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Abstract. GeoPEARL is a spatially distributed model describing the fate of pesticides in the soil-plant 
system. It calculates the drainage of pesticides into local surface waters and the leaching into the regional 
groundwater. GeoPEARL plays an important role in the evaluation of Dutch pesticide policy plans. This 
study analysed how uncertainties in soil and pesticide properties propagate through GeoPEARL for three 
representative pesticides. The GeoPEARL output considered is the 90 percentile of the spatial distribution of 
the temporal median of the leaching concentration (P90). The uncertain pesticide properties are the 
coefficient of sorption on organic matter and the half-life of transformation in soil. Both were assumed 
uncorrelated in space and were represented by lognormal probability distributions. Uncertain soil properties 
considered were horizon thickness, texture, organic matter content, hydraulic conductivity and the water 
retention characteristic. Probability distributions were derived from meta-data stored in the Dutch soil 
information system. A regular grid sample of 258 points covering the agricultural area in the Netherlands was 
randomly selected. At the grid nodes, realisations from the probability distributions of uncertain inputs were 
generated and used as input to a Monte Carlo uncertainty propagation analysis. The results show large 
uncertainties in P90, with interquartile ranges larger than the median for all three pesticides. Further analysis 
showed that the pesticide properties were the main source of uncertainty and that uncertainty in soil organic 
matter contributed to a lesser extent. Uncertainty contributions from other soil properties were negligible. 
These results suggest that improved assessment of soil properties will hardly improve the accuracy of the 
predicted pesticide leaching. Instead, more accurate assessment of the pesticide properties is required, but 
this is difficult because these uncertainties in fact reflect the simplified process descriptions of GeoPEARL. 
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1. Introduction 
The Dutch policy plan on sustainable crop protection regulates the use of crop protection products (i.e., 
pesticides). Pesticide leaching to the groundwater is one of the threats considered because groundwater is a 
major source of drinking water in the Netherlands. Leaching of pesticides to the groundwater is assessed 
with GeoPEARL, which is a spatially distributed model which combines a one-dimensional, process-based 
leaching model with spatially distributed input data stored in a Geographical Information System [1]. A 
pesticide can only be registered if the GeoPEARL analysis shows that the concentration of the pesticide is 
below 0.1 μg/L for at least 90 per cent of the intended use area. This regulatory endpoint can be directly 
inferred from the spatial cumulative frequency distribution of the predicted leaching concentration in the 
intended use area. 

Until recently, uncertainty was not explicitly addressed in the pesticide risk assessment. However, 
understanding the consequences of uncertainty is important to improve risk assessment as a decision-support 
tool [2]. The different sources of uncertainty in pesticide fate modelling were described by [3]. Uncertainty is 
contained in environmental input data (e.g. soil physical and chemical properties, climate data), in pesticide 
properties (pesticide half-life and sorption characteristics), it can result from the use of imperfect 
pedotransfer functions [3,4] or caused by spatial interpolation errors [2,5]. Model structure and the numerical 
solution of the model provide additional sources of uncertainty [6]. 
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This paper presents a Monte Carlo uncertainty and stochastic sensitivity analysis of GeoPEARL. Only 
the propagation of uncertainty in model inputs is considered. GeoPEARL has a large number of inputs, many 
of which are spatially distributed. An uncertainty analysis with all model inputs treated uncertain would be 
too complex and would require too much computation time. The analysis is therefore restricted to those 
inputs that have substantial uncertainty and for which the model was shown to be sensitive [7]. The model 
output considered is the 90 percentile of the spatial distribution of the PEC50 in the intended use area (P90). 
Here, PEC50 is defined as the temporal median of the annual average leaching concentration at 1 m depth. 
The intended use area over which the PEC50 is aggregated is taken as the entire agricultural area of the 
Netherlands.  

The objectives of this work are twofold. First, it aims to quantify the uncertainty about the P90, as caused 
by uncertainty about pesticide properties and soil characteristics. This is useful to decide whether the 
GeoPEARL output is sufficiently reliable for decision making. Second, it assesses the contribution of 
(groups of) individual uncertain inputs to the total uncertainty in P90. This provides valuable insight into 
which inputs must be more accurately estimated to improve the quality of the GeoPEARL output. 

2. Identification and stochastic simulation of uncertain GeoPEARL inputs  

2.1. Characterising uncertain soil properties with probability distributions 
Eight soil properties were considered uncertain: soil horizon thickness, clay, silt, sand and organic matter 
content, median particle size of sand fraction (M50), hydraulic conductivity and the water retention 
characteristic. Organic matter content is used in GeoPEARL to calculate the Freundlich coefficient (for 
adsorption). Clay content, sand content and organic matter content are needed for calculation of the heat 
transfer in soil. Most of the soil properties vary in space as well as in depth, which has to be considered when 
defining probability distributions. There are also cross-correlations. For instance, clay content, silt content, 
M50 and organic matter content partly determine the water retention characteristic and hydraulic 
conductivity. In addition, the water retention characteristic and hydraulic conductivity are functions rather 
than variables. This must also be incorporated when probability distributions are defined. The proper 
definition and identification of the uncertain soil inputs is therefore a complex issue. 

For a soil property at a single location and horizon, the unknown (because of uncertainty) value is 
represented by a random variable. Important parameters of the probability distribution function (pdf) of the 
random variable are its mean, which represents the expected or average value, and its standard deviation, 
which characterises the variation or spread around the mean. Because the soil properties are spatially 
distributed and vary in the vertical as well, the marginal pdf must be specified for each location and horizon. 
Neither the mean nor the standard deviation need be constant in space and depth but will typically vary 
laterally and vertically. In this study, the locations for which calculations are done lie on a coarse square grid 
with a grid mesh of 9.5 km (see section 2.3). The distances between locations are sufficiently large that 
spatial correlation in the uncertainty about soil properties may safely be ignored. In addition, it was also 
decided to ignore correlation between uncertainty in soil properties of different horizons at the same location. 
This greatly facilitates the uncertainty analysis, although a critical analysis of the validity of this decision and 
its consequences for the results of the uncertainty analysis would be sensible. 

The spatial variation of basic soil properties per soil horizon was determined in [8] for all soil types of 
the Dutch 1 : 50 000 soil map (Fig. 1). Spatial variation was summarised for each combination of soil type 
and horizon by computing and storing the minimum, maximum and 10, 50 and 90 percentiles. Uncertainty 
about the soil properties is caused by the spatial variation of these properties within soil mapping units. Lack 
of knowledge about the distribution of the highs and lows within mapping units means that the mean or 
representative value is used as best guess for all locations within the mapping unit. This implies that the error 
or deviation from that value is dictated by the degree of spatial variation within the unit. Thus, the 
probability distribution associated with the soil property at an arbitrary location equals the spatial distribution 
of the soil property within the unit. In order to derive the marginal pdf from the minimum, maximum and 
three percentiles, all uncertain basic soil properties and the soil horizon thickness were described with a 
(truncated) lognormal distribution. The lognormal distribution was used because the variables tend to be 
positively skewed and are not properly represented by a symmetric probability distribution. The parameters 
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of the truncated lognormal distribution were chosen such that the median of the soil property equalled the 
median of the lognormal distribution and that the probability of a value greater than the 10 percentile and 
smaller than the 90 percentile equalled 0.80 [9]. The resulting lognormal distribution was truncated at the 
specified minimum and maximum. 

Soil properties can also be cross-correlated. For instance, clay, silt and sand are negatively correlated 
because their sum must always equal 100 per cent. Part of the correlations between soil properties is 
explained by the fact that soil properties and their associated probability distributions depend on soil type, 
but the deviations from the map unit representative value may also be cross-correlated. However, these 
within-unit cross-correlations were judged small and were therefore ignored, except for soil texture. For soil 
texture, sand content was simply defined as 100 − clay − silt, thus creating negative correlations between 
sand and clay and between sand and silt. 

Soil physical properties and their uncertainty were derived from the so-called Staring series. The Staring 
series is a database containing 832 measured water retention and hydraulic conductivity curves of Dutch 
soils [10]. Each of the soil samples is allocated to one of 36 different so-called ‘building blocks’, derived 
from a classification of soils with similar soil physical properties. The soil samples and associated curves per 
building block were treated as a random sample from all curves that populate the building block. Thus, the 
differences between curves of a building block represent the uncertainty about the ‘true’ curve. However, the 
variation between curves was not the only source of uncertainty in soil physical parameters, because the 
building blocks themselves were uncertain as well. The building block at any location and horizon is 
determined by entering a scheme that uniquely derives the building block from parent material, texture, 
organic matter and M50 [9]. Some of these inputs are uncertain and consequently so is the building block. 

2.2. Probability distributions of pesticide properties 
In this study, two pesticide properties were considered uncertain: the half-life of the pesticide (DT50, days) 
and the sorption coefficient of the pesticide (Kom, L/kg). Both properties are substance-dependent and may 
also vary with location. In principle they may even vary with depth, but this will not be considered here. The 
half-life of a pesticide in soil differs between soil types, but it is not kown in what manner because of lack of 
experimental data. One of the few studies quantified the effect of soil on the rate of degradation of various 
pesticides in 18 soils [11]. The degradation had a skew distribution with an average coefficient of variation 
of about 25 per cent. Similar results were obtained for the sorption coefficient on organic matter. 

In this study, three example pesticides were taken, i.e. pesticides A, B and D. These example pesticides 
cover a range of values for DT50 and Kom. Both were assumed lognormally distributed, with parameters 
given in Table 1. The coefficient of variation was taken as 25 per cent for all cases. Note that it was assumed 
that DT50 and Kom are independent of soil type and soil properties. Moreover, it was also assumed that 
DT50 and Kom are spatially uncorrelated and not cross-correlated. 

Table 1. Mean values and standard deviation (sd) for the properties of the three selected pesticides. 
Kom (L/kg) DT50 (days) Pesticide 
mean sd mean sd 

A 60 15 60 15 
B 10 2.5 20 5 
D 35 8.75 20 5 

2.3. Stochastic simulation of uncertain GeoPEARL inputs 
Running the Monte Carlo uncertainty analysis at a high spatial resolution was neither feasible nor necessary. 
The target output (P90) is a spatial aggregate and for this reason a moderate spatial sample approximates the 
entire Dutch agricultural area sufficiently well. Therefore, a sample of 258 locations was selected by placing 
a square grid with a grid distance of 9500 m randomly over the Netherlands (Fig. 1). Gaps represent areas 
without agriculture. The Monte Carlo analysis was done for all 258 locations, thus effectively providing an 
uncertainty analysis of the PEC50 at each location [9]. The results were then merged to analyse how 
uncertainties in soil and pesticide properties propagate to the P90. 

The Monte Carlo analysis requires random sampling (i.e., stochastic simulation) from the pdfs of the 
uncertain inputs at all 258 locations [12]. The basic soil properties were simulated by taking the antilog of 
normally distributed simulations, thus yielding simulations from the lognormal distribution. Truncation was 
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achieved simply by discarding simulated values that were greater than the maximum or smaller than the 
minimum. To sample from the pdfs of the soil hydraulic properties, the classification scheme was applied 
using the simulated basic soil properties. In this way the building block was derived, and next randomly a 
curve was selected from the set of curves associated with the block (see section 2.2). In total, 1000 Monte 
Carlo runs were done. As an example, Fig. 2 shows histograms of the 1000 simulated values of three soil 
properties for two locations-horizon combinations. The truncation effect is clearly visible for the clay content 
of the second horizon of location 208, whereas the positive skewness is evident from the histograms of 
organic matter. 

 

Fig. 1. Randomly placed square grid sample of 258 locations, overlaid on the Dutch 1 : 50 000 soil map. 

In summary, the following steps compose the simulation of soil and pesticide properties at each of the 258 
locations: 

• determine the soil mapping unit at the location; 
• determine the number of soil horizons in the representative soil profile description for the unit; 
• take the first soil horizon (from the top); 
• draw a value from the (truncated lognormal) probability distribution associated with the soil horizon 

thickness; 
• repeat step 4 for M50, silt, clay and organic matter content; 
• calculate sand by subtracting the simulated silt and clay from 100 per cent; 
• redo sampling for realisations that have unacceptable values (i.e., values that are smaller than the 

minimum or greater than the maximum); 
• determine the soil building block on the basis of the simulated basic soil properties and the soil 

mapping unit at the location; 
• draw one sample from the group of soil samples of this building block, and determine the water 

retention and hydraulic conductivity curves for this sample; 
• repeat steps 4 to 9 for all remaining soil horizons. 
• sample from the pdfs of the pesticide properties; 
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• repeat steps 3 to 11 as many times as required by the Monte Carlo uncertainty analysis (in this case 
1000 times). 

 

 

 

Fig. 2. Histograms of 1000 simulated realisations of thickness, clay content and organic matter content of the first 
horizon of location 12 (top) and the second horizon of location 208 (bottom). 

3. Results 

3.1. Uncertainty analysis 
Figure 3 presents the uncertainty of the P90 as a box plot for all three pesticides. The differences between the 
three pesticides are large. Pesticide D has the smallest mean and standard deviation, but the P90 still has a 
100% probability of being above the regulatory limit of 0.1 μg/L. The uncertainty about P90 is large in all 
cases, particularly for pesticide A. 

 

Fig. 3. Box plot of the 1000 simulated P90 values of the leaching concentrations (μg/L), for pesticides D, A and B. 
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Fig. 4. Spatial cumulative frequency distribution of the PEC50 for pesticides A, B and D estimated from the 258 
locations. 
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Figure 4 shows the spatial cumulative frequency distribution of the PEC50, estimated from the 258 
locations, both for the Monte Carlo simulations and the deterministic run (i.e., a run that assumes that none 
of the GeoPEARL inputs is uncertain). The P90 can be derived from this figure by taking a horizontal cross-
section at the 90 percentile. For all three pesticides, the spatial cumulative frequency distribution of the 
PEC50 obtained with Monte Carlo simulation shows more spatial variation than the deterministic simulation, 
as shown by the gentler slope of the frequency distributions. Uncertainty introduces variability and this 
increases the spread of the spatial distribution. It has serious consequences for the P90, which is 
systematically shifted towards larger values. The 80% prediction intervals seem not very wide, although the 
cross-sections at the 90 percentile yields the wide distributions presented in Fig. 3. 

3.2. Stochastic sensitivity analysis of the P90 
The contribution of individual sources of uncertainty to the uncertainty of P90 was analysed using a 
regression-free approach. It is worthwhile to know how much the output variance decreases if the uncertainty 
about one of the inputs would decrease or be zero. This can be assessed using the top marginal variance 
(TMV), which is the variance reduction that is achieved when one knows the chosen input without error. 
Stated differently, the TMV is the variance in the output accounted for by the chosen input [9]. Usually, the 
TMV is expressed as a fraction or percentage of the total variance. 

In a regression-free approach it is necessary to define independent input groups, where a group can also 
be one variable. In this study, four groups of independent input variables were defined: 

1. organic matter content; 
2. texture and soil physical properties (clay, silt and sand content, median particle size of sand fraction, 

soil horizon thickness, water retention characteristic and hydraulic conductivity); 
3. half-life of the pesticide (DT50); 
4. sorption coefficient of the pesticide (Kom). 

In order to assess the TMV for each group, the Monte Carlo uncertainty analysis had to be modified. The 
total of 1000 Monte Carlo runs was divided into five groups of 200 runs each. The first group of 200 input 
values are random draws from all uncertain inputs. The second group of 200 input values have the same 
organic matter content as the first group but are different for all other variables. The third group of 200 input 
values have the same texture and soil physical properties as the first group but are different for all other 
variables. The fourth group has the same DT50 values as the first group and the fifth group has the same 
Kom value as the first group. This set-up was achieved by taking 1000 random draws for all inputs and 
overwriting the second group of 200 values for organic matter with the first 200 organic matter values, and 
so on. Uncertainty contributions of each of the four groups as quantified by the TMV can then be estimated 
by comparison of the variabilities between and within each of the five groups. Details are provided in [9]. 
The TMV for (groups of) soil and pesticide properties are presented in Table 2. In all three cases DT50 is the 
main source of uncertainty, followed by Kom and organic matter. Uncertainty in texture and soil physical 
properties hardly contributes to P90 uncertainty. The total top marginal variance is much less than 100% in 
all three cases, indicating that uncertainty contributions are not additive and TMV values must be interpreted 
with care.  

Table 2. Estimated Top Marginal Variances (per cent) of P90 for four groups of uncertain inputs. 
Pesticide Organic matter Texture and soil physical properties DT50 Kom 
A 7.4 2.8 31.9 5.3 
B  7.6  0.0 50.3  7.1 
D 4.6 3.7 37.3 9.7 

4. Conclusions 
The uncertainty in P90 as caused by uncertainty in soil and pesticide properties is large. It is therefore 
important to explore methods to reduce uncertainty. Since the degradation half-life is by far the most 
important source of uncertainty, reduction strategies should therefore first be directed towards obtaining 
better estimates of the degradation half-life and its dependence on soil type. This would require field 
measurements of this parameter for all soil types, as well as a method to quantify the effect of relevant soil 



 276 

properties on the degradation half-life. It is generally accepted that variability of the degradation half-life is 
caused to a large extent by properties that affect the microbial population [13]. Description of pesticide 
degradation could benefit from experimental research into the interaction of soil properties, microbial 
activity and pesticides. 

Many assumptions and simplifications were made to be able to undertake the uncertainty analysis. It was 
assumed that there was no spatial autocorrelation in the uncertainty of the soil and pesticide properties. This 
was justified by the large spacing of the grid. However, if an assessment were needed on the effect of 
uncertainty in the properties on a finer scale, smaller grid spacing would be required, so that spatial 
autocorrelation can no longer be ignored. Vertical spatial correlation (i.e., between soil layers) may also need 
to be included. As yet, little to no attention has been paid to this complex issue. Cross-correlation between 
uncertain inputs was also ignored, except for soil texture. This was partly because some of the uncertainties 
are truly independent or because their correlation is negligibly small, but partly also because little 
information was available to estimate the correlations. This study also assumed that the Dutch 1 : 50 000 soil 
map was free of errors. However, it is well known that the purity of soil maps is often poor, with impurities 
that are typically 30 per cent or greater [14]. 

Perhaps the most important implication of this study is the shift of the P90 towards greater values when 
uncertainty of pesticide and soil properties is taken into account. This means that the P90 is systematically 
underestimated when uncertainty is ignored and causes bias in the regulatory evaluation. Policy makers 
should be aware of this effect and take it into account when protection limits are defined. 
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