristics were 
stored in a database. The original sorption data were corrected 
for: (i) ionic strength, (ii) inorganic complexes, and (iii) organic 
complexes. Using this adjusted data set, generic Freundlich 
isotherms were derived. The Freundlich adsorption constant 
was described as a function of (Cd2+), [H+], (CEC}, and [Ca2*]. 
(Brackets refer to chemical concentrations and parentheses refer 
to activities.) This model yielded an r2 of 0.79. See Elzinga et al. 
(1999) for details. As the incorporation of [Ca2+] improved the 
model by only 7%, and [Ca2+] is not readily available for re
gional studies, the following model was chosen for use with 
SOACAS: 

X = 0.01{CEC}a636[H+]-°-455(Cd2+)a825 ... 
("J 

r 2 = 0 . 7 2 IV = 1125 

where X (mg kg"1) is the solid phase mass fraction, (CEC) 
(mmolc kg'1) is Cation Exchange Capacity, (Cd2+) (mg L"1) is ac
tivity of free Cd, and [FT] (mol L ') is the proton concentration. 

Input data 
In SOACAS, three types of spatially-distributed model inputs 
were distinguished: (i) soil characteristics, (ii) land-use pa
rameters, and (iii) cadmium loads. Model inputs were available 
with different spatial resolutions. Soil parameters were derived 
from the 1:50,000 digitized soil map (De Vries, 1994a). Pre
dominant soil characteristics for 500x500 m2 gridcells were de
rived from the 1:50,000 digitized soil map (De Vries, 1994a). 
Land-use types based on LANDSAT images were available at the 
scale of 25x25 m2 gridcells (Thunissen et al., 1992). The input of 
cadmium by animal manure and artificial fertilizers was avail
able for unique combinations of municipality, soil type and 
land-use type (Hoogervorst, 1991). Finally, wet and dry atmos
pheric deposition of cadmium were available at the scale of 
10x10 km2 gridcells (Van Jaarsveld and Onderlinden, 1991). 
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The final scale of presentation for SOACAS is 500x500 m2. A 
higher resolution cannot be justified in view of the resolution of 
the model input. Nevertheless, the aerial distribution of land-
use type within a gridcell had to be considered as there is a 
strong relationship between cadmium input and land-use type. 
Choosing the predominant land-use type would yield consid
erable lower average cadmium loads, as the area of maize 
(which has rather high cadmium loads) would have been un
derestimated by 30%. Therefore, the following computational 
procedure was developed. Within each gridcell simulations 
were carried out for the four major land-use types (maize, other 
arable land, grassland, and nature), using average soil charac
teristics. Then, the aerial distribution of these land-use types 
was calculated for each 500x500 m2 gridcell, using the informa
tion of the underlying 400 25x25 m2 gridcells. Finally, results 
were averaged using the aerial distribution as a weighing fac
tor. 

Soil data 
SOACAS uses six basic spatially-distributed soil parameters, i.e. 
organic matter content, clay content, pHKC1, soil-water fluxes, 
soil-water contents, and initial cadmium contents. 

Maps of the organic matter content, clay content, and pHKCI 

of individual soil horizons were obtained by combining in a GIS 
quantitative information from 4500 soil profiles with the 
1:50,000 digitized soil map (De Vries, 1994a). For our purpose, 
the vector maps thus obtained were converted to grid maps 
(cell size 500x500 m2) using a horizon thickness and area 
weighed averaging procedure. No time-trends were assumed 
for the soil parameters. Although this assumption may be 
questionable for dynamic parameters, such as pH, we justified 
it for two reasons: (i) the largest pH changes have occurred in 
deeper horizons (Ronse et al., 1988) of soils in nature areas 
(covering 11% of the country only), and (ii) factors such as land-
use change which certainly occurred over the long-time period 
considered, may have cancelled out part of the pH decline by 
soil acidification. 

Physical and chemical soil properties, such as the soil bulk 
density (pb), the CEC, and the Freundlich coefficient (KF), were 
calculated from the organic matter content and clay content by 
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transfer functions. The bulk density, p (kg m"3), was calculated 
by (Bollen et al., 1995): 

p b = 1800 +1236/o m - 2910^/70^" (r2 = 0.91; JV = 132) (10) 

where fm (kg kg"1) is the mass fraction of organic matter. The 
CEC (mmolc kg"1) was calculated by (Breeuwsma et al., 1986): 

CEC = 5 / d a y + 27.25fcarbon (11) 

where fcky (g 100g"1) is mass fraction of clay, and/„ri0„ (g 100g"1) is 
mass fraction of carbon. The derivation of the Freundlich coeffi
cient is explained in the section on the sorption pedotransfer 
function. 

Long-term average soil water fluxes and volumetric soil 
water contents were calculated with the hydrological model 
SWIF (Tiktak and Bouten, 1992). The model was run for ap
proximately 3000 combinations of soil type, land-use type, 
groundwater depth class and precipitation class, using weather 
data for the period 1960-1990 (Tiktak et al., 1996a). 

Historical cadmium loads 
The following three sources of cadmium were considered: (i) 
atmospheric deposition, (ii) fertilizers, and (iii) animal manure. 
Data on cadmium loads by city compost were not available, 
and were therefore not taken into account. Generally, past 
cadmium loads were calculated for each gridcell by multiplying 
the actual loads with a time-trend parameter. The spatial pat
tern of wet and dry deposition was calculated with the TREND-
model (Van Jaarsveld and Onderlinden, 1991), using emission 
data for the year 1985. The reference year for obtaining a spatial 
pattern of agricultural loads was 1989. Table 2 shows the cal
culated cadmium load (1985) for each of the three sources. 

The time-trend of cadmium deposition (Figure 2) was based 
on estimates of historic sulfate deposition for the period 1900-
1990 (Jönnsonn et al., 1993). Two implicit assumptions were 
made in this context. The first is that both the cadmium and the 
sulfate deposition rates were proportional to the industrial de
velopment, at least during the period 1900-1980 when emission 
control was not a common industrial practice. The second as 
sumption is that emission control has been implemented at the 
same time for both cadmium and sulfate. In a study near a zinc 
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Table 2 Cadmium load (kg a"1) 

Total cadmium intro
duced into the soil in 

Fertilizer Manure Deposition Total 

the Netherlands in 
1985. 

Nature 
Grassland 
Maize 
Other arable land 

0 
910 
700 
790 

0 
1220 
3010 

270 

510 
1210 
590 
200 

510 
3340 
4300 
1260 

Total 2400 4500 2510 9410 

smelter in the Southern part of the Netherlands, Makaske et al. 
(1995) showed that this was indeed the case. 

To establish a trend for cadmium input by agriculture, an
nual production rates and mean cadmium contents in fertilizer 
and manure were used. The year 1989 was used as a reference 
for establishing the spatial pattern of agricultural cadmium 
production. Before 1970 we assumed a constant geographical 
distribution. Cadmium contents in animal manure were as
sumed to be constant; cadmium contents in artificial fertilizers 
were reduced from 1985 onwards as a result of improved in
dustrial production methods. 

Figure 2 
Cadmium introduced 
into the soil relative to 
the situation in 1990. 
Notice the dip in fertil
izer use during the pe
riod 1940-1950 caused 
by World War II. 
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Results and Discussion 

Mapping current cadmium contents 

Model selection 
Stepwise bi-directional multiple regression resulted in the fol
lowing model: 

g(u) = a + lolXCYC,5 = 0.0625) + ß/(u£flut + ßf f( org 

+ ßPHPH+£ßiCrop(i) 
i=l 

(%D = 62 JV = 2544) 
(12) 

where XC and YC are geographical co-ordinates, lo is the loess 
function, and 6 is the span. An important assumption was that 
g(\i) = log(p) and that V(u) = p. These assumptions were veri
fied by plotting the residuals against the predicted value (figure 
not shown). The percentage of deviance explained by the model 
(%D) is 62, which is remarkably high (Table 3). All terms are 
statistically significant at the 1% level (Pr(F) « 0). The largest 
contributions to the explained deviance come from the geo
graphical co-ordinates and the organic matter content. Notice, 
however, that the high contribution for the geographical co
ordinates is partly due to the large number of degrees of free
dom used, resulting in a relatively low F value. 

Table 3 
Deviance table for the 

Terms Res. df Res. Dev df Devi anceFvalue Pr(F) %D 

final Generalized 
Additive Model. 

none 
lo(XC,YC) 

2231 
2170 

425 
262 61 163 36 0 38 

org 2169 189 1 73 918 0 55 
'day 2168 174 1 15 208 0 59 
crop 

pH 
2166 
2165 

163 
160 

2 
1 

10 
3 

69 
44 

0 
0 

61 
62 

Res. df\s Residual Degrees of Freedom, Res.Dev'ts Residual Deviance, 
and df\s Degrees of freedom. 

The total amount of cadmium that has accumulated is 
strongly dependent upon the mobility of cadmium, which in its 
turn is affected by the partitioning over the mobile and immo
bile phases (Boekhold, 1992). Elzinga et al. (1999) showed that 
organic matter content, clay content, and pH all have a pro
nounced effect on cadmium partitioning (see also Eqn. 9). Nev
ertheless, the contribution of pH to the explained deviance is 
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very small. There appears to be an inconsistency in the role of 
pH in the regression models for sorption experiments and for 
the observed field contents. One reason may be that pH in the 
sorption experiments was often explicitly manipulated within a 
short time-span, while the field data depend on natural spatial 
variation of pH. Another reason may be that historic cadmium 
accumulation has occurred under a different pH-regime than 
the present, and there are a number of indications that this is 
indeed the case. Firstly, a study at 99 locations in Northern Bel
gium showed that the average soil pH in nature areas was al
most one unit higher in the early sixties than it is now (Ronse et 
al., 1988). Secondly, land-use has changed dramatically in the 
Nether-lands. Especially in the period 1900-1930, large areas 
have been converted from nature to arable land, and as a result 
of common agricultural practice pH is likely to have increased 
in those areas. 

An attractive aspect of the GAM is that it accounts for differ
ences in cadmium contents between regions, without assump
tions about the historical cadmium loads (which is difficult to 
obtain). It is nevertheless interesting to check if a model with 
cadmium loads as a predictor variable can also give a reason
able prediction of current cadmium contents. An analysis, using 
purely parametric multiple regression models, showed that or
ganic matter content, clay content, crop type and pH as pre
dictor variables could explain 40% of deviance. By incorporat
ing the current cadmium deposition rates, an extra two percent 
of deviance could be explained at a statistically significant level. 
The incorporation of total cadmium loads, however, yielded an 
unrealistic model. The response was such that with increasing 
cadmium loads, lower cadmium contents were predicted. Ap
parently, present cadmium loads are not a proper predictor of 
present cadmium contents. Past cadmium loads may have been 
different from current cadmium loads, due to, for example, 
land-use chance and the emergence of intensive animal hus
bandry. This shows that one should be very careful in incorpo
rating a priori assumptions in statistical models. With the use of 
more data-driven techniques (e.g. smoothing) the chance of 
building realistic models increases. 
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A mwp based on the observations 

The GAM (Eqn. 12) was used to predict the average cadmium 
content for each 500x500 m2 gridcell within the Netherlands 
(plate 3b). The approximate pointwise 95% confidence intervals 
of the estimates were also calculated (plate 3c-d). These inter
vals are given by: 

[fi-2ô.iï + 2ô] (13) 

where p is the point estimate, and ô is the estimation standard 
error. We used gridcell average values for the organic matter 
content, clay-content, and pHKC1, and predominant land-use 
types. 

To gain insight in differences between this map and the field 
data, accumulated frequency distributions were plotted (Figure 
3). As expected, the distribution of values within the GAM-based 
map is smoother than the distribution of the field data (90 per
centile of the soil cadmium content is 0.68 mg kg ' for the field 
data and 0.56 mg kg"1 for the GAM-based map). The median val
ues, however, compare well (median cadmium content is 0.28 
mg kg"1 for both the field data and the GAM-based map). Differ
ences between the distribution of the field data and the map are 

Figure 3 
Frequency distribu
tions of cadmium 
contents for the field 
data, the GAM-based 
map, and the model 
results. The estimated 
95% confidence inter
vals of the estimations 
are also given. 
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primarily explained by the use of the smoothing interpolator, 
and the use of average soil conditions for prediction. These dif
ferences may give a bias towards more extreme cadmium con
tents in the field data. 

Visual examination of plate 3b shows elevated cadmium 
contents in areas that have received high cadmium loads in the 
past, in particular in areas affected by zinc smelters (the Kem
pen area and large parts of the province of Limburg in the 
Southern part of the country), and in areas that have received 
high loads of city compost. The map based on the regression 
model, however, does not correlate with the map of the current 
cadmium loads (r = -0.03), confirming the previous finding that 
the geographic pattern of cadmium loads must have changed. 

The reliability of the map (plate 3c-d) is generally low in ar
eas where few samples have been taken, implying that the reli
ability of the map can be improved by a more representative 
sampling schedule. 

Hind-cast simulation with SOACAS 
Plate 4a shows the geographical pattern of cadmium contents, 
simulated with SOACAS. A first comparison between this map, 
and the map based on the measurements (plate 3b) shows that 
the simulations underestimated the cadmium contents (median 
value is 0.24 mg kg"1 for SOACAS, and 0.28 mg kg"1 for the obser
vations; Figure 3), particularly in the higher cadmium content 
ranges (90 percentile is 0.36 mg kg"1 for SOACAS and 0.56 mg kg"1 

for the observations). Visual comparison of both maps shows 
that, with the exception of some areas, the predicted geographi
cal pattern compares reasonably well. Generally, both maps 
show high contents of cadmium in soils with a high organic 
matter content, and in clay soils. The effect of soil type over
shadowed the effect of land-use type, except for nature- and 
forest soils where low contents were found. Despite the visual 
correspondence between both maps, the correlation coefficient 
is only 0.345, indicating that conclusions cannot be drawn on 
the scale of individual gridcells, due to, for example, spatial 
variability. 

A more objective comparison of the model predictions and 
the map based on the observations was carried out by the fac-
tor-of-/ approach (Parrish and Smith, 1990; Boekhold et al , 
1993). It concludes the model to be 'acceptable' when the pre-
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dictions, P, are within a certain factor of the lower and upper 
limits of the confidence interval of the observations. Confidence 
intervals can be constructed for any predetermined level of sig
nificance. A simple index of model capability, C, was defined as 
follows: 

Li/Pi if Pt <L 

1 if Lt < Pt < Ut (14) 
Pt /Ui if Pi > Ut 

where L is the lower limit of the approximate 95% confidence 
interval, U is the upper limit of the 95% confidence interval, 
and i is gridcell number. Results are shown in plate 4b. In the 
majority of soils (85%), simulated contents were within a factor 
of two of the GAM-results. It also clearly shows the regions 
where there are substantial differences over large areas. These 
'problem regions' are: (i) The south-eastern part of the country, 
(ii) the peat soils in the Western part of the country, and (iii) 
most forest soils. 

There are a number of possible explanations for the differ
ences between the measured and simulated cadmium contents. 
The deposition scenario used in this study does not account for 
past high emissions from non-ferro industry in the south
eastern part of the country and Northern Belgium. A study at a 
forest site in the highly polluted Strijper Aa area (Makaske et 
al., 1995) showed that the cumulative deposition of cadmium 
ranged from 0.5 kg ha"1 to 8 kg ha"1, depending on the method of 
estimation. The deposition data used in this study were compa
rable with the lower estimates of deposition, despite the fact 
that Makaske et al. (1995) showed that only with the higher es
timates of cadmium deposition the current litter contents could 
be reconstructed. To tackle the problem of uncertainty of his
toric deposition, an extra run was carried out using a tenfold 
increase of cadmium deposition resulting from all non-ferro in
dustry for the period 1900-1970, corresponding with the higher 
estimates of cadmium deposition for the Strijper Aa site (plate 
4c). The map clearly shows that the underestimation in the 
south-eastern part of the country (i.e. the region affected most 
by non-ferro industry) decreased from a factor 5-10 to a factor 
2-5. Also the area where the model predictions were within a 
factor-of-2 increased to 90% of the total area (plate 4d). The 90 
percentiles of cadmium contents increased from 0.36 to 0.40 
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mg kg"1. However, median cadmium contents are only slightly 
affected (increase from 0.24 to 0.26 mg kg1). The underestima
tion of cadmium contents in forest soils can be partly explained 
by enhanced dry deposition rates in forest areas. The modeled 
deposition rates (Van Jaarsveld and Onderlinden, 1991) are av
erages for 10x10 km2 gridcells, with an average surface rough
ness related to low vegetations, which is less than for forests. 
Based on the ratio of Cd pools in nearby situated forested and 
non-forested nature-areas, the total deposition onto forests is 
likely to be 2-3 times higher in forests than it is in areas with 
low vegetations (De Vries et al., 1996). Another indication for 
filtering of dry deposition is that De Vries et al. (1996) also 
found a clear relationship between the density of the forest 
canopy and cadmium contents in the litter layer under 150 for
est stands. Therefore, we carried out a third run with SOACAS, 
using a two-fold deposition for forests. On a nation-wide scale, 
the improvement is only slight (median contents and 90 per
centiles not affected), but in forests the median cadmium con
tents increase by a factor 1.8 from 0.048 to 0.089 mg kg"1, which 
decreases the underestimation to approximately 50%. A third 
reason for underestimation of cadmium loads is the elevation of 
peat soils by city compost in the lower (Western) parts of the 
country in the past (CCRX, 1985). However, quantitative infor
mation on use of city compost is not available, especially be
cause elevation may already have started in the seventeenth 
century. Therefore, the use of city compost was not accounted 
for. 

In conclusion, the simulation using both elevated past cad
mium emission rates from non-ferro industry, and dry deposi
tion filtering by forests yielded a slightly improved geographi
cal pattern (correlation between observed and simulated con
tents increased to 0.496). This increased our confidence in both 
the model and the model parameterization. However, it is far 
too early to state that both the model concepts and the model 
parameterization have been validated 'in a strong sense' (Lei-
jnse and Hassanizadeh, 1994), and there are a number of obvi
ous reasons for this. Firstly, in our model concept the use of ge
neric sorption isotherms derived by Elzinga et al. (1999) is cru
cial. These isotherms have been derived from laboratory batch 
experiments with a maximum reaction time of 48 hours. The 
required field adsorption isotherms, however, should give the 
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relationship between the total and mobile metal concentration 
for reaction times in the order of 100 days (based on soil water 
fluxes of 0.1 cm d1, and an average soil compartment thickness 
of 10 cm). Although the increase in cumulative adsorption be
tween one day (batch experiments) and 100 days (field condi
tions) is relatively small (Hinz and Selim, 1994), it cannot be ig
nored. Alternative isotherms can be obtained from field parti
tion data based on HN0 3 digestion (Janssen et al., 1996). A ten
tative comparison with isotherms obtained from batch experi
ments indeed suggests underestimation of the metal partition
ing ranging from a factor 1-10, depending on the absolute metal 
concentration. Notice, however, that this comparison is not en
tirely fair as the batch experiments concern the adsorbed frac
tion, and the field data also concern the unavailable fraction in
corporated in clay minerals and organic matter. For cadmium, 
however, differences are expected to be small (Loch and Groot, 
1996). 

Table 4 
Percentiles of the or
ganic matter and cad
mium contents in the 
topsoil, assuming 
minimum, average and 
maximum organic 
matter contents within 
each individual grid-

Statistics U%) Ct^ (mg kg'1) 

min mean max min mean max 

10 percentile 
50 percentile 
90 percentile 

0.5 
2.0 
8.0 

1.5 
4.5 

13.0 

3.5 
6.5 

25.0 

0.07 
0.23 
0.34 

0.09 
0.26 
0.39 

0.12 
0.30 
0.46 

A second point of concern is the use of average soil physical 
and soil chemical characteristics within one gridcell. The use of 
average organic matter contents, for example, tends to under
estimate the leaching and overestimate the accumulation from a 
field (Boekhold, 1992; Wilkens, 1996). Here, we tentatively as
sessed the influence of organic matter content (which is the 
most important independent spatially distributed parameter for 
SOACAS) on cadmium accumulation by performing a so-called 
min-max analysis, which gives a worst-case impression of 
model uncertainty (Tiktak et al., 1996a). In such an analysis, 
simulations are run using the minimum, mean and maximum 
organic matter contents within a gridcell, while keeping all 
other model inputs constant. As expected from equation 9, re
sults shown in Table 4 indicate that the absolute variation in 
organic matter content is larger than the absolute variation in 
metal contents. Nevertheless, the differences of cadmium con-
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tents using the minimum and maximum organic matter con
tents can describe the full range of differences between simu
lated and observed contents. 

An issue that has not received much attention in this paper is 
the temporal development of cadmium contents. In the already 
mentioned study in the Strijper Aa area, Makaske et al. (1995) 
demonstrated that cadmium contents in the upper soil layers 
responded quickly to a decrease in immission rates. On a na
tion-wide scale we do not yet see a decrease of cadmium con
tents (Table 5). However, if one compares the geographical 
pattern of simulated contents for individual years (maps not 
shown), areas can be seen where cadmium contents currently 
decrease (e.g. the highly polluted south-eastern part of the 
country), whereas in other areas (mostly areas where intensive 
animal husbandry is a common practice) contents still increase. 
Unfortunately, we cannot compare the temporal dynamics of 
metal accumulation with observations, simply because (long) 
time-series do not exist. A model can only be truly validated (in 
a strong sense) if both the spatial, and the temporal variability 
agree reasonably well. The fact that the latter comparison could 
not be made limits the generality of this model validation. This 
urgently calls for the establishment of a monitoring network 
that is suitable for deriving both the spatial, and the temporal 
variability. 

Table 5 
Temporal development 
of the cadmium con
tents in the topsoil, 
simulated with SOACAS. 

Statistics Ctcd (mg kg") 

1900 1930 1960 1970 1980 1990 

10 percentile 
50 percentile 
90 percentile 

0.00 
0.00 
0.00 

0.05 
0.09 
0.14 

0.07 
0.19 
0.28 

0.07 
0.20 
0.31 

0.09 
0.26 
0.39 

0.09 
0.27 
0.38 

Conclusions 

Using 2544 point observation, cadmium contents were calcu
lated for gridcells of 500x500 m2, using a locally-weighted 
smoother in combination with a regression model within the 
framework of Generalized Additive Modeling (GAM). The GAM 
explained 62% of deviance at a statistically highly significant 
level. The largest contributions to the explained deviance came 
from the geographic co-ordinates, and the organic matter con-
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tent. Differences in cadmium contents between regions could be 
described without a priori assumptions about difficult to obtain 
parameters such as historical cadmium loads. The map based 
on the GAM showed a high correlation with the organic matter 
content map, and visual examination also showed high con
tents in areas where previously high cadmium emissions oc
curred. 

The dynamic, process-oriented SOACAS model of heavy metal 
accumulation could well be parameterized on the basis of 
commonly available soil characteristics. Based on results from 
batch experiments published in the literature, a sorption model 
could be derived in which the coefficients were entirely de
pendent upon the organic matter content, clay-content, and pH 
(r1 = 0.72). Using estimates of past emission rates, simulations 
were carried out to reconstruct the soil's present cadmium 
content. Despite the large uncertainties about past emission 
rates, land-use, and pH development, the simulations showed 
that the current cadmium contents were within a factor-of-2 at 
90% of the total area. Moreover, visual examination of the maps 
based on the observations and the simulations showed rather 
good correspondence. A validation in a strong sense, however, 
could not be carried out with this data, as time-trends of cad
mium contents were not available. Nevertheless, we think that 
SOACAS is sufficiently evaluated to show regional differences, 
and to predict trends of future metal contents as a function of 
emission/immission scenario's. For example, the finding that 
cadmium contents currently decrease in highly polluted areas 
around industrial plants in the south-eastern part of the coun
try, while contents still increase in arable land is highly signifi
cant from a policy point of view. To further increase our confi
dence in the model, we have to apply the model to a number of 
fields, where most of the model-inputs can be obtained from 
direct measurements, and where the development of the soil's 
state is available as a function of time. This application should, 
amongst others, consider the effect of using generic soil prop
erties instead of on-site measured properties. 
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