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1 Introduction

1.1 The global nitrogen problem
Plants need nitrogen (N) to grow, but although 80 percent of the Earth’s atmosphere is
made of this essential plant nutrient, its availability is limiting primary production in most
ecosystems as, in general, plants cannot take up N in its atmospheric form (N2). Or, perhaps
better to say, plant N availability was limiting primary production, since in the 1910s and
1920s the German chemists Fritz Haber and Carl Bosch developed a method of industrially
synthesizing ammonia (NH3) from N2, thereby creating nitrogen fertiliser. Nitrogen
fertiliser is now used in agricultural practices throughout the world and its use was in part
responsible for the vast increase in food production in the 20th century, which helped to
support the world’s population growth.
Nowadays, more atmospheric N2 is fixed by humans than by all natural terrestrial
sources combined (Vitousek et al., 1997). This increased input of reactive N would not be a
problem if this N stayed within a closed cycle of food production and consumption.
However, excess fetiliser N washes off agricultural fields, animal waste leaches from
farmyards or volatises into the atmosphere as NH3, and sewage is discharged to surface
waters. On top, reactive nitrogen comes from car and industrial emission to the atmosphere,
and subsequently rains to or is captured by the vegetation. Away from the farmland,
nitrogen in reactive forms still stimulates primary production and affects the functioning of,
formerly N limited, ecosystems.
Ecosystems affected by increased N input range from rivers to coastal seas, from
forests to water reserves. For example, many rivers, lakes and estuaries in Europe and
Northern America suffer from eutrophication. In its most excessive form, this aquatic
eutrophication can lead to algal blooms, followed by depletion of oxygen during the
7

decomposition of dead algae, and subsequent fish death. In parts of the Baltic Sea in
Europe and the Gulf of Mexico in Northern America so-called dead zones develop each
year, where oxygen levels are too low to sustain life, having devastating effects on
commercial fisheries (Rabalais, 2002). Nitrogen leached from agricultural soils has
contaminated many of our water reserves and in the near future water taken from these
reserves may require expensive treatment before it can be used for drinking. Increased
atmospheric deposition of reactive nitrogen has caused acidification of forest and heathland
soils and, in addition, the increased N load of these semi-natural soils may attract other
plant species often at the expense of biodiversity and landscape conservation, as is
happening in Danish and Dutch heathlands that suffer from grass encroachment (Wessel et
al., 2004).
The solution to all these problems is to reduce nitrogen export from agriculture,
sewage, cars and industry, but the question is how, where and when. To quote nitrogen
expert Nancy Dise, “in a landscape that contains urban areas, farms, pastures and forests,
where should efforts be targeted to reducing nitrogen sources, and how effective will those
efforts be? How can we minimize financial costs and maximize environmental benefits”
(Dise, 2004). It is clear that an integrative approach is required to answer these questions
and to provide policy makers with the essential know-how to found environmental policy.
Mathematical models are a great aid to such an integrative approach, as they provide a
basis to integrate nitrogen transformation and transport in the landscape.

1.2 INCA: Integrating Nitrogen in Catchments
Starting in April 2000, the European Union funded 5th framework program INCA
(Integrating Nitrogen in Catchments) brought together environmental scientists from across
Europe to address some of the above questions. The aim of the INCA project was to
(further) develop a mathematical, biogeochemical model capable of simulating nitrogen
transformation, storage and transport in the landscape, and to use this model to predict
future N loads in and export from soils and waters. This model should be capable of
simulating nitrogen dynamics in urban, agricultural and natural environments and, as
nitrogen related environmental problems occur throughout Europe, it should be applicable
to all major European ecosystems, that is from the drier Mediterranean environments,
through temperate Atlantic and Continental systems, to Arctic northern conditions. In this
way, a generic N modelling tool would become available that may be used to evaluate
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European-wide nitrogen policies.
The model used and revised was INCA, a semi-distributed, physically-based model
that simulates nitrate (NO3-) and ammonium (NH4+) concentrations in stream water by
tracking water and N through the catchment’s soils and groundwaters to the river. The
INCA model had originally been developed in the 1990s by Paul Whitehead and coworkers (Whitehead et al., 1998a) and, before start of the project, had been applied
successfully to catchments in the United Kingdom (e.g., Limbrick et al., 2000; Wade et al.,
2001b; Whitehead et al., 1998b). The model integrates N export to groundwaters and rivers
from different land uses (e.g., urban areas, farmlands, pastures, forests), taking into account
diffuse (fetiliser and atmospheric deposition) and point (sewage discharge) sources. N
loads, transformations and transport are simulated on a daily basis, thereby offering daily
estimates of N concentrations in rivers, and so providing important information on the
occurrence of hazardous N concentration levels in surface water. In its effort to be generic
and easy to implement, INCA is a relatively simple model with, compared to many
biogeochemical models, a low input data requirement and a limited number of model
parameters.
My task within the INCA project was to evaluate the INCA model’s ability to
simulate N transformations and transport in temperate Atlantic forest ecosystems subject to
increased atmospheric N deposition. More specifically, following the philosophy that a
physically-based catchment model should (also) be able to simulate processes at the plot
level adequately, I evaluated INCA’s ability to simulate N transformations in and leaching
from the soil of an N saturated, Douglas fir forest (Speuld, the Netherlands). The results of
this evaluation are presented in this thesis and comprise of laboratory experiments with
material from and model applications to this Douglas fir forest.

1.3 Nitrogen cycling in forests subject to increased atmospheric nitrogen deposition
In forests, nitrogen is cycled between soil, microorganisms and plants (Figure 1.1).
Nitrogen enters the soil-plant system by atmospheric deposition of inorganic nitrogen (NHx
and NOy) and by direct fixation of N2 by some plants and microorganisms. Gaseous
emissions of N2 and nitrous oxide (N2O) and leaching of soluble inorganic (NH4+, NO2-,
NO3-) and organic (DON) compounds account for the loss of N from the system. In the
soil, nitrogen is found in organic compounds, inorganic solutes and in gaseous forms.
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Microorganisms play a key role in the complex cycling of nitrogen within the soil
compartment. They decompose organic compounds (residues of plant litter and dead soil
organisms), thereby converting organic-N into NH4+. This process, known as nitrogen
mineralisation, is the main pathway by which nitrogen becomes available for soil biota and
plants. NH4+ as well as NO3- are used by microorganisms in the biosynthesis of nitrogen in
cell material. This nitrogen immobilisation takes place simultaneous to N mineralisation,
and the net effect of both processes is called net N mineralisation. Under aerobic
conditions, NH4+ can be oxidized in a two-step nitrification process to nitrite (NO2-) and
further to NO3-, by ammonia- and nitrite-oxidizing bacteria, respectively. NO3- is only
weakly bound to soil surfaces and is thus washed from the soil easily, explaining why NO3leaching together with gaseous N emission are the main pathways of N loss from forest
ecosystems. Gaseous N is produced by the reduction of NO3- (and NO2-) to nitrous oxide
(N2O) and N2, a process referred to as denitrification. Denitrification takes place under
anaerobic conditions, but may also occur in well-drained soils of coniferous forests as
anoxic microsites can develop in the interior of decomposing needles (Van der Lee, 2000).
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N2 / N2O
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Soil boundary

2

7

7

1

6

Organic-N
4

NH4+

3

4

NO3-

5
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8

8

8

NH4+

DON

NO3-

Figure 1.1. Nitrogen cycle in forest ecosystems. (1) atmospheric input; (2) litter fall; (3) mineralisation; (4)
immobilisation; (5) nitrification; (6) denitrification; (7) plant uptake; (8) leaching.
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Under natural, low levels of atmospheric N deposition, nitrogen is recycled tightly within
the N limited forest ecosystem and leaching of inorganic-N is restricted. This may change
when forests become subject to increased atmospheric N deposition, as has been the case in
the Netherlands for the last 50 years. Initially, elevated nitrogen deposition may lead to an
increase in net primary production, but in the long-term it can have a strong negative
impact on forest ecosystem functioning (Aber et al., 1998). Enhanced availability of NH4+
may lead to increased nitrification and as protons are released in this process, this can lead
to acidification of the soil. Soil acidification, in turn, may enhance the leaching of base
cations, causing unbalanced nutrition of trees, and can even lead to aluminium toxicity
when the acid buffering capacity of the soil is depleted. In consequence, elevated N
deposition may lead eventually to a decline in net primary production and, when NO3- is
produced in surplus to biological demand, high leakage of NO3- towards groundwater.
When a forest has reached such a state, we label the forest “nitrogen saturated” (Aber et al.,
1998).
The forest under study in this thesis, the Speuld Douglas fir forest, indeed is
considered N saturated, which is a result of elevated atmospheric N input ever since the
forest was planted in 1962 (Koopmans et al., 1996; Van Breemen and Verstraten, 1991).
NO3- leaching at 90cm soil depth measures 31 kg-N ha-1 yr-1, and NO3- concentrations in
soil water draining at 90 cm depth are near the European Union NO3- limit for
groundwaters of 11.3 mg-N L-1.

1.4 Research objectives
Drying, rewetting and atmospheric N addition are important perturbations occurring
regularly in temperate forest ecosystems. Soil microorganisms may show strong reactions
to these perturbations, thereby affecting the cycling of N and carbon (C) in the soil. For
example, inorganic-N addition may lead to an increase in N immobilisation and
acceleration of organic matter breakdown (Kuzyakov et al., 2000). Added NO3- may be
immobilised rapidly in the forest floor (Berntson and Aber, 2000; Dail et al., 2001), and
rewetting of dried litter may induce a large, temporary increase in microbial activity and a
subsequent temporary net N mineralisation flush (Pulleman and Tietema, 1999). It is
important to known whether similar short-term reactions to frequent perturbations occur in
the soil and whether these seriously affect the cycling of N within the ecosystem. In
addition, when modelling N dynamics on a daily basis, as does the INCA model, any
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important short-term N processes should be incorporated in the model structure.
Even when there is confidence in a model’s ability to correctly describe the
biogeochemistry of an ecosystem, the predictive ability of our models is hampered by the
uncertainty associated with model applications. Next to shortcomings in the model
structure, this uncertainty stems from uncertainty in model input and output (calibration)
data and is reflected in uncertainty in model parameter values. Nitrogen field
measurements, indeed are subject to large uncertainties (e.g., Laverman et al., 2000;
Manderscheid and Matzner, 1995a; Rothe et al., 2002), which is expected to complicate the
calibration of nitrogen model parameters. Still, evaluations of nitrogen model prediction
and parameter uncertainty are limited, with studies by Schulz et al. (1999) and McIntyre et
al. (2005) as recent exceptions.
The points raised above summarize the main leads followed in this thesis. My main
objective was to evaluate the INCA model’s ability to simulate N transformations in and
leaching from the soil of an N saturated, Douglas fir forest (Speuld, the Netherlands). This
was done by
1. investigating the short-term dynamics in nitrogen transformations in the forest floor
of the Speuld Douglas fir forest; and
2. evaluating model parameter and prediction uncertainty associated with INCA
applications to the Speuld Douglas fir forest.

1.5 Site description
The Speuld Douglas fir forest (Pseudotsuga menziesii, Franco L.) is located in the centre of
the Netherlands (Figure 1.2). It was planted in 1962, with an initial tree density of 780
trees ha-1, and was thinned in the winter of 1995-1996 leaving about two-thirds of the trees
standing. Understorey vegetation was absent both before and after thinning. The forest
floor has a thickness of about 6 cm (Schaap et al., 1997a) and consists of a LF1 (6 – 4.5
cm) and F2 (4.5 – 0 cm) horizon; an H horizon is mostly absent. The humus form is
classified as a Mormoder (Green et al., 1993). The soil is a well-drained Haplic Podzol
(FAO, 1988) with a groundwater level at 40 m depth throughout the year. Average
precipitation is 834 mm yr-1, while mean potential evapotranspiration is 712 mm yr-1
(Tiktak and Bouten, 1994). Mean January temperature is 1.5°C; July temperature is 17.0°C
(Bosveld et al., 1993).
The forest is considered nitrogen saturated, as a result of nearly 50 years of elevated
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atmospheric N input (Koopmans et al., 1996; Van Breemen and Verstraten, 1991).
Nitrogen deposition in throughfall amounts to 42 kg-N ha-1 yr-1, mainly in the form of
NH4+. Nitrogen leaching at 90 cm soil depth is 31 kg-N ha-1 yr-1, dominantly as NO3-. The
Speuld forest has been studied intensively since the mid-1980s, with work focussing on
forest hydrology, soil acidification and nitrogen cycling. Studies on N cycling include work
by Tietema and co-workers on mineralisation and nitrification rates in the litter layer and
top mineral soil (Tietema et al., 1993; Tietema and Wessel, 1992) and work by Koopmans
and colleagues on responses to reduced atmospheric N inputs (Koopmans et al., 1998).
These studies showed that the litter layer is of prime importance for the cycling of N within
the forest as most of the soil N transformations occur there.

Speuld Douglas fir forest
52º13'N, 5º39'E

Figure 1.2. Research location.

1.6 Outline of thesis
Following this introduction, Chapter 2 focuses on spatial and temporal patterns in nitrogen
input and forest floor water content in the Speuld Douglas fir forest. Results from this
chapter form the starting point for Chapters 3 and 4, in which the short-term responses of
soil nitrogen and carbon transformations to nitrogen and moisture inputs are examined. The
results from these two chapters can be used to evaluate INCA’s description of soil N
transformations. Next, Chapters 5 and 6 deal with uncertainty issues associated with an
application of the INCA model to forest ecosystems. Chapter 5 examines the effects of
field observation uncertainty on model parameter calibration. In Chapter 6, parameter and
prediction uncertainty associated with an application of INCA to the Speuld Douglas fir
forest are analysed by using a multi-objective parameter optimisation tool. In the Synthesis
(Chapter 7), my main conclusions are summarized and related to INCA’s ability to model
N transfers in forest ecosystems.
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Part I
Nitrogen turnover in a Douglas fir forest in response to wetting and
atmospheric N deposition
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2 Spatial variability of throughfall water and chemistry and forest
floor water content in a Douglas fir forest stand

Abstract
This study focuses on spatial variability of throughfall water and chemistry and forest floor water
content within a Douglas fir (Pseudotsuga menziesii, Franco L.) forest plot. Spatial patterns of
water and chemistry (NH4+, NO3-, SO42-, Cl-, Mg2+, Ca2+, Na+ and K+) were compared and tested
for stability over time. The spatial coefficient of variation (CV) was between 18 and 26% for
amounts of throughfall water and ions, and 17% for forest floor water content. Concentrations and
amounts of all ions were correlated significantly. Ion concentrations were negatively correlated
with throughfall water amounts, but, except for NH4+, there was no such relation between
throughfall water and ion amounts. Spatial patterns of throughfall water fluxes and forest floor
water contents were consistent over time; patterns of ion fluxes were somewhat less stable.
Because of the spatial variability of forest floor thickness and drainage, it was not possible to relate
patterns in throughfall water directly to patterns in water content. The spatial variability of
throughfall nitrogen and forest floor water contents can cause significant variability in NO3production within the plot studied.

with Geert P.J. Draaijers, Marcel G. Schaap, Albert Tietema, Jacobus M. Verstraten, 2002. Spatial
variability of throughfall water and chemistry and forest floor water content in a Douglas fir forest stand.
Hydrology and Earth System Sciences 6(3): 363-374.
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2.1 Introduction
Increased atmospheric deposition of nitrogen (N) and sulphur has led to problems in forest
ecosystems, such as soil acidification, unbalanced nutrition of trees and high leakage of
nitrate towards groundwater (Aber et al., 1989; Magill et al., 1997; Van Breemen et al.,
1982). These problems have initiated intensive scientific research in the field of nitrogen
cycling. Research has focused on field budget studies (Tietema and Verstraten, 1992), field
manipulation studies (Wright et al., 1995), N modelling (Cosby et al., 1997; Whitehead et
al., 1998a) and laboratory experiments (Tietema and Van Dam, 1996).
Generally, field studies are applied at a plot scale, and field experiments at a number
of points within a field plot. Such studies have not been designed to sample the spatial
heterogeneity that normally exists in a plot, because the questions driving the research
required only a site average with preferably a small standard deviation (Vogt et al., 1995).
Although this low-resolution research is important and necessary, it does overlook a rich
abundance of information found at a higher resolution. For example, individual plants may
affect or respond to their environment at smaller scales. This is shown, for example, by
Bouten et al. (1992) who found spatial patterns of root water uptake to be related to
throughfall patterns around trees, especially in dry months. Ignoring spatial variability not
only results in information being overlooked, it can also have considerable consequences
for the reliability of the models (Harden and Joergensen, 2000; Parkin, 1993) and thus for
the validity of the concepts derived from these models.
The temporal resolution of nitrogen research is generally in the order of weeks or
months. Microbial processes, however, are highly dynamical and may respond rapidly to
changes in conditions in the forest soil. For example, a process like denitrification has a
very high temporal variability (Martin et al., 1999). Instant changes in soil water contents
may induce temporary increases in microbial activity, causing a temporary flush in net N
mineralisation (Pulleman and Tietema, 1999). Recently, there has been a growing interest
in these short-term N dynamics, especially in relation to moderate treatments of the soil
like recursive freezing and thawing, wetting and drying, or fertilizer additions.
Throughfall is an important pathway of nutrient input to the forest floor. Forest floor
water is important for the water and nutrient supply to plants, and forest floor water
contents control several soil microbial processes. Both throughfall water and ion fluxes and
forest floor water contents have a high spatial and temporal variability. A number of
studies have addressed the spatial variability of throughfall (Kimmins, 1973; Robson et al.,
1994) and the distribution of throughfall, both ions and water, has been related to the
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distance from a tree stem (Beier et al., 1993; Pedersen, 1992; Whelan et al., 1998).
Generally, for coniferous forests, concentrations and fluxes of ions decrease and water
fluxes increase with distance from the tree stem. Hansen et al. (1994) have addressed the
short-term temporal variability of throughfall by analysing the changes in throughfall
chemical composition during two rain showers in The Netherlands. They showed that a
significant portion of the yearly nitrogen throughfall can be added to the forest floor during
a single shower. Schaap et al. (1997a) have shown that although forest floor water contents
show high spatial variabilities within a field plot, their temporal dynamics are very similar.
Schaap and co-workers also showed that the observed spatial patterns in forest floor water
content are consistent over time. Despite its importance, research done on forest floor water
dynamics and patterns is still scarce.
In this study, throughfall water and chemistry and forest floor water content data
were analysed for small-scale, within-plot, spatial patterns in a Douglas fir forest using
throughfall and soil water data collected by Draaijers et al. (1998) and Schaap et al.
(1997a), respectively. Time-stability of observed throughfall patterns and the correlation
between patterns of different throughfall ions and throughfall water were assessed. In
addition, the link between spatial patterns in throughfall water and patterns in forest floor
water was examined by analysing forest floor water contents during six rain showers. For
two of these showers, forest floor water temporal dynamics were compared with dynamics
in nitrogen throughfall (throughfall data of Hansen et al., 1994). In this chapter, the results
of these analyses are presented and the implications of the findings for N modelling and N
process research are discussed.

2.2

Materials and methods

2.2.1 Site description
The Speuld research site is a 2.5 ha Douglas fir (Pseudotsuga menziesii, Franco L.) forest
stand, located in the centre of The Netherlands. At the time of measurement (1992 - 1993),
trees were 31 years old and 16 to 21 m high. Tree density varied between 785 and 1250
trees ha-1. The canopy was well-closed with a one-sided leaf area index (LAI) ranging from
9 in early spring to 12 m2 m-2 at the end of summer. There was no understorey vegetation.
The forest floor had a thickness of 5.9 cm (Schaap et al., 1997a), and was classified as a
Mormoder humus form (Green et al., 1993). The average forest floor water storage in
winter was approximately 10 mm (Tiktak and Bouten, 1990). The soil was a well-drained
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Haplic Podzol (FAO, 1988) with a groundwater level at 40 m depth throughout the year.
Average precipitation was 834 mm yr-1, while mean potential evapotranspiration was
712 mm yr-1 (Tiktak and Bouten, 1994). Nitrogen deposition in throughfall amounted to
42 kg-N ha yr-1, mainly in the form of NH4+. Nitrogen leaching at 90 cm soil depth was
31 kg-N ha yr-1, mainly as NO3-. Nitrogen transformations occurred mainly in the forest
floor (Tietema et al., 1993).
2.2.2 Throughfall measurements
Throughfall was collected for nine periods between October 1992 and June 1993 (Table
2.1) with 25 funnels each with a collection area of 320 cm2. After collection, samples were
filtered (0.45 µm) and stored dark and cool (5 °C). Ion concentrations were measured
within one week of sampling. Samples were analysed by colorimetry on a Skalar
autoanalyzer for NH4+, NO3-, SO42-, Cl-, Mg2+, and Ca2+. Concentrations of Na+ and K+
were determined by flame photometry. Throughfall water amounts were always
determined, but unfortunately, some 2.5% of the chemical throughfall data were missing.
In order to calculate throughfall ion fluxes for every individual throughfall funnel over the
total 107 collection days, these missing concentration values were interpolated (Draaijers et
al., 1998). Stemflow was not taken into account in this study; the stemflow ion flux in this
forest was estimated to be 6% of the throughfall ion flux (Van Leeuwen et al., 1994).
Table 2.1. Throughfall collection periods and average amount of throughfall water collected in those periods
(n = 25).
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Period

Date

Days in period

Average throughfall [mm]

1

1 Oct. – 7 Oct., 1992

6

8.8

2

7 Oct. – 20 Oct., 1992

13

21.9

3

20 Oct. – 2 Nov., 1992

13

3.9

4

2 Nov. – 4 Nov., 1992

2

7.5

5

4 Nov. – 17 Nov., 1992

13

31.2

6

8 Dec. – 15 Dec., 1992

7

18.5

7

12 Apr. – 20 Apr., 1993

8

18.9

8

20 Apr. – 10 May., 1993

20

25.0

9

10 May – 3 June, 1993

24

25.0

2.2.3 Forest floor water content measurements
Forest floor water contents were measured six to eight times a day with an automated TDR
system (Heimovaara and Bouten, 1990). Special interest was taken in the water content
dynamics during six larger showers in the period between April 5 and July 6, 1993. TDR
sensors, 35 cm in length, were installed horizontally about 10 cm apart in parallel in the
forest floor. Five clusters of 6 sensors each were used; the largest distance between the
clusters was 10 m. Sensor depth ranged from 1.5 to 7.6 cm from the surface; the average
depth was 3.4 cm. In this part of the forest stand, the thickness of the forest floor varied
from 3.3 to 9.6 cm, with an average of 5.9 cm (6.0 kg dry material m-2). Reference is made
to Schaap et al. (1997a; 1997b) for a more detailed description of the forest floor water
content measurements and TDR calibration in forest floor media.
2.2.4 Time stability of spatial patterns
Two techniques were applied to investigate the temporal stability of observed spatial
patterns. The first technique is the ‘time stability’ method described by Vachaud et al.
(1985). They and others (e.g., Gómez-Plaza et al., 2000) have applied this method to soil
water storage data, but it may equally be applied to throughfall or other spatial data. For m
periods and n locations, the method calculates the temporal average ( δ j ) and standard
deviation of the relative difference δt,j of a variable St,j (t = time, j = location), following
1 m
∑ δ t, j
m t =1

δj =

(2.1)

where

δt, j =

S t , j − St
St

(2.2)

and
St =

1 n
∑ St , j
n j =1

(2.3)

When ranked from smallest to largest and plotted, the δ j gives a good visual representation
of the relative deviation of a variable from the plot mean at the various locations j within a
plot (see, for example, Figure 2.2). Averaged over time, locations at the left side of such a
21

graph ( δ j < 0) are below the time-average plot mean and locations at the right side ( δ j > 0)
are above average. This method was applied to the throughfall data for t = 9 periods and j =
25 locations (funnels).
The second technique, also applied by Vachaud et al. (1985), is the non-parametric
Spearman’s test. Let Rt,j be the rank of the variable St,j observed at location j at time t and
Rt',j the rank of the same variable at the same location, but on date t'. The Spearman rank
correlation coefficient is then calculated by
n

rs = 1 −

6∑ ( Rt , j − Rt' , j) 2
i =1

n(n 2 − 1)

(2.4)

where n is the number of observations. A value of rs = 1 corresponds to identity of rank for
any site, or perfect time-stability between dates t and t'. The closer rs is to 1, the more stable
in time the spatial pattern will be.

2.3 Results and discussion
2.3.1 Spatial patterns of throughfall
The total amounts of throughfall, both in terms of ions and water, were summed over the 9
periods (Table 2.2). The ratio of the highest to the lowest catch in a funnel was 2.2, 2.8, 2.6
and 2.8 for water, NH4+, NO3- and total inorganic-N, respectively. The coefficient of
variation (CV) for these variables was 21, 26, 19 and 24%. These ratios and CVs show a
significant spread in throughfall ion and water input within the field plot. For water,
however, the ratio and CV are considerably lower than the 3.5 and 30% recorded by
Bouten et al. (1992) for the same forest over an 18 months period in 1988-1990. The
funnels they used had a larger collection surface than those used here (480 vs. 320 cm2),
which should generally result in a smaller rather than a larger CV. There are two possible
explanations for the lower CV in the present study. Firstly, Bouten et al. (1992) conducted
their measurements at a different location within the forest stand. Tree density varies
between 785 and 1250 trees ha-1 within the forest stand; a higher tree density generally
results in a lower CV. Secondly, the periods in which the present study was undertaken
were characterised by relatively high amounts of precipitation. Throughfall shows less
spatial variation in periods with high rain intensities (Bouten et al., 1992).
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Table 2.2. Mean, standard deviation, coeffient of variation, minimum, maximum and maximum/minimum
ratio of water and ion throughfall inputs for 25 funnels summed over nine periods (covering a total of 107
days). Water amounts in [mm], ion amounts in [mol ha-1]; funnel number in brackets.
mean

std.dev.

CV(%)

Water

161

33

NH4+

727

NO3

-

+

NH4 + NO3

-

Cl-

maximum

21

109

(22)

232

(4)

2.13

190

26

455

(19)

1290

(15)

2.84

278

54

19

164

(19)

422

(15)

2.57

1005

240

24

619

(19)

1712

(15)

2.77

. ratio

278

61

22

185

(7)

451

(15)

2.43

2-

306

79

26

195

(19)

516

(15)

2.64

+

SO4
Na

max./min

minimum

233

60

26

152

(7)

397

(15)

2.61

+

137

24

18

97.9

(22)

185

(10)

1.89

2+

42.2

7.9

19

28.0

(7)

60.2

(15)

2.15

2+

48.5

10

20

31.4

(19)

66.6

(15)

2.12

K

Mg
Ca

For all but NH4+, CVs are smaller than those reported by Beier et al. (1993), Seiler
and Matzner (1995) and Whelan et al. (1998) in Norway spruce stands, and Pedersen
(1992) in three Sitka spruce stands (Table 2.3). The funnel collection area used in this
study is larger than the collection area used in these other studies, which could explain the
smaller CVs in this study. Seiler and Matzner (1995) attributed the small CV for NH4+ in
their study to foliar uptake of NH4+ (and NO3-), counteracting the enlarging effect that dry
deposition generally has on ion throughfall flux spatial variability. At Speuld, there is some
retention of NHx and NOy in the canopy (Draaijers et al., 1997), but this retention is
insufficiently large to counteract the relatively high NHx and NOy deposition in this forest.
Consequently, these CVs for throughfall NH4+ and NO3- will not be influenced significantly
by foliar uptake.
Time-average ion concentrations of funnels, being the total ion input during the
collection period (107 days) divided by the total amount of throughfall water, were
positively correlated with one another and negatively correlated with the amount of
throughfall water (Table 2.4 and Figure 2.1). The strong correlations between all ions
occur, even though different ions may have different sources. Foliar leaching, for example,
is the main source of K+ in throughfall, whereas the main source for NH4+ is dry deposition
(Draaijers et al., 1997). Whelan et al. (1998) also found similarities in the spatial patterns
of ions with apparently different sources. They suggested that these similarities occur
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because the density of needle biomass per area ground surface influences both foliar
leaching and dry deposition. Wet deposition is independent of the density of needle
biomass per area ground surface, but as such, does not affect a positive correlation between
ions for which wet deposition is an important (e.g., NO3-) or an unimportant (e.g., SO42-)
source.
Negative correlations between time-average ion concentrations and throughfall
water amounts (Table 2.4) have been reported by others (Robson et al., 1994). Both Beier
et al. (1993) and Whelan et al. (1998) found an increase in the amount of throughfall water
and a decrease of ion concentrations with distance from the tree stem. The increase in
throughfall amount may be attributed to translocation of water in the canopy and higher
interception losses close to the tree stem, where the amount of needle biomass per area is
higher. The higher needle biomass also enhances particle deposition and foliar leaching
close to the tree stem. This should then also result in higher ion fluxes close to the tree. No
significant (negative) correlations between throughfall ion amounts and water amounts
were found in this study, except for NH4+ (r = -0.438, p ≤ 0.05; Table 2.5 and Figure 2.1).
This suggests that the observed negative correlation between water amounts and ion
concentrations, except for NH4+, merely reflects water interception losses.
2.3.2 Time-stability of spatial patterns of throughfall
Bouten et al. (1992) showed that in Speuld the throughfall ratio of a specific funnel,
defined as the amount of throughfall water collected in that funnel relative to the stand
average throughfall (collection time 1 week), has a high variation for weeks with little
rainfall and converges to a constant value for weeks with much rain. The funnel-specific
throughfall was thus better predictable in weeks with relatively much rain. This is partly
supported by our data. Figure 2.2A shows the ranked plots of the temporal average of the
relative difference ( δ j ) for throughfall water amounts. The error bars indicate the
considerable spread around each average. The Spearman rank correlations (Table 2.6A),
however, show that the rankings of funnels for throughfall water amounts are significantly
correlated for almost all periods. Only the rankings of periods 1 and 4 and periods 1 and 7
are not significantly correlated. Period 1 was characterised by a relatively small amount of
throughfall water, giving support to the findings of Bouten et al. (1992). However, this
period was significantly correlated to the remaining 6 periods. The amount of throughfall
water collected by an individual funnel relative to the plot average can thus be predicted
well.
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Table 2.3. (Spatial) coefficients of variation (CV, [%]) of throughfall in this and four other studies in
coniferous forests: Pedersen (1992), Beier et al. (1993), Seiler and Matzner (1995) and Whelan et al. (1998).
CVs of ions in Pedersen (1992) and Seiler and Matzner (1995) refer to time-average concentrations; all other
studies refer to amounts. CVs in Whelan et al. (1998) are for individual collection periods of 9 to 17 days
lenght. CVs in Pedersen (1992) refer to three even-aged Sitka spruce forests.
Seiler and

present study

Pedersen

Beier et al.

(n = 25)

(n=30)

(n = 20)

(n = 100)

(n = 39)

Douglas fir

Sitka spruce

Norway spruce

Norway spruce

Norway spruce

31

30

40

140

52

coll. area [cm ]

320

121

178

106

178

coll. time [days]

107

365

365

~184

9-17

Water

21

21-23

3

7-16

NH4+

26

29-53

44

24

38-175

-

19

26-37

39

29

23-62

forest type
forest age [yr]
2

NO3
Cl-

22

33-47

42

61

18-57

26

28-47

41

38

23-44

+

26

33-47

45

42

+

18

25-34

32

30

2+

19

34-47

44

34

2+

20

31-44

44

33

K

Mg
Ca

Whelan et al.

2-

SO4
Na

Matzner

11-43

Table 2.4. Pearson correlation coefficients for throughfall water amounts and time-average concentrations.
Total collection time 107 days; n = 25, **p ≤ 0.01 (two-tailed).
water

NH4+

NO3-

Cl-

SO42-

Na+

K+

Mg2+

Ca2+

1

-.71**

-.74**

-.58**

-.68**

-.61**

-.69**

-.65**

-.64**

water

1

.97**

.91**

.97**

.96**

.83**

.91**

.85**

NH4+

1

.89**

.94**

.93**

.85**

.90**

.84**

NO3-

1

.95**

.98**

.78**

.97**

.91**

Cl-

1

.98**

.84**

.97**

.93**

SO42-

1

.81**

.96**

.89**

Na+

1

.80**

.78**

K+

1

.97**

Mg2+

1

Ca2+

25

Table 2.5. Pearson correlation coefficients for throughfall water and ion amounts. Total collection time 107
days; n = 25, *p ≤ 0.05, **p ≤ 0.01 (two-tailed).
water

NH4+

NO3-

Cl-

SO42-

Na+

K+

Mg2+

Ca2+

1

-.44**

-.32**

-.06**

-.39**

-.20**

.01**

-.12**

-.16**

water

1

.92**

.84**

.98**

.91**

.61**

.83**

.77**

NH4+

1

.81**

.92**

.88**

.69**

.84**

.77**

NO3-

1

.89**

.97**

.66**

.95**

.86**

Cl-

1

.95**

.63**

.90**

.86**

SO42-

1

.67**

.95**

.86**

Na+

1

.65**

.53**

K+

1

.94**

Mg2+

1

Ca2+

Figure 2.1. Scatter plots of throughfall water amounts [mm] and time-average concentrations [mol L-1] (○;
upper-right) and of throughfall water amounts [mm] and ion amounts [mol ha-1] (◊; lower-left). Spearman
rank correlations (r) are given; see Table 2.4 and 2.5 for significance of correlations.
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Table 2.6. Spearman rank correlations between throughfall collection period for amounts of throughfall
water, NH4+, NO3- and K+ . n = 25, *p ≤ 0.05, **p ≤ 0.01 (two-tailed).

Table 2.6A. Spearman rank correlations for throughfall water amounts
1**

2**

3**

4**

5**

6**

7**

8**

9**

period

1

.45**

.43**

.11**

.51**

.45**

.33**

.52**

.57**

1

1

.74**

.45**

.67**

.90**

.81**

.56**

.73**

2

1

.66**

.72**

.72**

.56**

.75**

.78**

3

1

.52**

.64**

.44**

.57**

.60**

4

1

.75**

.81**

.82**

.66**

5

1

.83**

.67**

.73**

6

1

.56**

.64**

7

1

.71**

8

1

9

Table2.6B. Spearman rank correlations for throughfall NH4+ amounts
1**

2**

3**

4**

5**

6**

7**

8**

9**

period

1

.22**

.04**

-.33**

.37**

-.08**

.06**

-.20**

.01**

1

1

.24**

.59**

.79**

.55**

.79**

.08**

.70**

2

1

.26**

.29**

.61**

-.04**

-.13**

.07**

3

1

.51**

.71**

.55**

.17**

.61**

4

1

.60**

.73**

.20**

.62**

5

1

.41**

.07**

.38**

6

1

.11**

.78**

7

1

.36**

8

1

9

Table 2.6C. Spearman rank correlations for throughfall NO3- amounts
1**

2**

3**

4**

5**

6**

7**

8**

9**

period

1

-.09**

.07**

-.18**

.11**

-.09**

-.07**

-.21**

-.04**

1

1

.44**

.78**

.86**

.80**

.83**

.51**

.75**

2

1

.42**

.45**

.51**

.08**

.24**

.26**

3

1

.67**

.91**

.61**

.55**

.41**

4

1

.71**

.77**

.43**

.61**

5

1

.68**

.50**

.39**

6

1

.47**

.66**

7

1

.47**

8

1

9
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Table 2.6D (continued). Spearman rank correlations for throughfall K+ amounts
1**

2**

3**

4**

5**

6**

7**

8**

9**

period

1

-.28**

-.18**

-.17**

-.01**

-.15**

-.11**

-.38**

-.13**

1

1

.80**

.83**

.82**

.84**

.75**

.49**

.63**

2

1

.70**

.70**

.71**

.63**

.49**

.61**

3

1

.78**

.88**

.74**

.44**

.38**

4

1

.85**

.78**

.45**

.49**

5

1

.92**

.40**

.49**

6

1

.39**

.51**

7

1

.36**

8

1

9

Error bars and Spearman rank correlation coefficients for NH4+ amounts (Figure
2.2B and Table 2.6B) show that the temporal stability of the NH4+ throughfall flux patterns
is less than the temporal stability of the throughfall water fluxes. For NO3- and K+ amounts,
however, except for period 1, rankings of most periods are significantly correlated (Table
2.6C-D, Figure 2.2C-D). Whelan et al. (1998) have also noted that spatial patterns of
throughfall ion fluxes are less consistent than throughfall water fluxes.
2.3.3 Linking throughfall water and forest floor water contents
Using the same TDR dataset, Schaap et al. (1997a) showed that there are clear spatial
patterns in forest floor water contents and that these are consistent over time. The
difference in water contents between wet and dry spots amounted to 0.15 m3 m-3, or
approximately 160% when expressed as gravimetric water content, throughout the period
of measurement (April 5 – July 6, 1993; Figure 2.3B, p.33). The average forest floor water
content in that period was 0.22 m3 m-3, the CV amounted to 17% (n = 30). These water
contents were corrected for sensor depth (reference sensor depth is 3.4 cm) using a
correction of 0.020 m3 m-3 per cm of installed depth (Schaap et al., 1997a).
Although the temporal dynamics of the sensors are very similar (Figure 2.3B),
Figure 2.3C shows that standard deviation of the water content increases sharply on days
with rain. This may be attributed to spatial variability in throughfall, drainage dynamics
and/or thickness of the forest floor (Schaap et al., 1997a). The increase in forest floor water
content (expressed in m3 m-3) after a rain shower was spatially variable, but observed
patterns were consistent over time (Figure 2.4, Table 2.7). The increase was similar for
sensors installed at different depths within a profile, indicating that the throughfall water
was distributed evenly over the forest floor profile. There was a small, but significant
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correlation (r = 0.438, p ≤ 0.05) between the time-average water content (April 5 – July 6,
1993) of a sensor and the strength of the reaction of the sensor to a rain shower. Although
this indicates that wet spots react to rain more fiercely than dry spots, this does not
necessarily mean that there is a direct relationship between throughfall and forest floor
water spatial patterns. During showers II (April 18, 1993) and V (June 16, 1993) of the six
main shower events studied in detail, 20 and 12 mm of throughfall were recorded (Hansen

Figure 2.2. Time stability plots for amounts of throughfall (A) water [mm], (B) NH4+, (C) NO3- and (D) K+
[mol ha-1]. Time-average δj [-] of 9 periods; error bars are + and - one standard deviation; numbers refer to
funnel number. See text for further details.
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et al., 1994). The average increase in forest floor water content after these showers was
0.11 and 0.12 m3 m-3, respectively. In terms of forest floor water storage, this means a
storage increase of approximately 6.6 and 6.8 mm, indicating that a large amount of the
throughfall (13.4 and 5.2 mm) was evaporated, taken up by plants and/or drained to the
mineral soil. Forest floor evaporation was 0.38 mm d-1 and only 2.2% of the root water
uptake was derived from the forest floor (Schaap et al., 1997a). This indicates that most of
the excess throughfall water drained rapidly to the mineral soil, which is supported by the
similar dynamics of water contents in the top mineral soil and forest floor (Figure 2.3C,D).

Figure 2.4. Time stability plot of increase in forest floor water contents [mm] during rain showers I – VI.
Time-average δj [-] of 6 showers; error bars are + and - one standard deviation.

Table 2.7. Spearman rank correlations for increase in volumetric forest floor water content during 6 rain
showers. Showers between April 5 and July 6, 1993; n = 30, **p ≤ 0.01 (two-tailed).
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I

II

III

IV

V

VI

1

.47**

.52**

.66**

.73**

.73**

I

1

.68**

.73**

.72**

.59**

II

1

.83**

.71**

.72**

III

1

.92**

.78**

IV

1

.74**

V

1

VI

2.3.4 Implications for N modelling and N process research
Spatial variability influences the performance and reliability of non-linear ecosystem
models (Beier, 1998; Heuvelink and Pebesma, 1999). This also holds true for a semidistributed model like INCA (Whitehead et al., 1998a; Wade et al., 2000), which treats
land units as perfectly homogeneous blocks. When model input is available at the point
support and model output is required at the block support, which applies to almost all
ecosystem models, spatial aggregation should take place after the model is run (Heuvelink
and Pebesma, 1999). The throughfall data of the individual funnels provide the means to
follow these instructions and, as such, to test the sensitivity of the INCA model for spatial
variability. It should be noted that although spatial patterns of forest floor water content
could not be related directly to throughfall water patterns, this does not mean there cannot
be a strong relationship between throughfall and drainage patterns. When running a model
like INCA for every individual throughfall funnel before aggregating the results,
throughfall and drainage patterns will be linked directly as a result of the model structure.
However, there may be an important feedback of root water uptake to spatial patterns in
soil water, which is ignored unless it is built into the model. In the Speuld forest stand,
spatial patterns of root water uptake were related to throughfall patterns around trees
(Bouten et al., 1992).
Nitrification and net N mineralisation rates increase from dry to wet conditions
(Tietema et al., 1992b). When using the relationships as reported by Tietema et al. (1992b)
and the average water contents as reported here, dry spots ( θ = 0.13 m3 m-3or w = 140%)
would, on average, nitrify approximately 55 mg-N per kg dry forest floor material per
month, while nitrification in wet spots ( θ = 0.28 m3 m-3 or w = 300%) would be 150
mg-N kg-1 month-1. If the forest floor were of uniform thickness, nitrate production within a
field plot could thus vary by a factor of 3 simply because of spatial variability in moisture
content. Variations in net mineralisation within a plot would be small as net mineralisation
rates are constant for gravimetric moisture contents higher than 140% (Tietema et al.,
1992b). The present throughfall data show that there are clear ‘hotspots’ and ‘coldspots’ of
throughfall inorganic-N input to the forest floor. Differences between these spots are a
factor of 2.8. This factor and the possibly large differences in nitrification rates caused by
spatial variability in moisture contents, could explain a large part of the high ‘spatial’ CV
for soil water NH4+ and NO3- concentrations reported in the literature (Manderscheid and
Matzner, 1995b).
During showers II and V of the six showers studied in detail, Hansen et al. (1994)
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recorded a total inorganic-N input by throughfall of 194 and 114 mol-N ha-1, respectively.
This is approximately 6.5 and 3.8% of the yearly throughfall inorganic-N input. As
mentioned, the average increase in forest floor water content after these showers was 0.11
and 0.12 m3 m-3 or 119 and 130%, respectively. In the dry period after shower II, it took
about 8 days to return to the initial water content. Pulleman and Tietema (1999) showed
that drying and rewetting of forest floor material has a profound influence on microbial
transformation rates. Following these data and the data of Hansen et al. (1994), it should be
noted that rewetting of the forest floor also means an addition of inorganic-N to the forest
floor. As such, so-called priming effects (strong short-term changes in microbial turnover
in soils; (Kuzyakov et al., 2000) should not just be studied for water or nitrogen addition,
but for water and nitrogen addition.

2.4 Conclusions
In the Speuld Douglas fir forest, throughfall ion and water inputs, as well as forest floor
water contents, show distinct small-scale spatial patterns that are consistent with time.
Throughfall ion concentrations and water fluxes are negatively correlated, but, except for
NH4+, no such relation can be demonstrated between throughfall ion fluxes and water
fluxes. Spatial patterns in forest floor water contents are a result of patterns in forest floor
thickness, drainage to the mineral soil and throughfall. As such, it is not possible to relate
spatial patterns in throughfall directly to patterns in forest floor water content.
The spatial variability in nitrogen input to, and water contents of the forest floor are
considerable and important for soil microbial transformations. The temporal dynamics of
nitrogen input and water contents show that rewetting of the forest floor also means
addition of inorganic-N to the forest floor. The effects of these soil perturbations on soil N
transformations deserve future study.
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Figure 2.3. Precipitation, forest floor water content (inclusing standard deviation) and water content in top of
mineral soil. (A) precipitation; (B) forest floor water content. average of 30 sensors (black line) and wettest
and driest sensor (grey lines); water contents are expressed volumetric [m3 m-3] and gravimetric [%] and are
corrected for sensor depth (reference depth 3.4 cm); numerals refer to rain showers I – IV; (C) standard
deviation of forest floor water contents (WC FF stdv); (D) average water content (WC) in top mineral soil;
sensors were at 5 cm under top of mineral soil. Figure adapted from Schaap et al. (1997a).
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3 Nitrogen turnover in fresh Douglas fir litter (LF1) directly after
additions of moisture, ammonium and / or nitrate

Abstract
The effects of wetting and drying and inorganic-N addition on C and N turnover in LF1 litter
(Speuld forest, the Netherlands) were investigated. Litter was incubated in the laboratory, receiving
different moisture (rewetted-and-dried; rewetted-and-moist) and throughfall N addition treatments
(additions of NH4+ and NO3-; NH4+; NO3-; no N). Total incubation time was 9 days. Three hours
after rewetting and N additions, CO2 respiration rates had almost doubled for all treatments, and N
was net immobilised when NH4+ had been added. Similar, NO3- was net retained when it had been
added, but net produced in the other treatments.
In the next 21 hours, CO2 respiration rates somewhat decreased while all treatments showed
a net N mineralisation. For the rewetted-and-moist incubations, CO2 respiration fluctuated in the
following days, but remained at elevated levels. N mineralisation rates also fluctuated, but over the
total incubation period N was net immobilised. N2O production rates increased throughout the
incubation and about 80% of the NO3- produced by nitrification was lost again as N2O. In the
rewetted-and-dried incubations, CO2 respiration steadily decreased during the drying phase, no
clear patterns in N mineralisation were detected. N2O production remained at a constant level, and
even under these dried conditions about half of the NO3- net produced was lost again as N2O. Our
experiments thus revealed two important NO3- sinks in LF1 litter, namely rapid retention directly
after addition of NO3- and gaseous loss as N2O through denitrification.

with Albert Tietema and Jacobus M. Verstraten, to be submitted to Soil Biology and Biochemistry.
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3.1 Introduction
Human activity has significantly altered the global nitrogen (N) cycle (Vitousek et al.,
1997), resulting in unprecedented high atmospheric N deposition in forests in Northern
America and Europe. This elevated N input has caused many problems in forest
ecosystems, such as soil acidification, unbalanced nutrition of trees and high leakage of
nitrate (NO3-) towards groundwater (Aber et al., 1998; Aber et al., 1989; Magill et al.,
1997; Van Breemen et al., 1982). To abate these problems, we seek understanding of the
cycling of N by conducting field studies and laboratory experiments, and by developing
mathematical models that integrate the knowledge obtained from these studies (Neal et al.,
2002).
Forests in the Netherlands have experienced elevated atmospheric N inputs for
nearly 50 years now, and the growing concern about the effects of these increased inputs on
forest ecosystem functioning has initiated intensive scientific research in the field of N
cycling since the early 1980s. In general, the studies undertaken have a temporal resolution
of weeks to years, either by direct choice (for example to elucidate long-term changes in
the functioning of forest ecosystems like Koopmans et al., 1996), or because changes in N
pool sizes are slow and require time to be measured (for example field incubations like in
Tietema, 1993). Microbial processes, however, are highly dynamical and respond rapidly
to changes in conditions in the forest soil, like temperature, moisture and nutrient inputs.
Consequently, while standard low-resolution N research is important and necessary, it may
overlook mechanisms and processes operating at a shorter time scale.
In recent years, there has been a growing interest in short-term N dynamics,
especially in reaction to moderate treatments of the soil like recursive freezing and
thawing, wetting and drying, or fertilizer additions (Kuzyakov et al., 2000). For example,
Pulleman and Tietema (1999) showed that in the Douglas fir forest of Speuld, the
Netherlands, rewetting of dried litter could induce a large, temporary increase in microbial
activity and a subsequent temporary net N mineralisation flush. Litter from Harvard Forest
in north-eastern United States has been shown to rapidly immobilise added nitrate (NO3-)
(Berntson and Aber, 2000; Dail et al., 2001), even though this experimental forest had been
subject to chronic NO3- additions for 11 years. Kuzyakov et al. (2000) summarize a number
of possible reactions to inorganic-N additions, including increased N immobilisation by
microorganisms and acceleration of organic matter decomposition.
In Chapter 2, we showed that during a rain event not only the forest floor is
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rewetted, but that simultaneously a large pulse of inorganic-N is added via throughfall.
Recorded N pulses were as high as 2.7 kg-N ha-1, equalling about 6.5% of the yearly
atmospheric N deposition. Pulleman and Tietema (1999) already emphasized the
dynamical reaction of N transformations to rewetting of Speuld litter. Analogous, we
hypothesize that inorganic-N addition may also enforce short-term changes in the turnover
of C and N in Speuld litter, for example like those put forward by Berntson and Aber
(2000) and Kuzyakov et al. (2000).
The aim of this chapter was to gain insight in the effects of simultaneous rewetting
and throughfall N additions on the carbon (C) and N turnover in a Douglas fir forest. Focus
was on the top, LF1 horizon of the forest floor as first contact of throughfall water is with
this horizon. Field moisture conditions just before and directly after a rain event were
mimicked in a laboratory incubation experiment, while solutions containing NH4- and/or
NO3- were added. Measurements were conducted on a high frequency basis, i.e. every one
to two days, to capture any dynamic responses of C and N turnover to the imposed
treatments.

3.2 Materials and methods
3.2.1 Site description and sampling
The Speuld research site is a 2.5 ha Douglas fir (Pseudotsuga menziesii, Franco L.) forest
stand, located in the centre of The Netherlands. The forest was planted in 1962, with an
initial tree density of 780 trees ha-1, and was thinned in the winter of 1995-1996 leaving
about two-thirds of the trees standing. Understorey vegetation was absent both before and
after thinning. The forest floor has a thickness of about 6 cm (Schaap et al., 1997a) and
consists of a LF1 (6 – 4.5 cm) and F2 (4.5 – 0 cm) horizon; an H horizon is mostly absent.
The humus form is classified as a Mormoder (Green et al., 1993). The soil is a well-drained
Haplic Podzol (FAO, 1988) with a groundwater level at 40 m depth throughout the year.
Average precipitation is 834 mm yr-1, while mean potential evapotranspiration is 712
mm yr-1 (Tiktak and Bouten, 1994). Mean January temperature is 1.5°C; July temperature
is 17.0°C (Bosveld et al., 1993). The forest is considered nitrogen saturated, as a result of
nearly 50 years of elevated atmospheric N input (Koopmans et al., 1996; Van Breemen and
Verstraten, 1991). Nitrogen deposition in throughfall amounts to 42 kg-N ha-1 yr-1, mainly
in the form of NH4+. Nitrogen leaching at 90 cm soil depth is 31 kg-N ha-1 yr-1, dominantly
as NO3-. Nitrogen transformations occur mainly in the forest floor (Tietema et al., 1993).
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The Speuld Douglas fir forest has been subject of intensive research since the
mid-1980s. Relevant work with respect to the current study include investigations of N
mineralisation and nitrification (Tietema et al., 1993; Tietema and Wessel, 1992), anoxic
microsites in litter in relation to N2O production (Van der Lee et al., 1999), C and N
transformations during drying and rewetting (Pulleman and Tietema, 1999) and forest floor
hydrology (Schaap et al., 1997a).
A composite litter sample (LF1 horizon) was obtained by stripping the top 0.5 cm of
the forest floor in three 1 m2 patches, randomly chosen across the forest stand. Cones,
branches and roots were removed immediately after sampling. The remaining material was
sieved through a 10 mm nylon mesh, air-dried (gravimetric water content w = 115%) and
stored dark and cool (2°C) until the beginning of the experiment. Some chemical
characteristics of the litter are given in Table 3.1.
Table 3.1. Characteristics of sampled fresh, LF1 horizon Douglas fir litter.
Horizon

LF1

Depth

6 – 4.5 cm

pH (1.0 M KCl)

4.3

pH (H2O)

5.1

C:N

24.7 g g-1

NH4+ (KCl-extractable)

33.3 mmol-N kg-1

NO3- (KCl-extractable)

0.45 mmol-N kg-1

3.2.2 Experimental set up
Polypropylene batches were filled with the equivalent of 6.0 g dry litter (w = 115%) and
stored in a climate chamber two days prior to the start of the experiment, in order to enable
the microbial community to adapt to the incubation temperature of 20°C. Batches were
divided into eight series receiving different treatments (Table 3.2). These treatments
involved

rewetted-and-continuously-moist

(MO)

and

rewetted-and-dried
+

(WD)

-

incubations, and additions of throughfall solutions containing NH4 , NO3 , both NH4+ and
NO3-, or no nitrogen at all. Parallel to the samples kept in polypropylene batches ran 8
series in glass jars (n = 3). These series received the same moisture and N addition
treatments and were used to determine CO2 and N2O production.
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Table 3.2. Experimental setup. Short names for treatments (as used in the text), imposed moisture conditions
and added NH4+ and NO3- concentrations.
added NH4+

added NO3-

ShortName

Moisture condition

[mmol-N kg-1 dry]

[mmol-N kg-1 dry]

MO-noN

Continuously moist

0.0

0.0

MO-NH4NO3

Continuously moist

2.9

1.1

MO-NH4

Continuously moist

2.9

0.0

MO-NO3

Continuously moist

0.0

1.1

WD-noN

Rewetted and dried

0.0

0.0

WD-NH4NO3

Rewetted and dried

2.9

1.1

WD-NH4

Rewetted and dried

2.9

0.0

WD-NO3

Rewetted and dried

0.0

1.1

The moisture dynamics imposed to the WD treatments were copied from dynamics
in forest floor water content of the F2 horizon of the Speuld Forest as described by Schaap
et al. (1997a) and in Chapter 2. A single summer rain shower was modelled followed by a
nine day drying period. Drying in our experiment (w = 50% after nine days), however, was
somewhat more severe than that observed by Schaap et al. (1997a), since we believe that
drying is more severe in top LF1 horizon than in the F2 horizon that they studied.
Amounts of NH4+ and/or NO3- added (Table 3.2) were calculated from the amounts
of nitrogen added to the forest floor during a rain event (2.7 kg-N ha-1; Hansen et al., 1994,
and Chapter 2), the molar ratio of NH4+:NO3- in throughfall (2.7:1; Draaijers et al., 1998)
and the total dry mass of the forest floor (3.2 kg m-2; Wessel and Tietema, 1995). In this
calculation we assumed that throughfall was distributed evenly over the top half of the
forest floor. In addition to nitrogen species, all added solutions contained a combination of
other ions to mimic throughfall of the Speuld forest as closely as possible (Draaijers et al.,
1998). Added concentrations were 1.22, 0.04, 0.20, 0.16 and 0.47 mmol kg-1 dry litter for
SO42-, ortho-P, Ca2+, Mg2+ and K+, respectively. Na+ replaced NH4+ for treatments where no
NH4+ was added, Cl- replaced NO3-. Added concentrations of Na+ thus varied between 0
and 2.91, added Cl- varied between 0.61 and 1.70 mmol kg-1 dry litter.
The experiment was started (t = 0 days) by dripping concentrated throughfall
solutions on the incubated litter using a 1000µl pipette. Subsequently, using a conventional
plant sprayer, demineralised water was sprayed on the litter in order to spread the added
substances equally over the litter and to reach a gravimetric water content of 275%. The
MO series were kept in semi-open containers with wet towels. The wet towels created a
damp atmosphere that successfully prevented drying of the litter, while the semi-open
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Figure 3.1. Gravimetric water content [%] for moist (MO) and rewetted-and-dried (WD) incubations. Arrow
marks time of moisture and N additions, dots mark time of sampling. Brackets and roman numbers mark
time intervals over which net N fluxes were calculated.

container still enabled aeration. The WD series were left completely open for the first three
days to induce air-drying. At t = 3.0 days, these series were placed in semi-open containers
(but without the wet towels) to somewhat slow down drying. Figure 3.1 shows the moisture
conditions for MO and WD incubations during the course of the experiment.
To characterize the litter’s initial conditions, at t = 0.0 days, five samples that had
not received any treatment since incubation two days prior, were analysed for NH4+, NO2and NO3-. First regular sampling was started at t = 0.13 days, when three randomly chosen
samples (n = 3) were taken from every serie and analysed for NH4+, NO2- and NO3-. CO2
and N2O production were measured from samples stored in the glass batches, upon which
these were returned to the climate chamber. This sampling procedure was repeated at t =
1.0, 2.0, 3.0, 5.0, 7.0 and 9.0 days, but CO2 respiration and N2O production were not
determined on t = 5.0 days. Concentrations of NH4+, NO2- and NO3- were determined
colorimetrically in 1.0 M KCl extracts (soil:solution = 1:30) on a Skalar continuous flow
auto-analyser. NO2- concentrations were always under the detection limit, and so NO2- was
not used in any further calculations or analysis. CO2 and N2O production were determined
as headspace accumulation of both gasses after airtight sealing of the glass jars. CO2 was
measured on a Carlo Erba GC equipped with a thermal conductivity detector, N2O on a
Varian 3600 GC equipped with an electron capture detector.
Throughout this chapter, concentrations and rates are expressed per kilogram dry
weight litter. Time (t) is expressed in days since the start of the experiment, that is since
addition of the throughfall solutions. N fluxes and rates were determined for 7 time
intervals, which are referred to by Roman numbers i to vii (see Table 3.3 and Figure 3.1).
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Table 3.3. Time intervals over which N fluxes were calculated.
Time interval

Time [days]

i

0 – 0.13

ii

0.13 – 1.0

iii

1.0 – 2.0

iv

2.0 – 3.0

v

3.0 – 5.0

vi

5.0 – 7.0

vii

7.0 – 9.0

3.2.3 Calculation of N fluxes and statistics
Cumulative N2O production was estimated by integrating N2O production rate over time.
Net N mineralisation rates were estimated from the change in total inorganic-N between
two sampling dates. Net nitrification rates were estimated from the change in NO3-.
Estimates of both net N mineralisation and net nitrification were corrected for the loss of
NO3- as N2O using the cumulative N2O production. In addition, estimates of net N
mineralisation and net nitrification between t = 0.0 and t = 0.13 (time interval i) were
corrected for the NH4+ and/or NO3- added. The Student’s T-test was used to compare
means. Differences at the p = 0.05 level were considered significant.

3.3 Results
3.3.1 N fluxes directly after remoistening and N additions (time interval i)
As first regular sampling took place only 3 hours (t = 0.13) after the additions, the WD
series had not yet lost substantial amounts of water, and moisture contents were the same
(w = 275%) for both MO and WD series. As such, in this section both series are treated as
one (n = 6), and the four different N addition treatments are referred to as T-noN,
T-NH4NO3, T-NH4 and T-NO3, respectively.
Even though breakdown of fresh litter is often thought to be N limited, prior to the
start of the experiments KCl-extractable NH4+ concentrations were already high in the LF1
material. Initial NH4+ concentrations averaged 33.3 mmol-N kg-1 (Table 3.1), implying that
NH4+ added in the T-NH4NO3 and T-NH4 treatments (2.9 mmol-N) could increase the NH4+
concentration with a potential 9%. Even though amounts of NO3- added (1.1 mmol-N kg-1,
T-NH4NO3 and T-NO3) were about one-third of NH4+ added, due to the low initial KCl-
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extractable NO3- concentrations (0.45 mmol-N kg-1; Table 3.1), NO3- additions potentially
more than tripled NO3- availability. Total inorganic-N additions measured 12, 8 and 3% of
the initial inorganic-N for T-NH4NO3, T-NH4 and T-NO3, respectively.
Upon wetting and N additions, a fast response of respiration and N fluxes was
observed. Average CO2 respiration rate almost doubled from 139 mmol-C kg-1 day-1 one
day prior to the start of the experiment (w = 115%) to 254 mmol-C kg-1 day-1 three hours
after rewetting the litter to w = 275% (t = 0.13; Figure 3.2). No differences in respiration
rates were observed between the different N treatments. For T-NH4NO3 and T-NH4, the
elevated respiration was accompanied by a large net N immobilisation (Figure 3.3) of 23.0
and 8.2 mmol-N kg-1 day-1, respectively. Recorded net N immobilisation rates for T-noN
and T-NO3 were 4.9 and 1.2 mmol-N kg-1 day-1, respectively, but these rates did not
significantly deviate from 0 (p = 0.05). Given the relatively low NO3- concentrations in the

Figure 3.2. CO2 respiration rate for (A) moist (MO) and (B) rewetted-and-dried (WD) incubations. Brackets
denote standard deviation. Horizontal brackets and roman numbers mark time intervals over which net N
fluxes were calculated.
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litter, the net N immobilisations were probably largely caused by immobilisation of NH4+.
Note that recorded net fluxes were corrected for the amounts of N added, meaning that a
net immobilisation (of initially available and added N) could still lead to an effective
increase in available inorganic-N (Table 3.4).

Figure 3.3. Average net N mineralisation and net nitrification rates directly after additions (between t = 0 and
t = 0.13 days; time interval i). Brackets denote standard deviation, rates marked with “#” significantly
deviate from zero (p = 0.05). Identical rate values are marked with identical letters (a, b, c or d; p = 0.05).

Table 3.4. Inorganic-N (NH4+ + NO3-) and NO3- concentrations at start of the experiment (t = 0) and three
hours after the additions (t = 0.13 days). Standard deviations between brackets.
Time [days]
Treatment
T-noN
T-NH4NO3

*

t=0

t = 0.13

NH4+ + NO3-

NO3-

NH4+ + NO3-

NO3-

[mmol-N kg-1]

[mmol-N kg-1]

[mmol-N kg-1]

[mmol-N kg-1]

33.8 (1.7)

0.45 (0.07)

33.2 (1.4)

0.52 (0.10)

33.8 (1.7)

0.45 (0.07)

34.9 (1.3)

1.33 (0.06)

T-NH4

#

33.8 (1.7)

0.45 (0.07)

35.7 (0.3)

0.59 (0.03)

T-NO3

$

33.8 (1.7)

34.5 (0.8)

1.36 (0.05)

-1

0.45 (0.07)
+

-1

* addition of 2.9 mmol-N kg NH4 and 1.1 mmol-N kg NO3

-

# addition of 2.9 mmol-N kg-1 NH4+;
$ addition of 1.1 mmol-N kg-1 NO3-.
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Net nitrification rates differed considerably between treatments that had received
-

NO3 and those that had not (Figure 3.3). Whereas T-noN and T-NH4 showed a small net
nitrification, T-NH4NO3 and T-NO3 showed a relatively large net NO3- retention (negative
nitrification). Recorded net NO3- retention rates amounted to an average of
1.6 mmol-N kg-1 day-1 for both treatments, implying that within 3 hours after the additions
about 18% of the added NO3- was lost. Note that NO3- lost as N2O did not attribute to this
net NO3- retention as N2O production was taken into account in the calculation of the net
nitrification rates. Besides, at t = 0.13, N2O production rates were only about
0.1 mmol-N kg-1 day-1, thus low compared to the net NO3- retention rate. Also, note that
recorded fluxes were corrected for the amounts of N added, meaning that despite the net
NO3- retention for T-NH4NO3 and T-NO3, all treatments showed an effective increase in
NO3- concentrations between t = 0.0 and 0.13 (Table 3.4).
3.3.2 Continuously moist incubations two and more days after rewetting and N addition
Even though over the course of the experiment moisture contents did not change for the
MO incubations, CO2 respiration rate decreased from an average of 254 mmol-C kg-1 day-1
at t = 0.13 to 227 mmol-C kg-1 day-1 at t = 1.0 (Figure 3.2A). No clear difference in
respiration rates was observed between the different treatments. Parallel to this decrease in
respiration and following the net N immobilisation directly after the additions for
T-NH4NO3 and T-NH4, all MO incubations showed a net N mineralisation between t = 0.13
and 1.0 (time interval ii). Net mineralisation rates were between 3.6 and 4.0
mmol-N kg-1day-1 for MO-noN, MO-NH4NO3 and MO-NO3, and were 1.2 mmol-N kg1

day-1 for MO-NH4 (Figure 3.4A). Note that this latter rate did not significantly deviate

from 0 (p = 0.05).
Between t = 1.0 and 3.0 (ii), the average CO2 respiration rate somewhat increased
again to 241 mmol-C kg-1day-1, after which it decreased to 224 and 205 mmol-C kg-1 day-1
at t = 7.0 and 9.0 (Figure 3.2A). From t = 1.0 to 9.0, all treatments showed a net N
immobilisation, except between t = 3.0 and 5.0 (v) and a small, but insignificant, net N
mineralisation for MO-NH4 between t = 1.0 and 2.0 (iii). When respiration rates at t = 5.0,
which were not determined, were in between rates measured at t = 3.0 and t = 7.0, i.e. when
respiration rates decreased steadily after t = 3.0, the temporal net N mineralisation recorded
between t = 3.0 and 5.0 (v) corresponded with a decrease in CO2 respiration following a
temporal respiration increase. A similar relation between N mineralisation and CO2
respiration was already observed between t = 0.13 and 1.0 (ii). Effectively, over the total 9
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Figure 3.4. Net N mineralisation (A) and net nitrification (B) rates of continuously moist incubations (MO).
Roman numbers refer to time intervals as in Figure 3.1 and Table 3.3. Net rates that do not significantly
deviate from 0 are marked with “o” (p = 0.05).

days of incubation, all treatments showed a net N immobilisation (Table 3.5), which was
highest for MO-noN and MO-NH4 (both around 6 mmol-N kg-1), intermediate for
MO-NH4NO3 (5.2 mmol-N kg-1) and lowest for MO-NO3 (4.1 mmol-N kg-1), although
differences between treatments were not significant (p = 0.05).
Whereas directly after the additions (time interval i) a strong net NO3- retention was
observed for the NO3- receiving treatments, from t = 0.13 until the end of the experiment all
treatments showed a net production of NO3- (Figure 3.4B). From day-to-day differences in
net nitrification rates were observed between the treatments, but over the total period of t =
0.13 to 9.0 no significant differences in cumulative net nitrification were detected.
Cumulative net nitrification in that period ranged from 1.4 to 1.7 mmol-N kg-1. At t = 0.13,
N2O production measured about 0.08 mmol-N kg-1 day-1, after which production rates
steadily increased to between 0.17 and 0.25 mmol-N kg-1 day-1 at t = 9.0 (Figure 3.5A).
This increase was faster for the NO3- receiving treatments (MO-NH4NO3 and MO-NO3)
with significantly higher N2O production rates (0.19 mmol-N kg-1 day-1) at t = 3.0 than
MO-noN and MO-NH4 (0.15 mmol-N kg-1 day-1). N2O production rates remained
significantly higher at t = 7.0 and 9.0 for MO-NH4NO3, but for MO-NO3 production rates
were in the same order as those observed for MO-noN and MO-NH4. Cumulative
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production of N2O, determined over the total period of incubation, increased following
MO-noN ≈ MO-NH4 < MO-NO3 < MO-NH4NO3 (Table 3.5).
For MO-noN and MO-NH4 , about 80 percent the NO3- net produced by nitrification
was lost again from the litter as N2O (Table 3.5). For MO-NH4NO3 and MO-NO3, N2O
production even exceeded net nitrification, although it should be noted that the retention of
NO3- directly after the additions was included in these nitrification figures. In terms of net
NO3- loss or gain, exclusive of the additions, over the course of the experiment MO-noN
and MO-NH4 gained about 0.3 to 0.4 mmol-N kg-1 of NO3-, while MO-NH4NO3 and
MO-NO3 lost about 0.4 mmol-N kg-1. Thus, whereas at t = 0.13 NO3- concentrations were
almost three-fold higher for NO3- receiving treatments, this differences had largely
disappeared at the end of the experiment. At t = 9.0, no longer there were significant
difference in NO3- concentrations between MO-NH4NO3, MO-NO3 and MO-NH4, but NO3concentrations for MO-NH4NO3 and MO-NO3 were still significantly higher than for
MO-noN (Table 3.5).

Figure 3.5. N2O production rates for (A) continuously moist (MO) and (B) rewetted-and-dried (WD)
incubations. Brackets denote standard deviation. Horizontal brackets and roman numbers mark time intervals
over which net N fluxes were calculated.
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NH4+ + NO326.4 (1.3)
30.9 (1.8)
29.1 (0.0)
29.3 (0.6)
30.4 (2.1)
35.0 (2.7)
34.9 (1.0)
33.2 (8.3)

MO-noN

MO-NH4NO3

MO-NH4

MO-NO3

WD-noN

WD-NH4NO3

WD-NH4

WD-NO3

1

Treatment

1

1.84 (0.92)

1.26 (0.22)

1.65 (0.16)

1.14 (0.35)

1.17 (0.23)

0.88 (0.35)

1.13 (0.26)

0.71 (0.24)

NO3net nitrification
1.60 (0.30)
1.28 (0.30)
1.86 (0.35)
1.14 (0.25)
1.14 (0.37)
0.69 (0.19)
1.36 (0.26)
0.75 (0.92)

mineralisation
-6.0 (2.1)
-5.2 (2.4)
-6.2 (1.7)
-4.1 (1.8)
-3.0 (2.7)
-2.2 (3.2)
-1.3 (2.0)
-1.2 (8.5)

net N

0.45 (0.03)

0.54 (0.12)

0.58 (0.07)

0.45 (0.09)

1.51 (0.07)

1.43 (0.01)

1.69 (0.14)

1.34 (0.16)

production

N2O

0.60

0.40

0.84

0.39

1.32

0.77

1.32

0.84

nitrification

N2O:net

molar ratio

production and ratio of N2O production-to-net nitrification between t = 0.0 and 9.0 days. Concentrations in mmol-N kg-1.

Table 3.5. Inorganic-N (NH4+ + NO3-) and NO3- concentrations at t = 9.0 days, and net N mineralisation, net nitrification, N2O

3.3.3. Rewetted-and-dried incubations two and more days after wetting and N addition
After the steep rise directly after the additions, CO2 respiration rates (Figure 3.2B) steadily
decreased with decreasing moisture content. A clear correlation between respiration rate
and moisture content was observed, with r2 ranging between 0.94 and 0.99 for linear
regression models of moisture vs. respiration. Cumulative CO2 respiration, determined over
the total period of incubation, was much smaller for the WD treatments (1300
mmol-C kg-1) than for the MO treatments (2050 mmol-C kg-1). At and before t = 3.0,
respiration rates were highest for WD-noN and WD-NH4NO3. After t = 3.0, rates declined
more strongly for WD-noN, resulting in a sequence in respiration rate at t = 9.0 following
WD-NO3 ≈ WD-noN ≤ WD-NH4 ≈ WD-NH4NO3. Cumulative CO2 respiration estimated
over the total period of incubation increased following WD-NO3 < WD-noN ≈ WD-NH4 <
WD-NH4NO3.
Similar to the MO incubations, following the net N immobilisation directly after the
additions, N was net mineralised between t = 0.13 and 1.0 (time interval ii, Figure 3.6A).
Subsequently, between t = 1.0 and 9.0, no clear patterns in net N mineralisation could be
detected, i.e. temporary and small net N mineralisations were alternated by small net N
immobilisations. Effectively, over the 9 days of incubation, all treatments showed a small
net N immobilisation (between 1.2 and 3.0 mmol-N kg-1, Table 3.5), but this
immobilisation was significant only for WD-noN. At t = 9.0, inorganic-N concentrations
were at the same level as before the start of the experiment, that is between 30 and 35
mmol-N kg-1. Only for WD-noN (30.4 mmol-N kg-1) were concentrations significantly
lower than initial concentrations (33.3 mmol-N kg-1).
Following the strong net NO3- retention (negative net nitrification) directly after the
additions for the NO3- receiving treatments and the small but not significant net nitrification
for the non-receiving treatments, from t = 0.13 until the end of the experiment all
treatments showed a net nitrification (Figure 3.6B). Again, from day-to-day differences in
net nitrification rates were observed between the different treatments, but no clear trend
was noticed. In addition, many of the recorded nitrification rates were insignificant. Total
net nitrification, measured cumulative between t = 0.13 and 9.0, amounted between 0.8 and
1.2 mmol-N kg-1, with no significant difference between the treatments. This net
nitrification was lower than for the MO treatments where, for the same period, net
nitrification was between 1.4 and 1.7 mmol-N kg-1.
Unlike the MO incubations, N2O production rates remained at a constant low level
of 0.02 to 0.08 mmol-N kg-1 day-1 (Figure 3.5B). Between t = 0.13 and 3.0, production rates
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were the same for all treatments, but from t = 7.0 to 9.0 rates for WD-noN and WD-NO3
were significantly lower than for the other two treatments. This lower N2O production rate
did not correspond with lower NO3- concentrations, but did coincide with a lower CO2
production rate for these two treatments. Over the total period of incubation, for all
treatments net nitrification was larger than the cumulative N2O production (Table 3.5).
Thus, all treatments showed a net increase in NO3- concentration and despite lower total net
nitrification this increase was larger than for the MO series. At t = 9.0, average NO3concentrations for the NO3 receiving treatments were still 0.5 mmol-N kg-1 higher than for
the non-receiving treatments (Table 3.5), but due to high standard deviations for WD-NO3,
only differences between WD-NH4NO3 and WD-noN, and between WD-NH4NO3 and
WD-NH4 were significant.

Figure 3.6. Net N mineralisation (A) and net nitrification (B) rates of rewetted-and-dried incubations (WD).
Roman numbers refer to time intervals as in Figure 3.1 and Table 3.3. Net rates that do not significantly
deviate from 0 are marked with “o” (p = 0.05).
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3.4 Discussion
This discussion section is structured around four main topics. These are the observed rapid
N immobilisation directly after moisture and N additions, the possible link between CO2
respiration and net N mineralisation, the potential of the fresh litter for N2O production,
and, finally, the implications of N additions for N retention and loss at the Speuld forest.
3.4.1 Rapid N immobilisation directly after remoistening and N additions.
Our results showed that in the first three hours after the additions (time interval i), the form
in which N was added, had important effects on the N transformations. A relatively large
net N immobilisation was observed when NH4+ had been added to the fresh litter, whereas
net immobilisation was insignificant for non-receiving treatments. Similar, NO3- receiving
samples showed a net retention of NO3-, whereas non-receiving samples showed a net
production of NO3-. The net NO3- retention recorded for the NO3- receiving treatments was
about 18% of the NO3- added.
The net N immobilisation coincided with a steep rise in CO2 respiration, indicating
an increase in microbial activity and a probable higher microbial demand for N upon
wetting. Given the relatively high KCl-extractable concentrations of inorganic-N prior to
the additions and the relatively small differences in concentrations directly after the
additions, it seems unlikely that the presumed increase in microbial N demand could not
have been met in any of the treatments. Thus, it appears that the net N immobilisation for
the NH4+ receiving treatments cannot be explained simply by a higher microbial
availability of inorganic-N. However, we hypothesize that although KCl-extractable, i.e.
adsorbed and water soluble, inorganic-N is generally available to the microbial biomass,
inorganic-N added in solution may be more readily available at short time-spans.
Following this reasoning, the sudden increase in microbial N demand after rewetting was
met more readily when NH4+ was added, resulting in a higher net N immobilisation in the
first 3 hours after the additions.
Similar reasoning may be applied to explain the differences in net NO3- retention
between the NO3- receiving and non-receiving series, i.e. NO3- added in a solution could be
more readily available to micro-organisms than indigenous NO3-, resulting in a net
retention when NO3- was added. Still, judging from the net production of NO3- in the nonreceiving treatments, the NO3- microbial demand after moistening was not that high,
though yet again the NO3- produced by nitrifiers may not have been readily available to
other microbes. A rapid immobilisation of added NO3- has recently also been detected in
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other studies, even for forests that are subject to chronic N deposition (e.g., Berntson and
Aber, 2000; Dail et al., 2001; Fitzhugh et al., 2003). Before, rapid NO3- immobilisation had
mostly been neglected or treated as noise, such as in some 15NO3- enrichment studies (e.g.,
Tietema and Wessel, 1992). For mixed hardwood and pine stands in Northern America,
Berntson and Aber (2000) reported as much as 34 – 62% of the added

15

NO3- to be

immobilised by the forest floor within 15 – 45 minutes after the additions. For a mixed
hardwood stand of the same forest, Dail et al. (2001) found that between 30 and 60% of
15

NO3- added to forest floor material disappeared from the inorganic-N pool within 15

minutes after the additions. Of this immobilised 15NO3-, about 95% was recovered as DON
and Dail et al. (2001) argue that an abiotic process was responsible for this N
transformation. Unfortunately, our experiment was not designed to follow the exact
pathways of the NO3- added and so we cannot deduce whether biotic or abiotic processes
were responsible for the rapid NO3- immobilisation. However, our study does show that
rapid NO3- immobilisation takes place in fresh litter and that this immobilisation may be an
important pathway for NO3- retention in our N saturated Douglas fir forest.
3.4.2 Respiration and net N mineralisation responses to wetting
In the preceding section, we already discussed the rapid increase in CO2 respiration upon
wetting of the litter, which coincided with a net immobilisation of inorganic-N. It was
argued that the rise in CO2 respiration indicated an increase in microbial activity and a
probable higher microbial N demand, thus explaining observed net N immobilisations. In
the days following the additions, CO2 respiration and N mineralisation remained closely
linked. For both the MO and WD treatments, between t = 0.13 and 1.0 days (ii), CO2
respiration rates somewhat decreased and with this inorganic-N was net mineralised. From
t = 1.0 until the end of the experiment, the MO treatment generally net immobilised N,
except between t = 3.0 and 5.0 (v) when a net N mineralisation was observed. When
respiration rates at t = 5.0, which were not determined, were in between rates measured at t
= 3.0 and t = 7.0, i.e. when respiration rates decreased steadily after t = 3.0, this temporary
net N mineralisation again coincided with a decrease in CO2 respiration following a
temporary increase.
Our results contrast with the findings of Pulleman and Tietema (1999), who
performed drying and wetting experiments with older (F2 horizon) litter from the same
forest stand. They also observed a rapid increase in respiration rates upon rewetting, but in
their experiment this coincided with a large, temporary net N mineralisation flush rather
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than a net N immobilisation. This different response to rewetting can be explained largely
by the difference in magnitude of the drying prior to wetting in both experiments and
differences in substrate quality and microbial community structures between both types of
litter. The extreme drying treatment (w = 10% prior to rewetting) in the experiment of
Pulleman and Tietema (1999) generated easily decomposable (biomass and non-biomass
derived) substrate, which before drying was not generally present in the litter. After
wetting, gross mineralisation increased rapidly, but increase in growth of the microbial
community and subsequent gross immobilisation was delayed as the microbial community
had to adapt to the new, easily decomposable substrate. Thus, a net N mineralisation flush
was observed directly after the rewetting. In our experiment, in which actual field moisture
conditions of the Speuld forest floor were closely mimicked, drying prior to rewetting was
not that severe (w = 115%) and probably did not have much effect on the substrate quality.
In addition, our fresh litter already contained substantial amounts of easily decomposable
organic matter, as shown by the relatively high respiration rates in our experiments. As
such, after wetting, the microbial community did not have to adapt to the substrate and thus
there was no or just a small delay in microbial growth after wetting, resulting in an almost
direct increased microbial demand for N.
Between t = 0.13 and 1.0, respiration rates somewhat decreased for MO and WD
treatments, indicating that the initial growth of the microbial community had stopped and
that the microbial demand for N had stabilized or somewhat decreased. We hypothesize
that the net N mineralisation in this period was due to ongoing activity of extracellular
enzymes that were produced in surplus when the microbial community was still growing.
Exoenzymes are produced by microorganisms to catalyse the breakdown of organic matter
(Michel and Matzner, 2003; Schimel and Weintraub, 2003). Hence, we guess there was a
time lag between decrease in microbial demand (gross immobilisation) and decrease in
enzyme activity (gross mineralisation), resulting in a temporary net N mineralisation. The
temporary net N mineralisation in the MO incubations between t = 3.0 and 5.0 can be
explained by similar reasoning, but we are uncertain about what exactly caused the increase
in respiration prior to this period. Clein and Schimel (1994) also found secondary peaks or
oscillation periods of CO2 respiration from birch litter that was kept moist after an initial
drying. They, similar to Lund and Goksøyr (1980), attributed this to species diversity
within the microbial community, with some species reacting slower to wetting than others.
During the drying phase of the WD treatments, respiration rates and thus microbial activity
steadily decreased, and in this period small and mostly insignificant net N immobilisations
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were alternated with insignificant net N mineralisations. A suggestion is that as a response
to less favourable moisture conditions, microorganisms lower their production of
exoenzymes, thereby lowering the decomposition of organic matter but also the
mineralisation of N. Thus, after t = 1.0, both microbial demand and production of
inorganic-N decreased, resulting in a tight balance between N immobilisation and
mineralisation.
An important question in many biogeochemical studies is whether substrate
decomposition is C or N limited. Observations in our experiments are unclear about this. N
additions did not stimulate decomposition (respiration rates were equal for N receiving and
non-receiving treatments) and thus one may conclude that C rather than N was limiting the
growth of microorganisms. However, added N was net immobilised directly after the
additions favouring an N limitation theory. In addition, over the total 9 days of incubation,
N was net immobilised in the MO treatments, again favouring the idea of N limitation. A
theoretical model of organic matter decomposition presented by Schimel and Weintraub
(2003) may provide a way out of this impasse. By explicitly acknowledging the role of
exoenzymes in the breakdown of organic matter, they show that adding N to an N limited
system does not necessarily lead to an increase in CO2 production. Instead, when adding N
to an N limited system, microbes may divert C from overflow metabolism into producing
microbial biomass, thus even lowering the production of CO2 (Schimel and Weintraub,
2003). Overflow metabolism (waste respiration) may occur when microbes grow under
nutrient limited conditions. Microbes still take up C compounds, but they decouple
catabolism from growth, resulting in CO2 respiration rates that are not associated with
microbial growth (Tempest and Neijssel, 1992). As such, that N additions did not lead to
higher CO2 respiration in our experiments does not mean that N was not limiting microbial
growth and thus decomposition. Instead, given the model analysis by Schimel and
Weintraub (2003) and the observed net N immobilisations in our experiments, we favour
the idea that decomposition of the LF1 litter is indeed limited by the availability of N.
3.4.3 N2O production potential in fresh litter
The relatively high, and at the end of the experiment still increasing N2O production in the
MO incubations indicate that fresh litter from this forest has a high potential for N2O
production. However, as shown by lower N2O production in the WD series, that more
closely mimicked the actual moisture conditions in the Speuld litter, this potential is
probably not fully exploited in the field. Still, even for the WD treatments, N2O production
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was relatively high compared to net nitrification, with approximately half of the net
produced NO3- being lost again as N2O. In these calculations, it was assumed that none of
the N2O produced was transformed into N2 (N2:N2O production ratio of 0:1). We realize
that this assumption may be too strict, even though relative to N2O, production of N2 is low
under acidic conditions (Blackmer and Bremner, 1978; Wolf and Brumme, 2003). Using a
higher N2-to-N2O production ratio in our calculations of gaseous loss of NO3-, however,
would have only increased the amounts of NO3- lost from the system as N2 and N2O.
The fairly constant N2O production rates throughout the WD incubations are in
accordance with the theory of Van der Lee et al. (1999), who argued that denitrification in
anoxic microsites within decomposed Douglas fir needles may be responsible for N2O
production in well-drained forests. They observed that this anoxic organic matter fraction
of the forest floor did not significantly decrease with decreasing water content, which may
explain the continuing N2O production while our litter dried out. Martikainen and De Boer
(1993), on the other hand, showed that aerobic production of N2O by nitrification may as
well occur in litter of our forest type, and we cannot resolve whether this mechanism or
denitrification in microsites was responsible for the observed N2O production.
Similar, for the MO treatments it is not clear which of the two mechanisms
accounted for the N2O production. However, we cannot think of sound reasons why N2O
production rates would increase with the duration of the experiment when nitrification was
the prime mechanism. Martikainen and De Boer (1993) indeed measured a constant N2O
production rate in their litter, which was incubated under similar moisture conditions (w =
280%) as our litter, although it should be mentioned that they used F instead of L horizon
material. When denitrification was responsible for N2O production in our experiment, N2O
production conditions were in principle favourable, because of the presence of easily
decomposable organic matter. Concurrent to Van der Lee (2000), we hypothesize that due
to high O2 consumption, as shown by the continuously high CO2 respiration rates, over the
course of the experiment anoxic conditions may have developed in water filled pores
outside of litter particles. The continuous increase in N2O production can then be explained
by a continuous increase in anoxic volume.
3.4.4 Implications of N additions for N retention and loss at the Speuld forest
Even though our experiment comprised of 9 days only, it gives some information on
possible N sources and sinks in fresh Douglas for litter on the longer term. Here, focus is
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on the WD experiments as these more closely mimic actual moisture conditions in the
Speuld litter.
In the first few hours after additions, an apparent relation between N mineralisation
and amount of N added was found, i.e. a net N immobilisation was observed when NH4+
had been added to the litter. After 9 days of incubation, however, any effect of this shortterm reaction of N mineralisation to N addition had disappeared. Observed net N
immobilisations, determined over the total incubation period, were relatively small and any
differences between treatments were insignificant. It thus seems unlikely that
immobilisation is an important N sink in the Speuld LF1 horizon.
Even though NO3- was net produced over the period of incubation, two pathways of
inorganic-N loss were associated with NO3-. Firstly, following Dail et al. (2001), when the
rapid retention of added NO3- directly after additions was due abiotic transformation of
NO3- into DON, this could be a longer-term sink for NO3-. Secondly, even in the WD
incubations, about half of the NO3- net produced was transformed into N2O, denoting the
relative importance of denitrification in exporting NO3- from the LF1 horizon. The
contribution of both sinks to the total N balance of the Speuld forest, however, remains
relatively small as dry mass of the LF horizon is only 12% of the total dry mass of the
forest floor (Wessel and Tietema, 1995). Rough estimates demonstrate that the maximum
loss of NO3- via incorporation into DON or loss as N2O is about 1 kg-N ha-1 yr-1 for each
NO3- sink, respectively, which is small compared to the 31 kg-N ha-1 yr-1 of NO3- that are
leached from the soil at 90 cm depth.

3.5 Conclusions
Upon moisture, NH4+ and NO3- additions to fresh Douglas fir litter, a series of
transformations occur of which most notable are a rapid retention of added NH4+ and NO3and a sudden increase in CO2 respiration. In days following wetting, inorganic-N
mineralisation and CO2 respiration seem closely connected, and our results suggest that net
N mineralisation occurs only when respiration rates decrease after an initial respiration
increase. Fresh Douglas fir litter has a high potential for production of N2O, but this
potential is exploited only under prolonged wet conditions, which do not often occur in the
field. Still, dried-and-rewetted litter acts partly as a sink for NO3-, through possible rapid
incorporation of added NO3- in DON and gaseous loss of NO3- as N2O.
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4 Nitrogen transformations in Douglas fir litter (F2) during recursive
wetting-and-drying and addition of inorganic-N

Abstract
The aim of the present study was to gain insight in the effects of recursive wetting and drying and
inorganic-N addition on the C and N turnover in the F2 horizon of the Speuld Douglas fir forest.
Three sequential rain events were mimicked in a laboratory experiment, by rewetting of and NH4+
plus NO3- addition to incubated litter. Each rain event was followed by an eight day drying period.
Control series included continuously moist incubations and incubations lacking N additions.
Contrasting the LF1 litter in Chapter 3, a clear reaction of F2 litter to both perturbations
was absent. CO2 respiration rates were fairly constant throughout the experiment, despite large
fluctuations in moisture content. N mineralisation and nitrification rates did react to rewetting, but
large uncertainties accompanied the observed net N immobilisation and net NO3- retention fluxes in
the first three hours after rewetting. After 22 days of incubation, cumulative net N mineralisation
was the same for all treatments, but nitrification was lower for wetted-and-dried than for moist
treatments. In addition, nitrification had stopped after approximately 7 days of incubation and
nitrification was lower in litter that had received NO3- additions. We suggest that this was due to an
inhibitory effect of NO3- on nitrification.
Actual field moisture conditions were closely mimicked in this experiment, thus providing
good insight into actual reaction of F2 litter to wetting and drying and inorganic-N additions. As
the Speuld forest floor consists for the larger part of F2 litter, we expect the forest floor as a whole
to show only a modest reaction to rain events, with little changes in total N mineralisation and
organic matter decomposition rates.

with Albert Tietema and Jacobus M. Verstraten, to be submitted to Soil Biology and Biochemistry.
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4.1 Introduction
Over the past 100 years human activity has doubled the global input of nitrogen (N) into
terrestrial ecosystems (Vitousek et al., 1997), leading to unprecedented high atmospheric N
deposition in forests in Northern America and Europe. This excessive atmospheric N input
has caused many problems in forest ecosystems such as soil acidification, unbalanced
nutrition of trees and high leakage of nitrate (NO3-) towards groundwater (Aber et al.,
1998; Aber et al., 1989; Magill et al., 1997; Van Breemen et al., 1982). To abate these
problems, we seek understanding of the cycling of N by conducting field studies and
laboratory experiments, and by developing mathematical models that integrate the
knowledge obtained from these studies (Neal et al., 2002).
Forests in the Netherlands have experienced elevated atmospheric N inputs since the
early 1960s and the growing concern about the effects of these increased inputs on forest
ecosystem functioning has initiated intensive scientific research in the field of N cycling
since the early 1980s. Most studies undertaken have a temporal resolution of weeks to
years, because changes in N pool sizes are slow and require time to be measured (for
example field incubations like in Tietema, 1993) and because much focus was on long-term
changes in ecosystem functioning of forest (e.g., Koopmans et al., 1996). While this lowresolution research is important and necessary, it may overlook some possible effects of the
high dynamics of microbial N transformation processes.
In latest years, there has been a growing interest in these short-term N dynamics,
especially in relation to moderate treatments of the soil like recursive freezing and thawing,
wetting and drying, or fertilizer additions. Pulleman and Tietema (1999), for example,
showed that rewetting of dried Douglas fir litter (Speuld forest, the Netherlands) may
induce a large, temporary increase in microbial activity and a subsequent temporary net N
mineralisation flush. Litter from Harvard Forest in north-eastern United States rapidly
immobilised added nitrate (NO3- ) (Berntson and Aber, 2000; Dail et al., 2001), even
though this experimental forest had been subject to chronic NO3- additions for 11 years.
Kuzyakov et al. (2000) summarise a number of possible microbial reactions to inorganic-N
additions, including increased N immobilisation and acceleration of organic matter
breakdown.
In Chapter 2, we showed that during a rain event not only the forest floor is
periodically rewetted, but that simultaneously a large pulse of inorganic-N is added via
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throughfall. N pulses were as high as 2.7 kg-N ha-1, equalling about 6.5% of the yearly
atmospheric N deposition. Chapter 3 illustrated that these perturbations may induce fast
microbial reactions in the top, LF1 horizon of the forest floor, of which most notable were
a short-term increased net N immobilisation and CO2 respiration after rewetting and a fast
immobilisation of added NO3-. Although these reactions were important in the LF1
horizon, they seem insignificant at the ecosystem level as the LF1 horizon makes up only
12% of the total mass of the forest floor. The remainder of the forest floor consist of the
older, F2 horizon.
The aim of the present study was to gain insight in the effects of recursive wetting
and drying and throughfall N additions on the carbon (C) and N turnover in the F2 horizon
of a Douglas fir forest. Three sequential rain events were mimicked in a laboratory
incubation experiment, by rewetting of and NH4+ plus NO3- addition to the litter. Each rain
event was followed by an eight day drying period. To capture dynamic responses of C and
N turnover to the imposed treatments, measurements were conducted on a high frequency
basis, i.e. every one to five days.

4.2. Materials and methods
4.2.1 Site description and sampling
The Speuld research site is a 2.5 ha Douglas fir (Pseudotsuga menziesii, Franco L.) forest
stand, located in the centre of The Netherlands. Planted in 1962, the forest had an initial
tree density of 780 trees ha-1, but was thinned in the winter of 1995-1996 leaving about
two-thirds of the trees standing. Both before and after thinning understorey vegetation was
absent. The forest floor has an average thickness of 6 cm (Schaap et al., 1997a) and
consists of a LF1 (6 – 4.5 cm deep) and F2 (4.5 – 0 cm) horizon; an H horizon is mostly
absent. The forest floor is classified as a Mormoder humus form (Green et al., 1993); the
acid, sandy mineral soil is a Haplic Podzol (FAO, 1988). The site is well drained, with a
groundwater level at 40 m depth throughout the year. Average precipitation is 834 mm yr-1,
mean potential evapotranspiration measures 712 mm yr-1 (Tiktak and Bouten, 1994). Mean
January temperature is 1.5°C, July temperature 17.0°C (Bosveld et al., 1993). The forest is
considered nitrogen saturated, as a result of nearly 50 years of elevated N atmospheric
input (Koopmans et al., 1998; Van Breemen and Verstraten, 1991). Nitrogen deposition in
throughfall amounts to 42 kg-N ha yr-1, mainly in the form of NH4+. Nitrogen leaching at
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90 cm soil depth is 31 kg-N ha yr-1, mainly as NO3-. Most nitrogen transformations take
place in the forest floor (Tietema et al., 1993).
The Speuld Douglas fir forest has been intensively studied since the mid-1980s.
Relevant studies with respect to the current study include investigations of N mineralisation
and nitrification (Tietema et al., 1993; Tietema and Wessel, 1992), responses to reduced
atmospheric N inputs (Koopmans et al., 1998), C and N transformations during drying and
rewetting (Pulleman and Tietema, 1999) and forest floor hydrology (Schaap et al., 1997a).
A composite litter sample was obtained by combining material collected from the
F2 layer in three 1 m2 patches, chosen randomly across the forest stand. Cones, branches
and roots were removed immediately after sampling. The remaining material was sieved
through a 10 mm nylon mesh, air-dried (gravimetric water content w = 215%) and stored
dark and cool (2°C) until the beginning of the experiment. Some chemical characteristics of
the F2 litter are given in Table 4.1.
Table 4.1. Characteristics of sampled F2 horizon Douglas fir litter.
Horizon

F2

Depth

4.5 – 0 cm

pH (1.0 M KCl)

2.7

pH (H2O)

3.6

C:N

22.9 g g-1

NH4+ (KCl-extractable)

10.5 mmol-N kg-1

NO3- (KCl-extractable)

5.6 mmol-N kg-1

4.2.2 Experimental set up
Polypropylene batches were filled with the equivalent of 5.5 g dry litter and stored in a
climate chamber two days prior to the start of the experiment, in order to enable the
microbial community to adapt to the incubation temperature of 20°C. Batches were divided
into four series receiving different treatments (Table 4.2). These treatments involved
continuously moist (MO) and rewetted-and-dried (WD) incubations (Figure 4.1), and
additions of throughfall solutions containing both NH4+ and NO3-, (N-receiving treatments)
or no nitrogen at all (non-receiving). The moisture dynamics imposed to the WD treatments
were copied from dynamics in forest floor water content of the F2 horizon of the Speuld
Forest as described by Schaap et al. (1997a) and in Chapter 2. Throughfall solutions were
added three times (Figure 4.1), with 8 days in-between additions. Total incubation time was
22 days.
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Keeping in line with experiments in Chapter 3, amounts of NH4+ and NO3- added to
the N-receiving series were 2.9 and 1.1 mmol-N kg-1 dry litter. These N quantities were
calculated from the amounts of nitrogen added to the forest floor during a rain event (2.7
kg-N ha-1; Hansen et al., 1994, and Chapter 2), the molar ratio of NH4+:NO3- in throughfall
(2.7:1; Draaijers et al., 1998) and the total dry mass of the forest floor (3.2 kg m-2; Wessel
and Tietema, 1995). In this calculation we assumed that throughfall water and solutes are
distributed evenly over the top half of the forest floor. In addition to nitrogen species, all
added solutions contained a combination of other ions to mimic throughfall of the Speuld
forest as closely as possible (Draaijers et al., 1998). Added concentrations were 1.22, 0.04,
0.20, 0.16 and 0.47 mmol kg-1 dry litter for SO42-, ortho-P, Ca2+, Mg2+ and K+, respectively.
For non-receiving treatments, Na+ replaced NH4+ and Cl- replaced NO3-.
The experiment was started (t = 0 days) by dripping concentrated throughfall
solutions on the incubated litter using a 1000µl pipette. Subsequently, using a conventional
plant sprayer, demineralised water was sprayed on the litter in order to spread the added
substances equally over the litter and to reach a gravimetric water content of 300% for the
MO series and 350% for the WD series. MO series were kept in semi-open containers with
wet towels. The wet towels created a damp atmosphere that successfully prevented drying
of the litter, while the semi-open container still enabled aeration. WD series were left
completely open for the first three days to induce air-drying. At t = 2.0 days, these series
were placed in semi-open containers (but without the wet towels) to somewhat slow down
drying. Throughfall additions were repeated at t = 8.0 days and t = 16.0 days, at which
dates the WD series also were rewetted. Figure 4.1 shows the moisture conditions for MO
and WD series during the course of the experiment.

Table 4.2. Experimental setup. Short names for treatments (as used in the text), moisture conditions and
added NH4+ and NO3- concentrations during a single addition. Nitrogen and / or moisture additions were
repeated three times, at t = 0, 8.0 and 16.0 days.
added NH4+

added NO3-

ShortName

Moisture condition

[mmol-N kg-1 dry]

[mmol-N kg-1 dry]

MO-noN

Continuously moist

0.0

0.0

MO-NH4NO3

Continuously moist

2.9

1.1

WD-noN

Rewetted en dried

0.0

0.0

WD-NH4NO3

Rewetted en dried

2.9

1.1
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At t = -1.0 days, three samples that had not received any treatment since incubation
at t = -2.0 days, were analysed to characterise the litter’s initial conditions. Sampling was
repeated at t = 0.13 (three hours after the first addition), 1.0, 2.0, 4.0 and 7.0 days, at 8.13
(three hours after the second addition), 10.0 and 15.0 days, and at 16.13 (three hours after
the third addition), 18.0 and 22.0 days (Figure 4.1, dots). Concentrations of NH4+, NO3- and
NO2- were determined colorimetrically in 1.0 M KCl extracts (soil:solution = 1:30) on a
Skalar continuous flow auto-analyser. NO2- concentrations were always under the detection
limit, and so NO2- was not used in any further calculations or analysis. CO2 respiration was
determined as headspace accumulation of CO2 after airtight sealing of the jars. Headspace
CO2 concentrations were measured using a Carlo Erba gas chromatograph equipped with a
thermal conductivity detector. In tests prior to the experiment, very low N2O production
rates were measured. Thus, N2O production was assumed absent in this type of litter and
was not determined in the experiment.
Throughout this chapter, concentrations and rates are expressed per kilogram dry
weight litter. Time (t) is expressed in days since the first additions. N fluxes and rates were
determined for 11 time intervals, which are referred to by a1 to a5, b1 to b3 and c1 to c3,
respectively (Figure 4.1).

Figure 4.1. Moisture contents of continously moist and wetted-and-dried treatments over the course of the
experiment. Arrows mark time of moisture and N additions, dots mark time of sampling. Brackets mark time
intervals over which net N fluxes were calculated.
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4.2.3 Calculation of N fluxes and statistics
Net N mineralisation rates were estimated from the change in total inorganic-N between
two sampling dates. Net nitrification rates were estimated from the change in NO3-.
Estimates of net N mineralisation and net nitrification directly after the additions were
corrected for the amounts of NH4+ and/or NO3- added three hours earlier. In addition,
concentrations of NH4+ and NO3- shortly before additions (t = 0.0, 8.0 and 16.0), which
were required to determine the N fluxes directly after additions, were estimated by
extrapolating concentrations measured one day earlier (t = -1.0, 7.0 and 15.0). Net
nitrification and net N mineralisation having place during the 24 hours prior to the
additions were taken into account in these extrapolations. The Student’s T-test was used to
compare means. We considered differences at the p = 0.05 level as significant.

4.3 Results
4.3.1 Direct responses to N additions and rewetting
Wetting and / or N additions were repeated three times in our experiments, thus providing
three events per serie to study the short-term responses of N turnover to the different
treatments. In this section, we present the measured C and N fluxes in the first three hours
following the additions, that is the fluxes observed between t = 0.0 and 0.13 (time interval
a1), t = 8.0 and 8.13 (b1), and t = 16.0 and 16.13 (c1) (see Figure 4.1).
Initial N concentrations in the F2 litter were relatively high, but still the
experimental N additions were substantial compared to the initial N levels. Initial
inorganic-N concentrations were 10.5 and 5.6 mmol-N kg-1 for NH4+ and NO3respectively, meaning that N additions at t = 0.0 increased N concentrations with a
potential 27% for NH4+, 19% for NO3- and 25% for total inorganic-N. As during the course
of the experiments both NH4+ and NO3+ were net produced, these percentages somewhat
declined for the following additions. Still, for the third addition at t = 16.0, added N
amounted between 11 and 17% of the inorganic-N concentrations measured at t = 15.0.
CO2 respiration rates (Figure 4.2) observed directly after the first additions (w =
300% for MO and 350% for WD) were only slightly higher than rates measured one day
prior to the start of the experiment (t = -1.0; w = 215%), and differences were insignificant.
Similar, for WD treatments, respiration rates recorded three hours after the second and
third rewetting (w = 350%) did not differ from rates recorded one day earlier (w ≈ 200%).
Also, in none of the treatments did N additions affect CO2 respiration.
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Figure 4.2. CO2 respiration rates. Brackets denote standard deviation; arrows mark time of moisture and N
additions; horizontal brackets mark time intervals over which net N fluxes were calculated.

Upon the first rewetting, all treatments showed a significant (p = 0.05) net N
immobilisation (Figure 4.3A). Net N immobilisation rates were in the same order for
N-receiving as for non-receiving treatments, all around 7 mmol-N kg-1 day-1. Also, no
differences in immobilisation rates were observed between WD and MO series, which was
not surprising as at t = 0.0 both treatments experienced a rewetting since initial water
contents were w = 215%. Note that recorded net N fluxes were corrected for the amounts
of N added, meaning that despite the recorded net immobilisation (of initially available and
added N), N concentrations still increased for N-receiving treatments. At t = 0.13, total
inorganic-N levels were around 19.7 mmol-N kg-1 for MO-NH4NO3 and WD-NH4NO3, and
15.7 and 16.3 mmol-N kg-1 for MO-noN and WD-noN, respectively.
For the MO incubations, the second and third additions differed from the first
additions in that the litter was still sufficiently moist before additions and, as intended,
water contents increased only a little. This seems to be reflected by the responses to
additions at t = 8.0 and 16.0. In three out of four cases, a net N mineralisation was
observed, but this net mineralisation was significant only for MO-NH4NO3 after the second
addition. In contrast, like after the first additions, the WD series showed a net N
immobilisation in the three hours after the second and third rewetting, but observed net
immobilisations were significant only for time interval b1. Adding to doubts on the
significance of net N fluxes recorded directly after the additions, are the fluxes observed
between 3 hours and one day (first addition) or two days (second and third additions, see
Figure 4.1) after additions. Recorded N fluxes in these periods (time intervals a2, b2 and
c2) were the exact opposite of fluxes recorded directly after additions (a1, b1, c1), i.e. when
a net immobilisation of inorganic-N was observed during the first 3 hours after additions, a
net mineralisation was observed over the next time interval, and vice versa. Average rates
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of net N transformations in periods a2, b2 and c2 were considerably lower than rates
recorded directly after additions, but as these former rates were determined over a longer
time span, they fully compensated the amounts of N produced or retained directly after
additions. In other words, any direct effect of treatments on net produced or retained
inorganic-N had disappeared within 1 to 2 days after additions.
Observed patterns of net nitrification shortly after additions (Figure 4.3B) were very
similar to observed patterns in net N mineralisation. Like for total inorganic-N, for all but
WD-noN, after the first additions a net retention of NO3- was observed, which was
subsequently counteracted by a relatively large net nitrification the next day. Again similar
to net N mineralisation patterns, after the second and third additions NO3- was net produced
in the MO treatments, net retained for WD treatments, but during the next periods of
observation (b2 and c2) net N fluxes were reversed, counteracting the initial loss or gain.

Figure 4.3. Average net N mineralisation (A) and net nitrification (B) rates in subsequent time intervals. Net
rates that do not significantly deviate from 0 (p = 0.05) are marked with “o”. Time intervals are as indicated
in Figure 4.1.
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4.3.2 Long term responses to recursive N additions and wetting-and-drying
Longer-term effects of the imposed treatments were assessed by using the last
measurements of each cycle, that is by using measurements taken at t = 7.0, 15.0 and 22.0.
Net N mineralisation and net nitrification between the start of the experiment (t = 0) and
these three sampling times, here referred to as ‘cumulative net N mineralisation’ and
‘cumulative net nitrification’, are presented in Figure 4.4.
No differences in cumulative net N mineralisation were observed between
N-receiving and non-receiving treatments at any of the three sampling times (Figure 4.4A),
except for MO-NH4NO3 and MO-noN at t = 15.0. In contrast, there were significant
differences in net N mineralisation between MO and WD series. Both at t = 7.0 and 15.0,
cumulative net N mineralisation was larger for WD than for MO incubations. Surprisingly,
after the third addition, this difference had disappeared, resulting in similar cumulative net
N mineralisations for all treatments at t = 22.0. CO2 respiration rates were fairly constant
throughout the experiment (Figure 4.2). Estimates of cumulative CO2 respiration since t =
0, exhibited no significant differences between treatments (data not shown) at any of the
three sampling times. As such, any observed differences in net N mineralisation between
MO and WD series were not reflected in differences in respiration rates.

Figure 4.4. Total net mineralisation (A) and net nitrification (B) between t = 0.0 and 7.0, t = 0.0 and 15.0,
and t = 0.0 and 22.0 days. Identical values are marked with identical letters (within periods only; p = 0.05).
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Net nitrification was notably affected by the type of treatment (Figure 4.4B). At
each of the three sampling times, cumulative net nitrification increased following
WD-NH4NO3 < WD-noN < MO-NH4NO3 < MO-noN, suggesting that both (wetting and)
drying and addition of inorganic-N reduces net nitrification. Furthermore, it was noticed
that almost all of the NO3- net produced, was produced within the first 7 days of incubation
and so it appears like net nitrification had stopped after t = 7.0.
As a final point, the NH4+ and NO3- additions to the litter were large contributors to
the net increase in KCl-extractable NH4+ and NO3- over the course of the experiment. At t =
22.0, total added NH4+ (8.4 mmol-N kg-1) accounted for approximately 50% of the net gain
in NH4+ since t = 0. Added NO3- accounted even for 70 – 90%, but this percentage was
corrupted by the low net nitrification after t = 7.0. Over the first addition cycle, however,
added NO3- still accounted for 45 – 60% of the increase in NO3- in the litter.

4.4 Discussion
This discussion section is structured as follows. We discuss the uncertain, and in some
ways unexpected, C and N transformations in the first hours after moisture and / or N
additions. Second, the long-term effects of the amendments on N mineralisation and
nitrification are evaluated and compared to results of experiments with LF1 litter in
Chapter 3.
4.4.1 Direct responses to rewetting and N additions
In a comparable study, also with F2 horizon litter from the Speuld Douglas fir forest,
Pulleman and Tietema (1999) observed a flush in CO2 respiration and net N mineralisation
in the first 30 hours after rewetting of dried litter. Our results lacked any such a flush, and
even showed that not always there is a close relationship between CO2 respiration and
moisture content. The major difference between our experiment and that of Pulleman and
Tietema is the severity of the drying prior to rewetting. In their experiment, litter was dried
to an exceptional low water content of w = 10%, generating easily decomposable (biomass
and non-biomass derived) substrate, which was readily mineralised after rewetting. Our
WD experiments, in which we closely mimicked field moisture dynamics of the Speuld
forest floor, indicate that drying of the F2 horizon was not strong enough to induce the
production of these easily decomposable substrates and the subsequent acceleration of C
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and N mineralisation when litter was rewetted.
This explains why we did not observe a high net N mineralisation after rewetting,
but still we have problems explaining why, instead, inorganic-N was net immobilised.
When the net N immobilisation was a result of a higher microbial demand for N, we would
have expected microbial activity, as reflected in the CO2 respiration rates, to increase after
rewetting. CO2 respiration rates, however, generally did not respond to rewetting. Second,
increased microbial demand for N could have easily been met by the added inorganic-N,
resulting in a higher net N immobilisation after rewetting for N-receiving samples (Chapter
3). Still, net N immobilisation rates were equal for WD-NH4NO3 and WD-noN. In addition,
we cannot find sound reasons for the measured net retention of NO3- immediately after
rewetting. Denitrification was absent in tests prior to the experiments and we find it
unlikely that denitrification was stimulated after rewetting as, within the range of moisture
conditions in our experiment, the total volume of anoxic microsites in this litter does not
increase with increasing moisture content (Van der Lee et al., 1999). Other NO3- retention
mechanisms, like abiotic retention (Dail et al., 2001) or microbial uptake, would have
induced differences in net NO3- immobilisation rates between NO3- receiving and nonreceiving series (Chapter 3). Again, no such differences between WD-NH4NO3 and
WD-noN were observed.
In summary, we have trouble explaining the observed net N immobilisation after
rewetting (Figure 4.4A-B). In addition, as these net N immobilisations fluxes were fully
compensated by a net N mineralisation on the next day, we suggest rewetting and N
additions does not provoke any important changes in the rates of N (and C) turnover
shortly after the additions.
4.4.2 Long-term effects
Over the long-term (22 days of incubation), neither moisture conditions nor N additions
had a strong effect on the amounts of N net mineralised, as was shown in Figure 4.4A.
Drying of the litter even seemed to enhance N mineralisation, though this effect had
disappeared at the end of the experiment. No differences in cumulative respiration were
recorded between the four treatments, adding to the believe that the induced perturbations
in our experiment had little effect on the breakdown of organic matter and the
mineralisation of C and N.
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That drying of the litter did not cause a decrease in mineralisation of C and N
corresponds with the findings of Tietema et al. (1992b). For F2 litter taken from the same
forest stand, they found constant CO2 respiration and net N mineralisation rates when
gravimetric moisture contents were above 200%. Lowest water contents in the WD series
were just around this 200%. Average net N mineralisation rates recorded in the present
study were around 0.5 mmol-N kg-1 day-1, which is in the same order of magnitude as
optimal rates recorded by Tietema et al. (1992b) (1.1 mmol-N kg-1 day-1, approximately).
Similar, in Tietema et al. (1992b) respiration rates were somewhat higher (34
mmol-C kg-1 day-1) than the 14 mmol-C kg-1 day-1 recorded at present.
Schimel and Weintraub (2003) recently showed that adding inorganic-N to an N
limited system does not necessarily lead to an increase in CO2 respiration. As such, the
mere fact that our N additions did not enhance respiration does not necessarily imply that
organic matter decomposition in our system is not N limited. According to the theoretical
model of Schimel and Weintraub (2003), in which the role of exoenzymes in the
breakdown of organic matter is explicitly acknowledged, when inorganic-N is added to an
N limited system, microbes may divert C from overflow metabolism (waste respiration)
into producing microbial biomass. Following this reasoning, adding N to an N limited
system does not necessarily lead to an increase in CO2 production. Yet, as CO2 respiration
neither increased nor decreased after N additions in our experiments, and as N was net
mineralised under all conditions, we believe N was not a limiting factor in the
decomposition of our F2 layer litter.
That drying slows down net nitrification is, again, in accordance with Tietema et al.
(1992b), who found net nitrification to increase linearly with increasing gravimetric
moisture contents, even when moisture contents were higher than 200%. At moisture
contents similar as in our MO incubations (w = 300%), nitrification rates were
approximately 0.4 mmol-N kg-1 day-1 in Tietema et al. (1992b) (total incubation time 28
days) versus 0.10 mmol-N kg-1 day-1 in our study (incubation time 22 days; MO-noN
treatment). When considering the first addition cycle only, rates were more similar to those
recorded by Tietema et al., 0.26 mmol-N kg-1 day-1 (7 days incubation, MO-noN).
Striking in our experiment were the lower net nitrification recorded for the Nreceiving treatments compared to the non-receiving treatments and the slow down of net
nitrification rates to near zero after t = 7.0. In a follow-up experiment (data not shown), in
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which we added solutions containing no inorganic-N, NH4+ and NO3-, NH4+ only, or NO3only, we again observed a lower net nitrification when NO3- was added. Thus, it appears
that NO3- production is slowed down in the presence of elevated NO3- concentrations,
which could then also explain why net nitrification stopped after some time in our
experiments. Autotrophic bacteria are responsible for nitrification in this F2 litter horizon
(Tietema et al., 1992a), and so NO3- is only a by-product of the oxidation of NH4+ by which
these autotrophs fulfil their energy needs. We do not fully understand why autotrophic
nitrification may stop in the presence of high concentrations of NO3-. In addition, it remains
unclear how important this nitrification inhibition mechanism is in a field situation. The
simulations of rain events in our batch experiments, obviously, did not include the draining
of excess water to deeper soil layers, thereby enabling the build-up of waste products like
NO3-. In contrast, in the Speuld forest most of the excess throughfall water is drained
rapidly to the mineral soil (Schaap et al., 1997a), thereby washing the mobile NO3- ion
from the litter layer and reducing any build-up of NO3- concentrations.
4.4.3 Forest floor LF1 and F2 horizon functioning after N additions and rewetting
In Chapter 3, we performed similar wetting and N addition experiments with LF1 horizon
litter, which, together with the current study, provides a good basis for comparing LF1 and
F2 horizon reaction to N additions and rewetting. There are some differences in
experimental design between the two experiments. Moisture contents prior to and directly
after rewetting were lower for LF1 litter (w = 115% prior to and 300% after rewetting) than
for F2 litter (w = 215% and 350%). Also, the LF1 horizon experiment comprised of only
one addition cycle compared to the three cycles in the F2 experiment. Amounts of N added
were the same for both experiments.
The LF1 litter showed a very dynamical reaction to wetting and subsequent drying.
CO2 respiration was largely regulated by moisture content (w = 115 – 300%), resulting in a
sudden increase in respiration rates upon rewetting and a steady decrease during the drying
phase. Inorganic-N dynamics were tightly connected to CO2 respiration, with a high net N
immobilisation directly after wetting, a temporal, one-day net N mineralisation directly
following the decrease in respiration, and again a net N immobilisation in the following
days. Contrasting this very dynamical behaviour of LF1 litter, is the rather static reaction of
the F2 litter to wetting (w = 200 – 350%). CO2 respiration did not change after wetting the
70

F2 material and effects on N mineralisation were at least unclear, if not absent, thus
suggesting that moisture levels were near optimal for organic matter breakdown in the F2
horizon. There were, as mentioned, differences in moisture dynamics between LF1 and F2
experiments, but the static reaction of the F2 litter could not simply be attributed to less
variation in moisture conditions. Under moisture conditions between 200 and 300%,
conditions that prevailed in both experiments, respiration rates of LF1 litter were still
positively correlated with moisture content (r2 = 0.85), whereas this relationship was much
weaker for F2 litter (r2 = 0.52). In addition, it should be noticed here that the high dynamics
of C turnover in the LF1 litter was also reflected in the magnitude of the respiration. CO2
respiration rates were approximately 10-fold higher for the LF1 litter (140 – 240
mmol-C kg-1 day-1) than for the F2 litter (11 – 19 mmol-C kg-1 day-1).
In reaction to N additions, the LF1 litter could again be labelled “dynamic” and F2
litter “static”. Added NH4+ and NO3- were readily immobilised by the LF1 litter, but no
such reaction was observed for the F2 litter. These differences reflect the N status of both
litter types, with substrate decomposition being N limited for the LF1 (Chapter 3) and
assumingly C limited for the F2 material. Despite difference in N status, over the long term
(7 – 9 days) a net nitrification was observed in both experiments, but both litter types also
slowed down the accumulation of NO3-. The LF1 litter partly acted as a sink for NO3-,
through rapid retention of added NO3- (possibly in DON; (Dail et al., 2001) and gaseous
loss of NO3- as N2O. In the F2 litter, accumulation of NO3- was slowed down by an
inhibitory effect of NO3- on nitrification.
As a final point, on a weight basis, the forest floor of the Speuld forest consists for
88% of older, F2 type litter (Wessel and Tietema, 1995), and we therefore expect the forest
floor as a whole to show only a modest reaction to rain events, with little changes in total N
mineralisation and organic matter decomposition rates. However, both the current and LF1
litter study, revealed mechanisms that slow down the accumulation of NO3- in the forest
floor. The true relevance of these mechanisms at the ecosystem level remains unclear, yet
in the light of the high amounts of NO3- leached from the Speuld forest, they deserve future
study.
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4.5 Conclusions
Contrasting the highly dynamical reaction of fresh LF1 horizon litter to perturbations, C
and N transformations in older, F2 horizon litter are only little altered by moisture and
inorganic-N additions. CO2 respiration and N mineralisation rates are constant both under
continuously moist and rewetted-and-dried conditions, and neither of the two fluxes are
altered by additions of NH4+ and NO3-. Drying of litter does affect the production of NO3by slowing down nitrification. Furthermore, nitrification is reduced in the presence of NO3-,
leading to lower nitrification rates or even inhibition of nitrification when NO3- is added to
the system or when NO3- concentrations have reached critical limits.
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Part II
Towards reduced uncertainty in forest nitrogen modelling
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5 Quantifying the effect of field observation uncertainty on the
calibration of a catchment nitrogen model

Abstract
The worth of nitrogen (N) field measurements for the calibration of parameters of the INCA
nitrogen in catchment model is explored. We designed a virtual catchment, ran INCA with a known
set of parameters and selected ‘measurements’ from the model output. Then, using these
measurements and the Shuffled Complex Evolution Metropolis algorithm (SCEM-UA), we tried to
optimise four of the INCA model parameters describing N transformations in the soil, while
increasing the measurement error in subsequent steps.
Considering measurement errors typical for N field studies, none of the synthesised datasets
contains sufficient information to identify the model parameters with a reasonable degree of
confidence. Parameter equifinality occurred, leading to considerable uncertainty in model
parameter values and in modelled N concentrations and fluxes. Combining the datasets in a multiobjective calibration was found to be an effective way to deal with these equifinality problems.
With the right choice of calibration measurements, multi-objective calibrations resulted in low
parameter uncertainty and sufficient modelling of the N cycle.
The methodology applied, using a virtual catchment free of model errors, is proposed to
serve as a useful tool foregoing the application of an N model or the design of an N monitoring
program. For an already gauged catchment, a virtual study can provide a point of reference for the
minimum uncertainty associated with a model application. When setting up a monitoring program,
it can help to decide what and when to measure. For a forested catchment, a fortnightly sampling of
NO3- and NH4+ concentrations in stream water may be the most cost-effective monitoring strategy.
with Jasper A. Vrugt, Willem Bouten and Albert Tietema, 2004. Towards reduced uncertainty in catchment
nitrogen modelling: Quantifying the effect of field observation uncertainty on model calibration. Hydrology
and Earth System Sciences 8(4): 751-763.
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5.1 Introduction
Over the past 100 years human activity has doubled the input of nitrogen (N) into terrestrial
ecosystems (Vitousek et al., 1997), causing environmental problems such as soil
acidification, nitrate (NO3-) contamination of ground waters and eutrophication of lakes
and streams. These problems have initiated intensive research in the field of N cycling,
including the development of mathematical models describing N dynamics in soils and
surface waters. These models provide a basis for integrating N transformation and transport
processes, and thus serve as an aid to the understanding of the fate of N in ecosystems.
Moreover, models that simulate and predict N dynamics have become an indispensable tool
for the abatement and prevention of N related environmental problems (Neal et al., 2002).
One such model is INCA (Wade et al., 2002; Whitehead et al., 1998a), a semidistributed, physically-based model describing N dynamics in catchments. Recent
investigations have demonstrated that INCA is able to closely predict N concentrations in
rivers for a range of European catchments (e.g., Wade et al., 2001b). Unfortunately, these
studies include little information on the uncertainty in the values of the model parameters
used in the applications. However, as INCA is ultimately developed to explore the effects
of changes in land use, N deposition and climate on N loads in catchments, there is a strong
need for this kind of information.
Like almost any catchment model, many of the parameters of INCA cannot be
measured directly, but have to be inferred by a trial-and-error process that adjusts the
parameter values to match the observed data. We call this process ‘model calibration’. The
aim of a model calibration is to reduce the uncertainty in the choice of parameter values
(parameter uncertainty) while accounting for uncertainties in the measured input and output
time series and uncertainties in the structural ability of the model to simulate the processes
of interest (Thiemann et al., 2001). Preferably, a calibration results in well-identified
parameters with narrow uncertainty ranges around their optimum values. However, since
catchment models are only an approximate description of reality and because the data used
for calibration contain errors, estimates of parameters are error-prone (Vrugt et al., 2002).
As a consequence, well-identified parameters are often the exception rather than the rule.
A serious complication for the calibration of models describing N dynamics in
catchments is the lack of reliable calibration data, especially when considering model
parameters that describe the soil N transformations. Often, the only data used are
concentrations of NO3- in stream water, usually taken at weekly or fortnightly intervals and
spanning a period of at most 3 years. Stream water NO3- can be measured relatively easy, at
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low cost and with relatively high accuracy. However, these measurements may not contain
useful information on the model parameters of interest, and as such may be of limited value
for a model calibration. Measurements of N fluxes in soils, like nitrification or net N
mineralisation, often are informative to N model parameters, but these fluxes are difficult
and costly to measure and are subject to large measurement errors. These large errors
originate mainly from the heterogeneity of the soil, which complicates the estimation of N
fluxes at a plot or catchment scale.
The Shuffled Complex Evolution Metropolis (SCEM-UA; Vrugt et al., 2003a), is an
effective and efficient search algorithm for the calibration of model parameters. Apart from
finding the most suitable set of parameters, SCEM-UA aims at describing parameter
uncertainty using a Bayesian inference framework. One of the properties of this Bayesian
framework is, that the user can explicitly incorporate knowledge about the measurement
errors (σ) of the calibration data into the estimation of the model parameters. The size of
this measurement error directly determines the quality of the calibration data, and as such
the final estimated uncertainty intervals of the parameters with the SCEM-UA algorithm.
The aim of this study was to explore the suitability of N field measurements for the
calibration of parameters of the INCA model. The parameters of interest were four of the
most relevant INCA parameters describing the N transformations in the soil-vegetation
system of a well-drained, N saturated forest. We designed a virtual catchment, ran INCA
with a known set of parameters and selected ‘measurements’ from the model output. These
synthetically generated observations were subsequently used in combination with the
SCEM-UA algorithm to retrieve the uncertainty intervals of the four INCA model
parameters and to assess which measurement types contain the most information for the
identification of the model parameters. To further explore the relationship between the
quality of the calibration data and the uncertainty associated with the final parameter
estimates we stepwise increased the measurement error σ of the data in subsequent
optimisation runs.

5.2 Methods
5.2.1 INCA model
A full description of INCA (version 1.6) is given in Wade et al. (2002). We used a slightly
modified version (version 1.7.16), to prevent numerical integration problems at low stream
flows. In this section, we describe only those features of the INCA model that are
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necessary for a clear understanding of the results found in this study.
In short, INCA is a semi-distributed (lumped), physically-based model that
simulates NO3- and NH4+ concentrations in stream water by tracking water and N through
the catchment soils and ground waters to the river. The soil-vegetation system in INCA is
of primary importance, as N inputs and most N transformations take place there. As such,
most of the parameters in INCA refer to processes in the soil-vegetation system. The
groundwater zone only transports N, no N transformations are assumed to occur. Finally,
the river system exports NO3- and NH4+ out of the catchment, while taking into account
in-river nitrification and denitrification.
The soil-vegetation system in INCA is represented by a single mixing model, which
is an obvious simplification of reality. In addition to this simplification, we assumed
denitrification and NO3- plant uptake not to take place in our virtual catchment. This latter
simplification is justified by the assumed low denitrification and NO3- plant uptake fluxes
in the well-drained, N saturated forest of Speuld, the Netherlands (Tietema et al., 1993),
which served as a model for the N cycling in the soils of our virtual catchment. As such,
the only N fluxes in the soil-vegetation system taken into account in this study were
atmospheric N deposition, gross NH4+ mineralisation, gross NH4+ immobilisation,
nitrification, NH4+ plant uptake, and NO3- and NH4+ leaching. Whereas atmospheric
deposition of NO3- and NH4+ is input to the model, the other fluxes are calculated within
the INCA model as follows (notation as in Wade et al., 2002), except for rate parameters;
fluxes in kg-N km-2 day-1):
gross NH4+ mineralisation = GMI ⋅ S1 ⋅100

gross NH4+ immobilisation = GIM ⋅ S1 ⋅

nitrification = NIT ⋅ S1 ⋅

x5
⋅10 6
Vr ,s + x11

NH4+ plant uptake = UPT ⋅ S1 ⋅ S 2 ⋅
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x5
⋅10 6
Vr ,s + x11

x5
⋅10 6
Vr ,s + x11

(5.1)

(5.2)

(5.3)

(5.4)

x1 ⋅ x5 ⋅ 86400
Vr , s + x11

NH4+ leaching =

NO3- leaching =

x1 ⋅ x3 ⋅ 86400
Vr , s + x11

(5.5)

(5.6)

where GMI (kg-N ha-1 day-1), GIM, NIT and UPT (m day-1) denote the gross NH4+
mineralisation, gross NH4+ immobilisation, nitrification and NH4+ plant uptake rate
parameters; x5 and x3 represent the NH4+ and NO3- stores in the soil compartment
(kg-N km-2); Vr,s is the soil water retention volume (m3 km-2); x11 is the soil water volume
(m3 km-2); x1 is the outflow of water from the soil (m3 s-1 km-2); S1 signifies the soil
moisture factor (-); S2 is the seasonal plant growth index (-); and 100, 106 and 86400 are
constants necessary for conversion to the correct units. Full definitions of Vr,s, x11, x1, S1
and S2 are given in Wade et al. (2002).
The NH4+ and NO3- stores in the soil (x5 and x3) are calculated by integrating
Equations 5.7 and 5.8:
dx5
= NH4+ atmospheric deposition + gross NH4+ mineralisation – NH4+ leaching
dt

– NH4+ plant uptake – nitrification – gross NH4+ immobilisation
dx3
= NO3- atmospheric deposition + nitrification – NO3- leaching
dt

(5.7)

(5.8)

None of the parameters in Equations 5.1 to 5.6 can be measured directly, instead
they have to be inferred by model calibration. As there is some physical meaning to the
hydrological parameters (x1, x11, Vr,s, S1) and the seasonal plant growth index (S2),
appropriate values for these parameters can be assessed with relative confidence. In
contrast, the rate parameters in Equations 5.1 to 5.4 are highly conceptual, lack a clear
physical meaning, and thus very little is known about suitable values for these parameters.
As such, in the present study, we focused on the calibration of the GMI, GIM, NIT and
UPT parameters.
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5.2.2 SCEM-UA
To estimate the values of the rate parameters, we used the recently developed Shuffled
Complex Evolution Metropolis (SCEM-UA) algorithm (Vrugt et al., 2003a). This
algorithm is a modified version of the original SCE global optimisation algorithm
developed by Duan et al. (1992) and uses a Bayesian inference scheme to estimate the best
set of model parameters, along with its underlying posterior distribution. The SCEM-UA
algorithm operates by selecting and modifying an initial population of parameter sets
merging the strengths of a Markov Chain Monte Carlo (MCMC) algorithm developed by
Metropolis et al. (1953), with the concepts of controlled random search (Price, 1987),
competitive evolution (Holland, 1975) and complex shuffling (Duan et al., 1992) to evolve
the population of initial parameter sets to a stationary posterior target distribution.
Assuming that the error residuals between model and measurement are mutually
independent, Gaussian distributed, with constant variance, the posterior density, or
likelihood, of a parameter set θi for describing the observed data y is computed by SCEMUA using the equation specified by Box and Tiao (1973):
 1 N e(θ i ) j
L(θ i y ) = exp − ∑
 2 j =1 σ

2





(5.9)

in which N signifies the number of measurements, σ denotes the measurement error
deviation of the observations (‘measurement error’) and e represents the error residuals
between model and measurement.
The size of the measurement error σ has important implications for SCEM-UA
applications. Following Equation 5.9, an increment in the size of the measurement error
will result in a wider range of parameter sets that will be considered acceptable in the
fitting of the calibration data. In other words, large uncertainties in the measurements will
result in a large uncertainty in the choice of parameter values and consequently in the
model simulations. In line with this reasoning, in the present study we investigated how
uncertainty in observations of N concentrations and fluxes affect the uncertainty in INCA
parameters and simulations.
An important issue when applying MCMC samplers like the Metropolis algorithm
in SCEM-UA, is the convergence to a stationary posterior distribution. In theory, a MCMC
sampler converges when the number of sampled parameter sets θi approaches infinity, that
is i → ∞. However, in practice one has to decide on how many draws to make with the
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sampler. To help decide, Gelman and Rubin (1992) developed a quantative conversion
diagnostic, the scale reduction factor

SR , based on within and between Markov chain

variances. Following their recommendations, convergence to a stationary posterior
distribution can be declared when

SR drops below 1.2. When this criterion is not met,

estimates of parameter distribution intervals derived from the final posterior distribution
are only an approximation, and actual distribution intervals may be wider.
5.2.3 Virtual catchment
The Doethie sub-catchment of the River Tywi system in South Wales (Whitehead et al.,
1998b) served as a model for the hydrology in our virtual catchment. The virtual catchment
is a 2 km2 watertight forested catchment that is drained by a single stream. Input time series
(January 1991 – December 1994) of temperature, hydrologically effective rainfall (HER)
and soil moisture deficit (SMD) were taken from the River Kennet system in southern
England. The Speuld forest in the Netherlands (Tietema et al., 1993) served as a model for
the N cycling in the soil-vegetation system. As such, the virtual catchment is considered N
saturated, receiving high levels of atmospheric N deposition, thereby resulting in high
levels of NO3- leaching.
Table 5.1 gives a complete list of the values of parameters used to characterise the
virtual catchment. A model run with these ‘true’ parameters and the input data served as a
reference run, or ‘true’ run, of the N cycling in our virtual catchment. The INCA output of
this reference run is given in Figure 5.1 and Table 5.2.
Table 5.2. Mean annual N fluxes in reference run [kg-N ha-1 yr-1].
NO3- deposition
+

NH4 deposition
+

NH4 plant uptake

6.5
20.0
48.0

+

134.4

+

87.3

Gross NH4 mineralisation
Gross NH4 immobilisation
+

Net NH4 mineralisation

47.1

Nitrification

15.6

Denitrification

0.0

-

21.8

+

3.3

NO3 leaching
NH4 leaching
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Table 5.1. INCA parameter values used to characterise the virtual catchment. A model run with these ‘true’
parameters and the input data served as a reference run of the N cycling in the virtual catchment. See Wade
et al. (2002) for parameter definitions.
Parameter
Area
Land use type

2.00

Unit
[km2]

Forest

Maximum Vr,s (depth · porosity)

0.16

[m]

Soilwater residence time

4.30

[day]

Groundwater residence time

56.0

[day]

Base flow index

0.43

[-]

River length

1000

[m]

Flow-a

0.04

[m-2]

Flow-b

0.67

[-]

In-river denitrification

0.05

[day-1]

In-river nitrification

0.20

[day-1]

Maximum temperature difference

4.5

[°C]

Soilwater deficit maximum

150

[mm]

Response to a 10°C temperature change

2.0

[-]

Base temperature response

30

[°C]

0

[mm]

Initial snow pack depth
Degree-day factor for snowmelt
Water equivalent factor
Snow depth / soil temperature factor

3.0

[mm °C-1 day-1]

0.30

[-]

-0.025

[-]

NO3- dry deposition

6.0

[kg-N ha-1 yr-1]

NO3- wet deposition

0.5

[kg-N ha-1 yr-1]

NH4+ dry deposition

12.2

[kg-N ha-1 yr-1]

NH4+ wet deposition

7.8

[kg-N ha-1 yr-1]

Gross NH4+ mineralisation rate (GMI)

2.00

[kg-N ha-1 day-1]

Gross NH4+ immobilisation rate (GIM)

0.14

[day-1]

0.025

[day-1]

0

[day-1]

Nitrification rate (NIT)

Denitrification rate
Plant growth start day
Plant growth period
Maximum yearly N plant uptake
Plant NH4+ uptake rate (UPT)
Plant NO3- uptake rate
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Value

50
253
70

[julian day]
[day]
[kg-N ha-1 yr-1]

0.20

[day-1]

0

[day-1]

Figure 5.1. Hydrology and N chemistry in the virtual catchment: “reference run” (INCA generated output
with parameter values of Table 5.1). (A) Hydrological Effective Rainfall (HER) and Soil Moisture Deficit
(SMD); (B) Soil water flow at 90 cm; (C) Stream discharge; (D) Soil water NO3- and NH4+ concentrations;
(E) Streamwater NO3- and NH4+ concentrations.

5.2.4 Calibration data
Synthetic ‘field measurements’ were selected from the reference run output and
included in the calibration datasets. The different calibration datasets included
measurements of NO3- and NH4+ concentrations in soil and stream water, and net N
mineralisation and net nitrification fluxes in the soil compartment. Measurements were
selected on a fortnightly basis over a period of 3 years (July 1991 – June 1994). N fluxes
were calculated as the 14-day sum of the daily fluxes calculated by INCA; net N
mineralisation was defined as the difference between the 14-day sum of gross NH4+
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mineralisation and gross NH4+ immobilisation. Soil and stream water concentrations were
selected from the model output every 14th day.A summary of all calibration datasets and
their short names as used in the text is given in Table 5.3. Note that no noise was added to
our synthetic measurements as is sometimes done in studies on virtual systems (e.g.,
McIntyre and Wheater, 2004; Vrugt et al., 2002). As such, our synthetic measurements are
an exact representation of the catchment’s state variables and processes.
Table 5.3. Datasets used for calibration. Synthetic ‘measurements’ were selected fortnightly between July
1991 and June 1994 (3 years). The measurement error denotes the error that was assumed typical for realworld field measurements. See text for further details.
Short name

Measurement type

streamNO3

-

streamNH4

Streamwater NO3 concentration
+

Streamwater NH4 concentration

Measurement error (%)
10
20

soilNO3

-

Soilwater NO3 concentration

50

soilNH4

+

50

Soilwater NH4 concentration
+

soilNMI

Net NH4 mineralisation

50

soilNIT

Net nitrification

50

5.2.5 Parameter optimisation and uncertainty assessment
We optimised the GMI, GIM, NIT and UPT parameters using the different calibration
datasets and explored how the uncertainty ranges of the inversely estimated parameters
change with increasing measurement error.
In each application, the SCEM-UA algorithm was set to simultaneously optimise the
4 parameters, using 8 complexes and a population size of 240 (Vrugt et al., 2003a). The
error residual between model and measurement was calculated using a Simple Least Square
objective function. If the scale reduction factor SR did not drop below 1.2 within the first
10,000 simulations, we assumed that a stationary solution could not be found. For each
parameter, the feasible parameter space was a uniform distribution between 0 and 20 times
the true value of the parameter. This space can seen as relatively wide, given the fact that
normally little information is available on the approximate values of these parameters.
For each calibration dataset, in subsequent SCEM-UA optimisations, the
measurement error σ (Equation 5.9) was increased from 0.l to a maximum of 50% of the
average value of the measurement of interest during the calibration period (July 1991 –
July 1994). We defined the measurement error as the uncertainty in field observations
arising from the combined effect of analytical, sampling and support errors. Hence, a
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measurement error of 0.1% is a large underestimation of the uncertainties that are
commonly present in actual field datasets. However, we used this very small error to verify
whether the SCEM-UA algorithm is indeed able to infer the original parameters used to
generate the synthetic data. In the literature, little information is available on errors made in
determining stream water chemistry. Yet, given good mixing of stream water, we believe
small measurement errors of 5 – 10% are typical for NO3- concentrations. Errors in NH4+
concentrations are probably somewhat higher (10 – 20%) as NH4+ concentrations in stream
water are often low and close to detection limits (e.g., Langusch and Matzner, 2002;
Whitehead et al., 2002). Finally, mainly due to the heterogeneous nature of the soil,
measurements of soil water N concentrations (e.g., Manderscheid and Matzner, 1995a;
Rothe et al., 2002) and soil N fluxes (e.g., Laverman et al., 2000; Tietema et al., 1993)
come with large errors of 20% or more. A summary of the measurement errors that we
found typical for the measurements of the different calibration datasets is given in Table
5.3.
After each calibration, the distribution intervals of the parameters (95% confidence
level) were computed from the final SCEM-UA derived parameter sets in the posterior
distribution. These parameter sets were subsequently used to compute the prediction
uncertainty ranges associated with the INCA simulated N-concentrations and fluxes.

5.3 Results
5.3.1 NO3- concentrations in soil water (soilNO3) and stream water (streamNO3)
Both soilNO3 and streamNO3 were found to contain sufficient information to retrieve the
original parameters at a small measurement error of 0.1%. For both optimisations,
convergence was met within 2,000 simulations and the uncertainty in parameter values was
small (see Table 5.4 for streamNO3; results for soilNO3 were similar to streamNO3 and are
not shown). Starting at a 1% measurement error, however, the SCEM-UA algorithm
already experienced problems converging to a stationary posterior distribution. After
10,000 simulations, SR was still higher than 2.0 for soilNO3. For streamNO3,
SR dropped below 1.2 after 2,000 simulations but increased again to values between 1.2

and 2.0. At a 5% measurement error,

SR was between 1.5 and 6 after 10,000 simulations

with streamNO3. Extending this optimisation run to 50,000 simulations did not improve the
optimisation, as

SR did not drop below 2.0.
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For the 1% and 5% measurement error, estimates of the parameter distribution
intervals (95% confidence level) for streamNO3 are also listed in Table 5.4. Similar results
were found for soilNO3 and are not shown. Note in Table 5.4 that that as convergence
criteria were not met for optimisations with the 1% and 5% measurement error, actual
intervals may have been slightly wider. At a 1% measurement error, the proposed intervals
are still narrow, but that at a 5% measurement error they have become very wide. For
example, GMI varied between 0 and a maximum of 23.7. This maximum value
corresponds with a near 24 times over-estimation of the gross NH4+ mineralisation. INCA
runs with the accepted parameter sets showed that the sets indeed accurately simulate NO3concentrations in stream water, but that large uncertainties are associated with the
simulations of NH4+ concentrations (soil and stream) and gross NH4+ mineralisation and
gross NH4+ immobilisation fluxes (Figure 5.2). Apparently, a wide variety of parameter
sets can adequately simulate NO3- concentrations in stream water, while erroneously
simulating N fluxes in the soil compartment.

Table 5.4. Number of simulations before convergence and parameter distribution intervals (95% confidence
level) for optimization with fortnightly streamwater NO3- concentrations (streamNO3). The 95% confidence
levels were calculated from the last 2000 simulations. Note that for these simulations

SR > 1.2 at 1 and

5% measurement errors, and that actual intervals may have been wider.
Simulations before

SR < 1.2

GMI

GIM

NIT

UPT

Reference

2.00

0.14

0.025

0.20

Feasible space

0 – 40

0 – 2.80

0 – 0.50

0 – 4.00

0.1%

2000

1.81 – 2.23

0.12 – 0.16

0.0246 – 0.0254

0.18 – 0.22

1.0%

*

1.40 – 2.65

0.10 – 0.20

0.022 – 0.030

0.15 – 0.29

5.0%

*

1.10 – 23.7

0.75 – 2.75

0.023 – 0.49

0.096 – 3.97

* Convergence not achieved within 10 000 simulations.
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Figure 5.2. Uncertainty ranges (gray region, 95% confidence level) associated with calibration using 3-years
of fortnightly streamwater NO3 concentrations (streamNO3) and a 5% measurement error. Notice that for
this optimization

SR > 1.2, meaning that actual uncertainty ranges may have been wider. The solid line

denotes the reference run.

5.3.2 NH4+ concentrations in soil water (soilNH4) and stream water (streamNH4)
The NH4+ datasets showed approximate ( SR ≈ 1.4 after 10,000 simulations; streamNH4)
or slow convergence ( SR < 1.2 after 8,000 simulations; soilNH4) at 0.1% measurement
error. This problematic convergence may be due to the very strict parameter acceptance
criteria associated with such a small measurement error. Under these strict conditions, we
suspect the optimum region in the parameter space to be very small, or ‘narrow’, making it
difficult to located.
Both streamNH4 (Table 5.5) and soilNH4 (not shown) were successful in retrieving
GMI and UPT, but GIM and NIT were not effectively confined. This was due to the near
perfect correlation between GIM and NIT when optimising using NH4+ measurements. r
equalled –1.00 for both streamNH4 and soilNH4, calculated from the last 2,000 SCEM-UA
simulations. This strong negative correlation indicated that an overestimation of GIM (and
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a subsequent overestimation of gross NH4+ immobilisation) is compensated by an
underestimation of the NIT (and nitrification), thus rendering correct estimates of the
amounts of NH4+ removed from the soil by these two processes. Hence, when using NH4+
concentrations (either in soil or stream), it is impossible to identify both GIM and NIT;
only information on the combined effect of both parameters can be retrieved.
Contrary to the NO3- datasets, convergence diagnostics did not deteriorate with
increasing measurement error for soilNH4 and streamNH4. At 10% measurement error,
convergence was still met after 3,500 simulations and GMI and UPT were reasonably
confined. Only when the measurement error was 20% or more,

SR did not drop below 1.2

(minimum 3.0 and 1.5 for soilNH4 and streamNH4 respectively) and none of the parameter
values could be identified with acceptable precision.
Table 5.5 lists the parameter distribution intervals found for streamNH4 (95%
confidence level) for a 0.1 to 20% measurement error. Again, similar results were found for
soilNH4 and are not shown. Although GIM and NIT could not be confined effectively,
streamNH4 was found to be more effective in confining GMI and UPT than streamNO3.
For example, at 5% measurement error GMI was confined between 1.41 and 2.66 by
streamNH4, whereas streamNO3 led to GMI varying between 1.10 and 23.7. INCA runs
with the accepted parameter sets showed that at a measurement error of 20%, simulations
were acceptable for NH4+ concentrations (soil and stream), gross NH4+ mineralisation and
NH4+ plant uptake (Figure 5.3). The uncertainties associated with the prediction of gross
NH4+ immobilisation were considerable, and very large uncertainties accompanied the
prediction of NO3- concentrations (soil and stream) and nitrification.
5.3.3 Net N mineralisation (soilNMI) and net nitrification (soilNIT) measurements
soilNMI and soilNIT were effective in constraining all four parameters as long as the
measurement error was not more than 5 (soilNIT) or 10% (soilNMI). At larger
measurement errors, similar problems as for the NO3- datasets were encountered. Table 5.6
shows the distribution intervals (95% confidence level) after calibration with soilNMI and
soilNIT, respectively, using a 50% measurement error, a value typical for these types of
measurements. Again, note that at this measurement error actual intervals may be wider as
convergence criteria were not met. For both datasets, intervals are very wide for GIM, NIT
and UPT, but relatively small for GMI. For soilNMI, INCA runs accompanying the
intervals showed adequate simulation of NH4+ plant uptake and nitrification, but poor
agreement between modelled and measured soil water NO3- concentrations and, especially,
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Table 5.5. Number of simulations before convergence and parameter distribution intervals (95% confidence
level) for optimization with fortnightly streamwater NH4+ concentrations (streamNH4). The 95% confidence
levels were calculated from the last 2000 simulations. Note that for these simulations

SR > 1.2 at 0.1 and

20% measurement errors, and that actual intervals may have been wider.
Simulations before

SR < 1.2

GMI

GIM

NIT

UPT

Reference

2.00

0.14

0.025

0.20

Feasible space

0 – 40

0 – 2.80

0 – 0.50

0 – 4.00

0.1%

*

1.98 – 2.02

0 – 0.165

0 – 0.164

0.198 – 0.202

1.0%

3000

1.82 – 2.21

0 – 0.175

0 – 0.172

0.186 – 0.218

5.0%

4000

1.41 – 2.66

0 – 0.207

0 – 0.207

0.148 – 0.256

10%

3000

1.04 – 2.94

0 – 0.228

0 – 0.230

0.118 – 0.267

20%

*

1.35 – 3.23

0.02 – 0.215

0 – 0.214

0.120 – 0.296

* Convergence not achieved within 10 000 simulations.

Figure 5.3. Uncertainty ranges (gray region, 95% confidence level) associated with calibration using 3-years
of fortnightly streamwater NH4 concentrations (streamNH4) and a 20% measurement error. The solid line
denotes the reference run.
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soil and stream water NH4+ concentrations (results not shown). For soilNIT, simulations
were acceptable for NO3- concentrations (soil and stream water) and all N fluxes in the soil
compartment, but very poor for both soil and stream water NH4+ concentrations (results not
shown).
5.3.4 Extending datasets
The results presented in the previous section illustrate the severity of the parameter
estimation problem. When the measurement error, specified in the density criterion in
Equation 5.9, is of the same order as that typically present in field observations, none of the
datasets utilized for model calibration contain sufficient information to identify the four
parameters with a reasonable degree of confidence.
When confronted with these problems it seems reasonable to consider increasing the
number of observations in the calibration dataset, either by extending the period of data
collection or by increasing the measurement frequency. Additional calibrations using
stream water NO3- concentrations measured fortnightly for 7 years (July 1991 – June 1998)
or measured daily for three years (July 1991 – June 1994), showed that this strategy did not
help to tackle the current problem. The 7-years record did not show any improvement
compared to the original fortnightly 3-years streamNO3 dataset. A 1% measurement error
still was the limit for correct inference of the parameters. The daily record did show some
improvements compared to streamNO3, but the maximum acceptable measurement error
still was not larger than 5%.
5.3.5 Multi-objective optimisation
Combining different datasets may be more effective in reducing parameter uncertainty than
extending the period of data collection or increasing the measurement frequency. To verify
the validity of this hypothesis, we combined the various types of datasets to yield multiobjective datasets, which were subsequently used for parameter calibration.
Multi-objective datasets were constructed as follows. First, to enable equal weighing
of different measurement types with different involved units, we scaled the measurements
of the original single-objective datasets to a mean of 100, by dividing by the average value
of the type of measurement (July 1991 – June 1994) and multiplying by 100. Next, two or
more of these scaled datasets were combined to form a multi-objective dataset. Please note
that in optimisation runs with these multi-objective datasets, INCA output was scaled
correspondingly.
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SCEM-UA optimisations with these multi-objective datasets showed that
measurements of NH4+ concentrations (soil or stream) play a key role in identifying the
parameters. For example, a multi-objective calibration using soil water NO3concentrations, net NH4+ mineralisation and nitrification measurements was successful only
when the measurement error was 20% or less. Adding soil water NH4+ concentrations to
the calibration dataset rendered successful calibrations, even when the measurement error
was set as high as 50%. In this latter optimisation, that used a measurement error typical for
measurements in the soil compartment, all possible information on N in the soil was
combined. As such, this run set the minimum uncertainty associated with the parameter
values when only measurements conducted in the soil compartment are available. These
were 1.62 – 2.63, 0.10 – 0.21, 0.022 – 0.030 and 0.16 – 0.25 for GMI, GIM, NIT and UPT,
respectively (95% confidence intervals).
Finally, calibration using a combination of stream water NO3- and NH4+
concentrations was found to be a reasonable alternative for using difficult, uncertain and
costly soil N measurements. At the typical measurement error of 20%, uncertainty in
parameters was confined to 0.87 - 3.56, 0.06 - 0.27, 0.021 - 0.027 and 0.08 - 0.30 for GMI,
GIM, NIT and UPT (95% confidence). INCA runs with the accepted parameter sets (Figure
5.4), showed small prediction uncertainty ranges in the simulation of NO3- and NH4+
concentrations (soil and stream) and nitrification, and slightly larger uncertainty bounds for
gross NH4+ mineralisation and gross NH4+ immobilisation.
5.4. Discussion
For the ideal situation where the INCA model structure is an exact representation of the
system studied, we tried to optimise four of the parameters describing N transformations in
the soil using the SCEM-UA algorithm. Our results demonstrate that, given typical
measurement errors in N studies, datasets containing only one type of measurement
(single-objective calibration) contain very limited information for the identification of the
model parameters. Only calibrations using datasets of multiple measurements (multiobjective calibration) resulted in low parameter uncertainty and acceptable simulations of
all N concentrations and fluxes in the soil and stream systems.
Regardless of the dataset used, parameter uncertainty for the single-objective
calibrations was high: a wide variety of parameter sets could adequately predict the
observed measurements. This phenomenon, named equifinality by Beven (1993), has been
found in many hydrological studies (e.g., Beven and Freer, 2001; Duan et al., 1992) and in

91

Figure 5.4. Uncertainty ranges (gray region, 95% confidence level) associated with calibration using a
combination of streamwater NO3 and NH4 concentrations and a 20% measurement error. The solid line
denotes the reference run.

some soil geochemical studies (Zak and Beven, 1999; Zak et al., 1997). Recently, Schulz et
al. (1999) showed that equifinality also exists for N budget models. Contrary to the Schulz
et al. study, in which equifinality may have resulted from uncertainty in input data (rainfall
and latent heat fluxes), measurement errors and the inability of the model to correctly
describe the system of interest (model structural errors), our results suggest that equifinality
may also result from measurement errors alone. As such, if we accept the fact that in
nitrogen studies measurements will always come with errors, equifinality is endemic to the
type of models we use.
A closer look at the structure of the INCA model (Equations 5.1 – 5.8) provides
insight into why equifinality may occur. It was already mentioned that the near perfect
negative correlation between GIM and NIT when optimising using NH4+ concentrations
(either in soil or stream), indicates that erroneous gross NH4+ immobilisation fluxes (due to
erroneous GIM) are compensated by (erroneous) nitrification fluxes (erroneous NIT).
Similar within-model compensation, or ‘internal budgeting’, may as well apply to other
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fluxes or when using other datasets for calibration. For example, in theory, when using
NO3- concentrations for calibration, a too low net NH4+ mineralisation may be compensated
by a too high NIT or too low UPT, ensuring that the available NH4+ is transformed into
NO3- rather than taken up by plants. Of course we are dealing with very dynamic, complex
systems and thus internal budgeting is unclear. Yet, the many runs that provide good
estimates of NO3- or NH4+ concentrations while overestimating soil N fluxes, at least
suggest that internal budgeting is an important mechanism causing equifinality.
Irrespective of the exact cause for equifinality, it is evident that none of the available
measurements alone contain sufficient information to calibrate the parameters of interest.
This does not make INCA a bad model, but does show that INCA and alike models have a
high data requirement, making calibration difficult. Our analysis showed that increasing the
measurement frequency does not necessarily help to reduce parameter uncertainty.
Seemingly, in our catchment, dynamics in stream water NO3- concentrations are almost
equally well captured by fortnightly as by daily observations, resulting in only minor
differences in information content of both datasets. As an alternative to intensifying
measurements, a more productive way to reduce parameter uncertainty is to weigh different
measurement sets in a multi-objective framework (e.g., Vrugt et al., 2003b).
The use of a virtual catchment, free of model and input data errors, of course sets
limits to the interpretation of the results in a real-world context. However, analyses like
those presented in this study can serve as a useful tool preceding the application of an
environmental model or the design of a monitoring program (e.g., McIntyre and Wheater,
2004). Firstly, for an already gauged catchment, with a given amount, type and reliability
of calibration data, the methodology applied here provides insight into the minimum
uncertainty associated with a model application. Knowing this beforehand is important as it
may prevent the modeller from an endless search for ever better parameter combinations.
For example, the multi-objective calibration with stream water NO3- and NH4+
concentrations set the minimum uncertainty associated with an INCA application to an N
saturated, forested catchment in which only stream water N concentrations were available.
Note that these results are valid only when just the parameter values are unknown, and that
input and model structural errors are assumed absent. As such, indeed it is a very
conservative, ‘minimum’, estimate of the model and parameter uncertainty, and actual
uncertainties will be higher.
Second, when setting up a monitoring program, the analyses presented in this
chapter can help to decide what and when to measure, especially if there is ample
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confidence in the model’s capability of describing the system of interest. In our catchment,
stream water NO3- and NH4+ concentrations were found almost as useful for a model
calibration as difficult and costly measurements in the soil compartment. Also, extending
the period of data collection or increasing the measurement frequency hardly reduced
parameter uncertainty. As such, 3-years fortnightly sampling of both NO3- and NH4+
concentrations in the stream water may be the most cost-effective monitoring strategy for
an N saturated, forested catchment. Again, note that these results are valid for the given
conditions only, that is when only the parameters are unknown. When more or other
parameters are uncertain, or when a catchment contains more than one land use type, (a
combination of) other measurements or a different measurement frequency could be more
appropriate.

5.5 Conclusions
Even for the ideal situation where the INCA model structure is an exact representation of
the system studied, calibration of soil N parameters is difficult due to parameter
equifinality. Single-objective calibrations, using only one type of measurement, render
large uncertainty in both parameter values and modelled N concentrations and fluxes.
Increasing the measurement frequency or extending the period of data collection, does not
necessarily help to reduce this uncertainty. Calibration using multiple sets of
measurements, however, is an effective way to deal with the equifinality problems. With
the right choice of calibration measurements, a multi-objective calibration results in low
parameter uncertainty and proper modelling of the N cycle.
The methodology applied in this study, using a virtual catchment that is free of
model errors, can serve as a useful tool to provide a point of reference for the minimum
uncertainty associated with a model application. In addition, this methodology can aid to
the design of an N monitoring program. The numerical experiments indicate that for a
forested, N saturated catchment, a fortnightly sampling of NO3- and NH4+ concentrations in
stream water may be the most cost-effective monitoring strategy.
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6 Constraining a forest nitrogen model using multi-objective
optimisation

Abstract
This study aims to reduce parameter and prediction uncertainty associated with applications of the
INCA forest nitrogen model, by using multi-objective calibration (Pareto concept, MOSCEM
algorithm). Four case studies are presented, all concerning a 2-years INCA application to the
Speuld Douglas fir forest, but each concerning a specific combination of unidentified parameters
and/or using a specific combination of calibration data types.
From these studies it was concluded that (1) the effects of simulated water flow on the
simulation of other processes or states should be taken into account when calibrating parameters
describing water flow; that (2) lack of conflict between the simulation of multiple data types may
point to large flexibility offered by the model structure rather than to complete description of the
complex real-world by the model; that (3), in addition to evaluating model performance, the Pareto
concept can also be used to evaluate the reliability of field observations; and that (4) in order to
reduce parameter uncertainty, specification of (subjective) minimum acceptable model
performance is inevitable as the number of Pareto solutions increases when more calibration types
are included in a multi-objective optimisation.
On the whole, the four case studies showed that the INCA model can provide adequate
simulation of N concentrations and fluxes in the Speuld Douglas fir forest, by capturing the key N
transformations having place at the plot scale. Further reduction of parameter and prediction
uncertainty is expected only when measurements of gross NH4+ mineralisation become available.

with Jasper A. Vrugt, to be submitted to Journal of Hydrology.
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6.1 Introduction
Nitrogen (N) export from soils and sewage discharge is an important cause for
eutrophication of lakes, estuaries and coastal seas and contamination of groundwater
reserves in Europe (Bouwman et al., 2005). In its most excessive form, aquatic
eutrophication can lead to algal blooms, followed by depletion of oxygen during the
decomposition of dead algae, and subsequent fish death. Contamination of groundwater
reserves with N is unwanted as excessive concentrations of NO3- in drinking water can be
hazardous to health.
To abate these N related environmental problems, we seek understanding of the
cycling of N in soils and waters, amongst others by the development of mathematical
(biogeochemical) models that integrate N transformation and transport processes at the
catchment scale. These models may be used to evaluate effects of environmental policies to
reduce N export, prior to the implementation of these policies. As such, mathematical
models are a potentially useful tool for the abatement and prevention of N related
environmental problems (Neal et al., 2002).
The predictive ability of biogeochemical models, however, is hampered by the
uncertainty associated with model simulations. This uncertainty is a result of model
structural errors (by definition models are only an approximate description of the complex
reality), uncertainty in model input and output (calibration) data and uncertainty in model
parameter values. Model parameters often cannot be measured directly, but have to be
inferred by a trial-and-error process that adjusts parameter values to match observed data.
This process is called ‘model calibration’ or ‘parameter optimisation’. Preferably, a model
calibration results in well-identified parameters with narrow uncertainty ranges around
their optimum values, thereby reducing uncertainty in model predictions.
Model calibration is a laborious task, and it is therefore that modellers have
developed automatic calibration tools that take advantage of the power and speed of
computers. The first generation of such tools (e.g., Duan et al., 1992) aimed at finding a
unique parameter estimate. More recently, it’s been appreciated that, due to model
structural errors and measurement errors in the data used for calibration, it may be
impossible to find a unique “best” parameter set whose performance differs significantly
from other feasible parameter sets. As such, the second generation of automatic calibration
tools aims at assessing the uncertainty in parameter values instead of finding just a unique
parameter set. Examples of these calibration tools include the GLUE methodology (Beven
and Binley, 1992; Freer et al., 1996) and Monte Carlo samplers that use Bayesian statistics
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to describe parameter uncertainty, like the SCEM-UA algorithm (Vrugt et al., 2003a).
Though initially developed and mostly applied in rainfall-runoff modelling, this
second generation of calibration tools has become increasingly popular in the water quality
world (e.g., Van der Perk and Bierkens, 1997; Wade et al., 2001a; Zak and Beven, 1999)
and, more specifically, amongst N modellers (Hong et al., 2005; Schulz et al., 1999). These
studies (e.g., Schulz et al., 1999; Zak and Beven, 1999) showed that parameters of
biogeochemical models generally suffer from large uncertainty, and that many
combinations of parameters may produce equally acceptable simulation results
(“equifinality”). Moreover, in Chapter 5 we showed that parameters of a simple N model
cannot be confined when only one type of observation is used as calibration data. Instead,
to reduce parameter uncertainty, different observation types should be weighed in a multiobjective framework.
Similar findings by rainfall-runoff modellers (single-objective calibration tools are
often inadequate to properly measure all of the system’s characteristics that are important
for parameter calibration), have led to the development of “multicriteria” or “multiobjective” calibration tools, which fully acknowledge the multi-objective nature of
calibration problems. There now are many examples of multi-objective calibrations in
rainfall-runoff modelling (e.g., Beldring, 2002; Khu and Madsen, 2005; Kuczera and
Mroczkowski, 1998; Seibert, 2000), of which most aim to compare model performance for
different parts of the hydrograph, for instance rising and falling limbs. Applications of
multi-objective calibrations to biogeochemical models are still limited, with studies by
Meixner et al. (2002; 1999), Smith and Wheater (Smith and Wheater, 2004) and McIntyre
et al. (2005) as recent exceptions.
One strategy to deal with multiple observation types in a calibration, is to define
several optimisation criteria (objective functions) that measure model fit for different
observation types, and to use an automatic method to identify the set of nondominated,
efficient, or Pareto optimal solutions (Gupta et al., 1998; Yapo et al., 1998). The Pareto
solutions represent the trade-offs among the different objectives, having the property that
moving from one solution to another results in the improvement of one objective while
causing deterioration in one or more others. A desirable property of the Pareto concept is
that specification of priorities or preference to any of the objective functions in the
calibration stage is prevented, thereby avoiding weighing of incommensurable objectives.
MOSCEM (Vrugt et al., 2003b), is an example of an algorithm capable of solving a multiobjective calibration problem by retrieving the Pareto solutions set.
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The aim of the current study was to reduce parameter and prediction uncertainty
associated with (an application of) the Integrated Nitrogen in Catchment (INCA) model
(Wade, 2004; Wade et al., 2002; Whitehead et al., 1998a) by use of multi-objective
calibration. Four case studies are presented, all concerning an application of INCA to a
Douglas fir forest plot, but each concerning a specific combination of unidentified
parameters and/or using a specific combination of calibration data types (objective
functions). The four cases illustrate various ways to evaluate biogeochemical models and
measurements using the Pareto concept. This chapter concludes with evaluation of INCA’s
ability to model N dynamics in a Douglas fir forest plot.

6.2 Methods
6.2.1 Speuld Douglas fir forest
The Speuld research site is a 2.5 ha Douglas fir (Pseudotsuga menziesii, Franco L.) forest
stand, located in the centre of The Netherlands. The forest was planted in 1962, with an
initial tree density of 780 trees ha-1, and was thinned in the winter of 1995-1996 leaving
about two-thirds of the trees standing. Understorey vegetation was absent both before and
after thinning. Mean precipitation is 834 mm yr-1, mean potential evapotranspiration
measures 712 mm yr-1 (Tiktak and Bouten, 1994). Mean air temperatures in January and
July are 1.5°C and 17.0°C, respectively (Bosveld et al., 1993).
The soil is a well-drained Haplic Podzol (FAO, 1988) with a Mormoder humusform
(Green et al., 1993). The forest is considered nitrogen saturated, as a result of nearly 50
years of elevated atmospheric N input (Koopmans et al., 1996; Van Breemen and
Verstraten, 1991). Nitrogen deposition in throughfall amounts to 42 kg-N ha-1 yr-1, mainly
in the form of NH4+. Nitrogen leaching at 90 cm soil depth is 31 kg-N ha-1 yr-1, dominantly
as NO3-. Nitrogen transformations occur mainly in the forest floor (Tietema et al., 1993).
Hydrological and soil chemical data used for calibration were taken from earlier
studies on the Speuld research site (Tietema et al., 1993; Tiktak and Bouten, 1990).
Fortnightly concentrations of NO3- and NH4+ in soil water (10 cm depth) were collected by
use of ceramic plate lysimeters. Monthly nitrification and net N mineralisation were
determined by in situ incubation of intact soil cores (Tietema et al., 1993). Daily estimates
of soil water fluxes (10 cm depth) were used to calibrate INCA’s hydrological parameters.
These estimates were taken from an application of the soil water model SWIF to the Speuld
forest (Tiktak and Bouten, 1990).
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6.2.2 INCA model
INCA (Wade, 2004; Wade et al., 2002; Whitehead et al., 1998a) is a semi-distributed
(lumped), physically-based model that aims to simulate NO3- and NH4+ concentrations in
stream water by tracking water and N through the catchment’s soils and ground waters to
the river. The soil-vegetation system in INCA is of primary importance, as N inputs and
most N transformations take place there. As such, most of the parameters in INCA refer to
processes in the soil-vegetation system. The groundwater zone only transports N, no N
transformations are assumed to occur. The river system exports NO3- and NH4+ out of the
catchment, while taking into account in-river nitrification and denitrification. Following the
philosophy that a physically-based catchment model should (also) be able to simulate
processes at the plot level adequately, we used INCA to simulate N dynamics in the soilvegetation system only, instead applying it to a whole catchment.
6.2.3 INCA soil hydrology
The soil-vegetation system in INCA is represented by a single-mixing model, which
calculates the change in soil water flow as follows:
dx1 HER − x1
=
dt
TrSoil

(6.1)

where x1 is the water outflow from the soil (m3 s-1 km-2 or mm day-1), TrSoil is the soil
water residence time (day), and HER is the hydrological effective rainfall (m3 s-1 km-2 or
mm day-1).
Generally, time series of HER and the soil moisture deficit (SMD), which effects N
transformation rates, are given as inputs to the INCA model, but here we treated HER and
SMD as integral parts of the model. Following Limbrick (2002), for the ith day:
SMDi = SMDi −1 − THRi + AETi

SMDi −1 > THRi − AETi

SMDi = 0

SMDi −1 ≤ THRi − AETi

HERi = 0

SMDi −1 > THRi − AETi

HERi = THRi − SMDi −1 − AETi

SMDi −1 ≤ THRi − AETi

(6.2)

(6.3)

where THR is throughfall (mm day-1) and AET is actual evapotranspiration (mm day-1).
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THR and AET were calculated using:
THRi = THRx ⋅ Pi

AETi = PETi ⋅

(6.4)

SMDi −1 − SMDmax
TWP − SMDmax

SMDi −1 ≤ TWP

AETi = PETi

(6.5)

SMDi −1 ≤ TWP

with
TWP = TWPx ⋅ SMDmax

(6.6)

and where THRx is the throughfall factor (-), P is precipitation (mm day-1), SMDmax is the
maximum soil water deficit (mm), TWP is the temporary wilting point (mm), and TWPx
stands for the TWP factor (-).
For the Speuld forest, daily series of precipitation and potential evaporation were
available from Bosveld et al. (1993). Thus, following Equations 6.1 – 6.6, in the current
INCA application soilwater flow can be simulated when values are assigned to the TWPx,
SMDmax, THRx and TrSoil parameters.
6.2.4 INCA soil N cycling
In the Speuld forest, denitrification and plant NO3- uptake are low compared to other N
fluxes (Tietema et al., 1993), leaving atmospheric N deposition, gross NH4+ mineralisation,
gross NH4+ immobilisation, nitrification, NH4+ plant uptake and NO3- and NH4+ leaching as
the N fluxes taken into account in our INCA application. Atmospheric deposition of NO3and NH4+ was input to the model, the other fluxes are calculated using (fluxes in
kg-N km-2 day-1):
gross NH4+ mineralisation = GMI ⋅ S1 ⋅100

gross NH4+ immobilisation = GIM ⋅ S1 ⋅

100

x5
⋅10 6
Vr ,s + x11

(6.7)

(6.8)

nitrification = NIT ⋅ S1 ⋅

x5
⋅10 6
Vr ,s + x11

NH4+ plant uptake = UPT ⋅ S1 ⋅ S 2 ⋅

NH4+ leaching =

NO3- leaching =

x5
⋅10 6
Vr ,s + x11

x1 ⋅ x5 ⋅ 86400
Vr , s + x11
x1 ⋅ x3 ⋅ 86400
Vr , s + x11

(6.9)

(6.10)

(6.11)

(6.12)

where GMI (kg-N ha-1 day-1), GIM, NIT and UPT (m day-1) are the gross NH4+
mineralisation, gross NH4+ immobilisation, nitrification and NH4+ plant uptake rate
coefficients; x5 and x3 represent the NH4+ and NO3- stores in the soil (kg-N km-2); Vr,s is the
soil water retention volume (m3 km-2); x11 is the soil water volume (m3 km-2); x1 is the
outflow of water from the soil (m3 s-1 km-2); S1 signifies the soil moisture factor (-); S2 is
the seasonal plant growth index (-); and 100, 106 and 86400 are constants necessary for
conversion to the correct units.
We used a modified representation for the soil moisture factor S1, as to give this
factor some flexibility over the SMDmax that was used to calculate soil hydrology
(Equation 6.5). Here, for every time step i, S1 was calculated following:

S1i = 1 −

SMDi
SMDNx ⋅ SMDmax

(6.13)

where SMDNx (-) is a constant (> 1) translating the hydrological SMDmax into a measure
of soil water stress with more soil ecological meaning.
The GMI, GIM, NIT, UPT and SMDNx parameters in Equations 6.7 – 6.13 are
highly conceptual and lack a clear physical meaning. As such, suitable values for these
parameters can be obtained only by calibration.
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6.2.5 Multi-objective optimisation using the Pareto concept
The multi-objective calibration problem can be stated as follows (Madsen, 2003; Vrugt et
al., 2003b):
Min{F1 (θ ), F2 (θ ),........, Fm (θ )}

θ ∈Θ

(6.14)

where θ is the set of model parameters , Fi(θ), i = 1, 2, …, m are the different objective
functions for m number of objectives, and Θ is the feasible parameter space. The solution
to this problem will, in general, not be a single “best” parameter set, but will consist of a
set of solutions with trade-offs between the different objective functions Fi. This set of
solutions, named Pareto solutions set, has the property that moving from one solution to
another results in the improvement of one objective while causing deterioration in one or
more others. The Pareto solutions set defines the minimum uncertainty in the parameters
that can be achieved without specification of priorities or preference to any of the objective
functions.
Figure 6.1 visualizes the Pareto concept for a simple problem with two parameters
(θ1 and θ2) and two criteria or objective functions (F1 and F2). The points A and B indicate
the solutions that minimize each of the individual objectives F1 and F2, while the line
joining A and B represents the Pareto solutions set. Moving along the line from A to B
results in the improvement of F2 while causing deterioration in F1. The points falling on the
line, like γ, represent the Pareto solutions set and are called nondominated, noninferior or
efficient solutions, meaning that better solutions can be found for one objective function
but not without a degradation of (one of) the other objective function. All points outside the
line are inferior solutions in the sense that simultaneous improvement in both criteria F1
and F2 is still possible.
In the current study we used the recently developed Multi-Objective Shuffled
Complex Evolution Metropolis (MOSCEM; Vrugt et al., 2003b) to solve four different
multi-objective calibration problems. The MOSCEM algorithm is an effective and efficient
Markov Chain Monte Carlo (MCMC) sampler, capable of generating a fairly uniform
approximation of the Pareto solutions set within a single optimisation run. The algorithm is
closely related to the SCEM-UA algorithm (Vrugt et al., 2003a), which was recently
developed to infer the probabilistic uncertainty, associated with a single-objective
parameter optimisation.
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Figure 6.1. Illustration of the Pareto concept for a problem with two parameters (θ1 and θ2) and two objective
functions (F1 and F2), in the (A) parameter and (B) objective space. The points A and B indicate the
solutions that minimize each of the individual objectives F1 and F2, while the line joining A and B represents
the Pareto solutions set. Points A, B and γ are members of the Pareto solutions set. All other points fall
outside the Pareto front and are thus inferior solutions. Figure adapted from Vrugt et al. (2003b).

6.2.6 Aim and set up of case studies
The aim of this study was to reduce parameter and prediction uncertainty associated with
an INCA application by use of multi-objective calibration. We present four case studies,
each concerning a specific combination of unidentified parameters and/or using a specific
combination of calibration data types. The four cases illustrate various ways to evaluate
biogeochemical models and measurements using the Pareto concept.
All case studies concern a 2-years (January 1988 – February 1990) application of
INCA to the Speuld Douglas fir forest plot. Calibration data spanned a period from May
1988 to December 1989 (soil NO3- and NH4+ concentrations) or May 1988 to February
1990 (N fluxes and soil water flow), thus allowing the model a warm-up period of 4
months. The soil system was defined as the forest floor plus the upper 10 cm of mineral
soil, as most N transformations have place in this top part of the soil (Tietema et al., 1993).
A complete list of parameter values used to characterize the Douglas fir plot is given in
Table 6.1.
A common strategy in biogeochemical modelling is to calibrate the model’s
hydrological parameters first before tuning any of the biogeochemical parameters. In the
Case Study I, we used the Pareto concept to test the validity of this calibration strategy,
which has recently also been questioned by McIntyre et al. (2005). This was done by
simultaneously evaluating soil hydrological (TWPx, SMDmax, THRx and TrSoil) and soil
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Table 6.1. INCA parameter values used to characterise the Speuld Douglas fir forest. Asterisk (*) marks
parameters that were calibrated. See text and Wade et al. (2002) for parameter definitions.
Parameter

Value

Unit

Soil hydrological parameters
Maximum Vr,s
Soilwater residence time (TrSoil)

Maximum temperature difference

72

[mm]

*

[day]

4.5

[°C]

Soilwater deficit maximum (SMDmax)

*

[mm]

Temporary wilting point factor (TWPx)

*

[-]

Throughfall factor (THRx)

*

[-]

Response to a 10°C temperature change

2.0

[-]

Base temperature response

30

[°C]

0

[mm]

Initial snow pack depth
Degree-day factor for snowmelt
Water equivalent factor
Snow depth / soil temperature factor

3.0

[mm °C-1 day-1]

0.30

[-]

-0.025

[-]

N deposition input
NO3- dry deposition

6.0

[kg-N ha-1 yr-1]

NO3- wet deposition

0.5

[kg-N ha-1 yr-1]

NH4+ dry deposition

12.2

[kg-N ha-1 yr-1]

NH4+ wet deposition

7.8

[kg-N ha-1 yr-1]

Soil N transformation parameters
Gross NH4+ mineralisation rate (GMI)

*

[kg-N ha-1 day-1]

Gross NH4+ immobilisation rate (GIM)

*

[day-1]

Nitrification rate (NIT)

*

[day-1]

Denitrification rate

0

[day-1]

Soil moisture deficit factor (SMDNx)

*

[-]

Vegetation parameters
Plant growth start day
Plant growth period
Maximum yearly N plant uptake

104

60
300
90

[julian day]
[day]
[kg-N ha-1 yr-1]

Plant NH4+ uptake rate (UPT)

*

[day-1]

Plant NO3- uptake rate

0

[day-1]

N transformation parameters (NIT, GMI, GIM, UPT and SMDNx) against daily
observations of soil water flow and fortnightly observations of NO3- concentrations.
An important conclusion of Chapter 5 was that NH4+ concentrations play a key role
in identifying INCA’s soil N transformations parameters, at least for the hypothetical
catchment under study. In Case Study II, therefore, we evaluated the information content of
NO3- and NH4+ concentrations for INCA’s N transformation parameters in a real-world
setting by exploring the trade-offs among modelling of fortnightly soil water NO3- and
NH4+ concentrations and the underlying parameter distribution for NIT, GMI, GIM, UPT
and SMDNx.
Case Study III concerns a multi-objective calibration using three types of
observation, namely fortnightly NO3- concentrations, and monthly net N mineralisation and
net nitrification. This calibration was particularly interesting as in soils NO3- concentrations
and the amount of NO3- produced by nitrification are closely linked, indicating that these
observations ought to contain comparable information on the NIT parameter. Any trade-off
among matching these two observation types may mark a model flaw or errors in the
observations.
Finally, in Case Study IV we specifically aimed to reduce parameter and prediction
uncertainty for this INCA application. Measures of fortnightly NO3- concentrations, and
yearly net N mineralisation and plant NH4+ uptake were used to constrain NIT, GMI, GIM,
UPT and SMDNx. In addition, we demonstrate a way to refine parameter uncertainty when
the number of Pareto solutions increases after increasing the number of objective functions
in the calibration.
For all case studies, prior parameter uncertainty is given in Table 6.2. In plots of
parameter uncertainty (e.g., Figure 6.2A), uncertainties are linearly scaled to these prior
ranges (“Normalized Parameter Ranges”). Root mean square error (RMSE) objective
functions were used to measure the ability of the model to simulate the different
observations. As a summary, Table 6.3 lists all of the calibration data types used in the
various model calibrations.

105

Table 6.2. Prior uncertainty ranges for INCA model parameters. See text for parameter definitions. Plots of
parameter uncertainty, for example Figure 2A, are linearly scaled to these prior ranges (“Normalized
Parameter Ranges”).
Parameter

Minimum

Maximum

Unit

TWPx

0

1

[-]

SMDmax

8

64

[mm]

THRx

0.4

1

[-]

TrSoil

0

20

[day]

NIT

0

10

[day-1]

GMI

0.5

6.5

[kg-N ha-1 day-1]

GIM

0

10

[day-1]

UPT

0

10

[day-1]

SMDNx

1

5

[-]

Table 6.3. Summary of calibration data sets used in the four model calibrations.
Objective

Case Study I
Case Study II

function

Unit

RMSEWAT

[mm]

Calibration data set
daily soil water flow (10cm depth)

RMSENO3

[mg-N L ]

fortnightly soil water NO3- concentrations (10cm depth)

RMSENO3

[mg-N L-1]

fortnightly soil water NO3- concentrations (10cm depth)

RMSENH4

[mg-N L-1]

fortnightly soil water NH4+ concentrations (10cm depth)

RMSENO3

[mg-N L-1]

fortnightly soil water NO3- concentrations (10cm depth)

Case Study III RMSENMI
RMSENIT
RMSENO3
Case Study IV RMSENMIYR
RMSEUPTYR

-1

[kg-N ha-1 4wk-1]
-1

-1

[kg-N ha 4wk ]

monthly nitrification (ectorganic and Ah horizon)
fortnightly soil water NO3- concentrations (10cm depth)

-1

[mg-N L ]
[kg-N ha-1 yr-1]
-1

monthly net mineralisation (ectorganic and Ah horizon)

-1

[kg-N ha yr ]

yearly net mineralisation (ectorganic and Ah horizon)
yearly plant NH4+ uptake (ectorganic and Ah horizon)

6.3 Results
6.3.1 Case Study I: Soil water flow and soil water NO3- concentrations
Case study I deals with the estimation of parameters controlling both soil water flow and
soil N transformations. A total of 9 parameters (TWPx, SMDmax, THRx and TrSoil
controlling water flow; NIT, GMI, GIM, UPT and SMDNx controlling N transformations)
were evaluated, by using RMSE of soil water flow and soil water NO3- concentrations as
respective objective functions. The Pareto set of solutions (rank 1 points delivered by
MOSCEM) for this two-objectives optimisation problem is given in Figure 6.2. Clearly,

106

there is a trade-off among the proper modelling of water flow and NO3- concentrations,
respectively, as shown by the strong deterioration in simulated NO3- concentrations (higher
RMSENO3) when fit of water flow is improved (lower RMSEWAT), and vice versa. This
trade-off is reflected in the water flow parameter values corresponding to both ends of the
Pareto solutions set and the prediction uncertainty intervals of, especially, water flow
(Figure 6.3A).
Water flow parameter values corresponding to optimal NO3- simulations (RMSENO3
< 3.3 mg-N L-1; right end of Pareto solutions set) are grouped in the upper part of the
plotted normalized parameter ranges (NPR), for all 4 water parameters evaluated (Figure
6.2, light shade). Parameter values corresponding to optimal water flow simulations
(RMSEWAT < 0.9 mm day-1; left end of Pareto solutions set) are grouped in the lower part
(dark shade). As such, to obtain optimal NO3- simulations, more water was drained through
the soil (combined effect of high values for TWPx, SMDmax and THRx) and this water
was released from the soil at a slower rate (higher TrSoil). This is illustrated in the plot of
water flow vs. time (Figure 6.3A) by the overestimation of flow rates in the recession
periods by the best NO3- simulation (dotted line). Note that uncertainty ranges bracket
observations in periods of low water flow, but that many observations during peak flows
were not matched, indicating that the hydrological part of the INCA model structure may
be in need of further improvement, at least for this application.
Optimal water flow simulations, as illustrated by the best water flow simulation
(solid line in Figure 6.3B), showed less dynamics in NO3- concentrations than optimal NO3simulations (illustrated by best NO3- simulation; dashed line). Optimal water flow
simulations overestimated NO3- concentrations in periods of low NO3- concentrations and

Figure 6.2. (A) Normalized parameter ranges (NPR) and (B) Pareto solutions set for a two-objectives
optimization using RMSEWAT and RMSENO3. Light shaded area in NPR plot corresponds to optimal NO3
simulations (RMSENO3 < 3.3 mg-N L-1), dark shaded area to optimal water flow simulations (RMSEWAT <
0.9 mm day-1). Solid line denotes NPR for best NO3 simulation, dashed line NPR for best water flow
simulation.
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underestimated NO3- in periods of high NO3- concentrations, thereby not capturing the
seasonal dynamics in NO3- concentrations. These dynamics were well captured by optimal
NO3- simulations. All simulations showed many temporary decreases in NO3concentrations, corresponding to increased water flow during and directly after rain events
(Figure 6.3B). These decreases were stronger for optimal NO3- simulations.
As more water drained through the soil for optimal NO3- simulations, a higher
amount of NO3- was leached from the soil as well. To maintain high enough NO3- levels in
soil water, the optimal NO3- simulations showed higher annual nitrification as compared to
the optimal simulations of water flow (data not shown). This higher nitrification is not
reflected in NIT, with NIT ranges for optimal water flow and optimal NO3- simulations
overlapping (Figure 6.2A).

Figure 6.3. Prediction uncertainty intervals (shaded area) for (A) soil water flow, (B) soil water NO3
concentrations and (C) soil water NH4 concentrations, associated with the Pareto solutions set for a twoobjectives optimization using RMSEWAT and RMSENO3. Dots correspond to observations; solid lines denote
predictions by best NO3 simulation, dashed lines denote predictions by best water flow simulation.

In case studies II - IV interest was in parameters controlling soil N transformations
only, meaning that water flow parameters were set to fixed values before starting these
analyses. The results from Case Study I were used to do this. Ideally, water parameter
values corresponding to the most optimal NO3- simulation (RMSENO3 = 3.18 mg-N L-1)
may have been chosen, but as shown in the previous section, this would have involved very
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poor simulation of water flow. Instead, we chose a RMSEWAT of 0.95 mm day-1 as the
maximum acceptable deviation between observed and modelled water flow and picked the
water flow parameter values from the corresponding Pareto member. These were 0, 19.2,
0.73 and 6.0 for TWPx, SMDmax, THRx and TrSoil, respectively. RMSENO3 of this Pareto
member was 3.38 mg-N L-1, which, in theory, was now the minimum RMSENO3 realizable
in case studies II - IV.
6.3.2 Case Study II: Soil water NO3- and NH4+ concentrations
In Chapter 5 it was concluded that NH4+ concentrations play a key role in identifying
INCA’s soil N transformations parameters. Case study II, therefore, deals with the
estimation of these parameters by using RMSE of soil water NO3- and NH4+ concentrations
as respective objective functions. Judging from the Pareto solutions set of this optimisation
problem (Figure 6.4B), there was no conflict among the modelling of NO3- and NH4+
concentrations, with RMSENO3 clustered around 3.36 mg-N L-1 (3.358 to 3.362 mg-N L-1)
and RMSENH4 clustered around 0.08 mg-N L-1. This lack of conflict was reflected in the
normalized parameter ranges (Figure 6.4A), with excellent identification of INCA’s soil N
transformation parameters.

Figure 6.4. Normalized parameter ranges (NPR) and Pareto solutions set for a two-objectives optimization
using RMSENO3 and RMSENH4. (A) NPR associated with the Pareto solutions set; (B) Pareto solutions set;
(C) NPR associated with MOSCEM analyzed simulations for which RMSENO3 < 3.5 mg-N L-1 and
RMSENH4 < 0.5 mg-N L-1; and (D) all MOSCEM analyzed simulations for which RMSENO3 < 3.5 mg-N L-1
and RMSENH4 < 0.5 mg-N L-1.
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A closer look at the parameter values chosen, however, revealed some peculiarities.
For example, UPT was set to 0 m day-1, meaning that NH4+ plant uptake was zero. The
apparent excellent identification of the N transformation parameters was misleading in
another way as well. A RMSENH4 of 0.08 mg-N L-1 is very small compared to uncertainty
associated with soil water N concentration measurements (Manderscheid and Matzner,
1995a; Rothe et al., 2002). Also, simulations with a RMSENO3 of, for example, 3.5
mg-N L-1 could well be considered to adequately describe NO3- concentrations. Figure 6.4
shows the normalized parameter ranges when all MOSCEM analysed simulations holding
RMSEs within both 3.5 mg-N L-1 (RMSENO3) and 0.5 mg-N L-1 (RMSENH4) are considered.
Clearly, uncertainty in N transformation parameters deduced from this figure was much
higher than that deduced from the Pareto solutions set alone.
6.3.3 Case Study III: Soil water NO3-, net nitrification and net N mineralisation
Datasets of soil water NO3- concentrations, monthly net nitrification (NIT28) and monthly
net N mineralisation (NMI28) were used to analyse INCA in Case Study III. The Pareto
solutions set for this three-objectives optimisation problem is a 3-dimensional surface, and
is projected in three 2-D plots in Figure 6.5. The black dots in the three plots represent the
Pareto solutions sets when the three-objectives optimisation problem is split in three twoobjectives optimisation problems.
There was a strong trade-off among the modelling of NO3- and nitrification, as
shown by the strong deterioration in the simulation of NO3- with improving fit for NIT28
(Figure 6.5A). RMSENO3 was as high as 10 mg-N L-1 at lowest RMSENIT28, RMSENIT28 was
near 4 kg-N ha-1 4wks-1 at lowest RMSENO3. No such strong conflict was observed between

Figure 6.5. Pareto solutions set for a three-objectives optimization using RMSENO3, RMSENIT28 and
RMSENMI28. The plots are two-dimensional projections of the three-dimensional Pareto solutions surface (all
dots). Black dots represent the Pareto solutions sets for two-objectives optimization problems: (A) RMSENO3
and RMSENIT28, (B) RMSENO3 and RMSENMI28, and (C) RMSENIT28 and RMSENMI28.
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modelling of NO3- and net N mineralisation (Figure 6.5B). Note the long “tails” at both
ends of the Pareto solutions set in the NO3-/NMI28 plot, indicating that, at both ends, a
small improvement for criteria 1 caused a strong deterioration for criteria 2. As such, it
seems reasonable to exclude both tail ends from the analysis, making 4.0 mg-N L-1 a fair
estimate of the RMSENO3 near optimum NMI28 simulations, and 3.5 kg-N ha-1 4wks-1 of
RMSENMI28 near optimum NO3- simulations. Similar, the tail ends of the Pareto solution set
in the NIT28/NMI28 plot (Figure 6.5C) may be omitted, making RMSENIT28 equal 4
kg-N ha-1 4wks-1 at lowest RMSENMI28, and RMSENMI28 match 4.5 kg-N ha-1 4wks-1 at
lowest RMSENIT28.
The strong trade-off among the modelling of NO3- and nitrification is reflected in
plots of simulated and observed NO3- concentrations and nitrification (Figure 6.7). Optimal
NO3- simulations, as illustrated by the best NO3- simulation (solid line in Figure 6.7D),
overestimated observed nitrification. Similar, optimal NIT28 simulations underestimated
observed NO3- concentrations (dashed line in Figure 6.7A). These respective under- and
overestimations were not reflected in NIT parameter values. NIT ranges corresponding to
optimal NO3- simulations (0.5 ≤ NIT ≤ 9.3 m day-1 when RMSENO3 < 3.5 mg-N L-1)
overlapped with ranges corresponding to optimal NIT28 simulations (0.2 ≤ NIT ≤ 10
m day-1 when RMSENIT28 < 4.0 kg-N ha-1 4wks-1). There was very large uncertainty in the
other parameters as well, as demonstrated by the normalized parameter ranges associated

Figure 6.6. Normalized parameter ranges (NPR) associated with Pareto solutions set for (A) a threeobjectives optimization using RMSENO3, RMSENIT28 and RMSENMI28, and (B) a two-objectives optimization
using RMSENO3 and RMSENMI28. Solid lines corresponds to NPR of best NO3 simulation, dashed line to best
NIT28 simulation (plot A only), dash-dotted lines to best NMI28 simulation.
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with the three-objectives Pareto solutions set (Figure 6.6A). This large uncertainty is not
simply caused by the strong trade-off among simulation of NO3- and NIT28, as illustrated
by the large uncertainty ranges in Figure 6.6B. This latter figure shows the NPR associated
with the Pareto solutions set of a two-objectives optimisation using RMSENO3 and
RMSENMI28 (black dots Figure 6.5B), after removal of the tail ends (RMSENO3 < 4.2
mg-N L-1 and RMSENMI28 < 3.5 kg-N ha-1 4wks-1).

Figure 6.7. Prediction uncertainty intervals (shaded area) associated with the Pareto solutions set for a threeobjectives optimization using RMSENO3, RMSENIT28 and RMSENMI28. (A) soil water NO3 concentrations, (B)
soil water NH4 concentrations, (C) monthly net mineralisation (NMI) and (D) monthly nitrification (NIT).
Dots (A – B) and bars (C – D) correspond to observations; solid lines correspond to predictions by best NO3
simulation, dashed lines to best NIT28 simulation, dash-dotted lines to best NMI28 simulation.

6.3.4 Case Study IV: Soil water NO3-, net N mineralisation and NH4+ plant uptake
Case studies I – III demonstrated the usefulness of Pareto solutions sets for the evaluation
of environmental models (and measurements), by revealing the trade-off among the correct
description of multiple types of measurements by the INCA model. However, the large
parameter uncertainty associated with the Pareto solutions sets in the above examples, also
illustrated the limitations of Pareto solutions sets when trying to narrow down parameter
and prediction uncertainty. We suspect that this is, at least partly, because of the tail ends,
or outer regions, of the Pareto solutions sets, which may represent regions of the response
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surface where fit is excellent for one criteria, but very poor for the other(s).
In Case Study IV, therefore, after running a three-objectives optimisation of INCA
with MOSCEM, we shortened the Pareto solutions set by setting a maximum acceptable
value for all three RMSE objective functions used. The observations used were
measurements of soil water NO3- concentrations, yearly net N mineralisation (NMIYR) and
yearly NH4+ plant uptake (UPTYR). Yearly NH4+ plant uptake was included as it was noted
that in many optimisations, for example in Case Study II, the UPT parameter was set to 0
m day-1, meaning that plant uptake of NH4+ was not simulated.
Figure 6.8A shows the normalized parameter ranges associated with the original,
unaltered, Pareto solutions set. Clearly, again, uncertainty was very large for all 5
parameters, which is reflected in large uncertainties in yearly N fluxes (Table 6.4). Figure
6.8B shows the NPR associated with the Pareto solutions set, but after excluding Pareto
members for which RMSENO3 > 3.8 mg-N L-1, RMSENMIYR > 15 kg-N ha-1 or RMSEUPTYR >
15 kg-N ha-1. Parameter uncertainty was reduced compared to the uncertainty associated
with the original Pareto solutions set, especially for NIT, UPT and SMDNx, and to a lesser
extent, GMI. This reduction of uncertainty is reflected in the small uncertainty in prediction
of most yearly fluxes, though prediction uncertainty for gross NH4+ mineralisation and
gross NH4+ immobilisation remained large (Table 6.4). Note that prediction uncertainty

Figure 6.8. Normalized parameter ranges (NPR) for a three-objectives optimization using RMSENO3,
RMSENMIYEAR and RMSEUPTYEAR. (A) NPR associated with Pareto solutions set; (B) NPR associated with
Pareto solutions set after setting maximum acceptable RMSEs. Solid lines corresponds to NPR of best NO3
simulation, dashed lines to best NMIYEAR simulation, dash-dotted lines to best UPTYEAR, for each of the
two plots (A/B), respectively.
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ranges did not bracket the observed yearly net N mineralisation and NH4+ plant uptake,
indicating that for all accepted simulations both fluxes were underestimated. Figure 6.9
shows the prediction uncertainty intervals for soil water NO3- and NH4+ concentrations, and
monthly net N mineralisation and nitrification. Obviously, these prediction uncertainty
intervals were much smaller than uncertainty intervals associated with optimisations in the
other case studies, yet goodness-of-fits for specific observations were generally poorer. For
example, fit for NO3- simulations was better in Case Study I (Figure 6.3B), and better
simulations for monthly net N mineralisation were achieved in Case Study III (Figure
6.7C).
Table 6.4. Prediction uncertainties in yearly N fluxes (July 1988 – June 1989) associated with a threeobjectives optimization using RMSENO3, RMSENMIYR and RMSEUPTYR. Prediction uncertainty (PU)
associated with Pareto solutions set (Pareto); PU associated with Pareto solutions set after setting maximum
acceptable RMSEs (shortened Pareto). All fluxes in kg-N ha-1 yr-1. n.d. no data available.
shortened
Flux

Observed

Pareto

Pareto

-

n.d.

30.5 – 104

54 – 57

+

NH4 leaching

n.d.

0 – 0.8

0.1 – 0.7

Net N mineralisation

64

17 – 126

53 – 57

Gross N mineralisation

n.d.

88 – 571

265 – 553

Gross N immobilisation

n.d.

20 – 517

208 – 497

Nitrification

22

17 – 102

44 – 48

55

0.8 – 65

40 – 44

NO3 leaching

+

NH4 plant uptake

6.4 Discussion
The results presented in the previous section demonstrated some opportunities for the
evaluation of the INCA-N model and field N measurements with the Pareto solutions set.
These opportunities are discussed in the following sections, by reviewing the four case
studies. The discussion section is concluded with an evaluation of INCA’s ability to model
N dynamics in a Douglas fir forest plot.
6.4.1 What to calibrate first? Water parameters, N parameters, or both?
In Case Study I, the Pareto solutions set, inferred with the MOSCEM algorithm, was used
to test the validity of an often practiced calibration strategy in biogeochemical modelling:
“optimise water parameters first, then worry about biogeochemical parameters”. The
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Figure 6.9. Prediction uncertainty intervals (shaded area) associated with the Pareto solutions set for a threeobjectives optimization using RMSENO3, RMSENMIYR and RMSEUPTYR, after excluding Pareto members for
which RMSENO3 > 3.8 mg-N L-1, RMSENMIYR > 15 kg-N ha-1 or RMSEUPTYR > 15-kg-N ha-1. (A) soil water
NO3 concentrations, (B) soil water NH4 concentrations, (C) monthly net mineralisation (NMI) and (D)
monthly nitrification (NIT). Dots (A – B) and bars (C – D) correspond to observations; solid lines
correspond to predictions by best NO3 simulation, dashed lines to best NMIYR simulation, dotted lines to
best UPTYR simulation.

observed strong deterioration in simulated NO3- concentrations (higher RMSENO3) when fit
of water flow is improved (lower RMSEWAT; Figure 6.2), clearly demonstrated that this
calibration strategy has its disadvantages. In the current INCA application, when first
setting water flow parameters to fixed values such that optimal simulations for water flow
are obtained, best realizable fit for NO3- is seriously reduced (RMSENO3 of 4 – 4.5
mg-N L-1), as was illustrated by the dotted line in Figure 6.3B.
Soil water flow in INCA is represented by Equation 6.1, NO3- leaching by Equation
6.12. This latter equation brings together the two observation types used in this
optimisation run, with NO3- concentration being a function of, among others, soil water
flow. As such, INCA parameters affecting soil water flow also have their effect on
simulated NO3- concentrations, explaining why a trade-off among the modelling of water
flow and NO3- concentrations may appear. That water flow parameters may have a strong
effect on (simulated) solute concentrations is a common feature of our models (e.g.,
Meixner et al., 1999) and, in fact, conservative ions like chloride have been used to
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calibrate water flow parameters (Kuczera and Mroczkowski, 1998). Yet, that thus the
selection of water parameter values affects the maximum possible model fit for solute
concentrations, as shown by our results and recently by McIntyre et al. (2005), deserves
more attention within the biogeochemical modelling community.
Before starting analyses of Case Studies II – IV, all water flow parameters were
assigned fixed values, and thus the maximum model fit realizable for observations used in
the following case studies (observations of NO3-, NH4+, N fluxes) were affected. Although
the choice for any particular set of parameter values remains subjective, the information
provided by the Pareto solutions set, and its underlying parameter distribution, may help to
justify the choices made (e.g., Khu and Madsen, 2005). Here, we had to weigh between fit
for water flow on the one hand and fit for N concentrations on the other. As in the
following case studies interest was in simulating N concentrations and fluxes, we decided
to accept a certain (maximum) misfit for observed water flow. Water flow parameter values
were taken from the Pareto member corresponding to the accepted misfit. As such, we
applied a traditional calibration strategy (“optimise water parameters first”), but justified
our parameter choice by using information provided by observations other than water flow.
6.4.2 Information content of NO3- and NH4+ measurements
In Case Study I, both for good (Figure 6.2A, light shade) and bad (dark shade) NO3simulations, uncertainty for the N transformation parameters was high, especially for GMI,
GIM and UPT. This result agrees with findings in Chapter 5, that these parameters cannot
be confined when using NO3- concentrations only. Instead, it was concluded that NH4+
concentrations play a key role in identifying INCA’s N transformation parameters, at least
in the hypothetical, ideal catchment under study in Chapter 5. In Case Study II, we tested
the information content of NO3- and NH4+ concentrations when, contrary to the
hypothetical catchment, model input and model structural errors do play a role.
Apparently, judging from Figure 6.4A,B, there was no conflict between the
modelling of NO3- and NH4+, with the Pareto solutions set clustered around one point and a
perfect identification of all five N transformation parameters. By taking into account
uncertainty in our observations, however, Figure 6.4C,D revealed that actual parameter
uncertainty may be much higher. This points out an important drawback of using the Pareto
solutions set (rank 1 points) to define parameter uncertainty. All points other than rank 1
points are ignored, whereas points close to the Pareto solutions set may be nearly as “good”
or, when observations contain considerable uncertainty, evenly good in describing
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observed data as rank 1 points. In other words, when only rank 1 points are considered,
uncertainty in observations is ignored and actual parameter uncertainty may be
underestimated.
Contrary to what may be concluded from the apparent perfect identification of N
transformation parameters, we believe the combination of NO3- and NH4+ concentrations
contains little information on N transformation parameters. Instead, the lack of conflict
between the simulation of NO3- and NH4+, only shows that the INCA model structure holds
sufficient flexibility to simultaneously satisfy NO3- and NH4+ objective functions. This
thought is supported by the poor simulation of NH4+ plant uptake, indicating that INCA
accurately simulated NO3- and NH4+ concentrations, but for the wrong reasons. As such,
additional observations are needed to correctly tune INCA’s N transformation parameters,
emphasizing the multicriterion nature of biogeochemical models (Meixner et al., 2002) and
Chapter 5).
6.4.3 Analysing reliability of observations using the Pareto solutions set
The third case study, in which observations of NO3- concentrations, net N mineralisation
and net nitrification were used to calibrate N transformation parameters, was particularly
interesting as in soils NO3- concentrations and the amount of NO3- produced by nitrification
are closely linked. Surprisingly, a strong trade-off was observed between simulation of
NO3- concentrations and nitrification, as illustrated by the Pareto solutions set (Figure
6.5A) and the plots of simulations vs. observations (Figure 6.7A,D). In short, these latter
plots showed that nitrification is overestimated when the NO3- objective function is
satisfied and, vice versa, that NO3- concentrations are underestimated when nitrification is
used to optimise the N transformation parameters.
Any trade-off among matching assorted observation types may mark a model flaw
or errors in the observations (Smith and Wheater, 2004). As such, the above results depict a
model structural error in INCA, errors in observed NO3- concentrations, and/or errors in
observed nitrification. Less stress was observed between the modelling of NO3- and net N
mineralisation (Figure 6.5B) than between nitrification and net N mineralisation (Figure
6.5C), especially when tail ends were removed from the Pareto solutions sets. This may
indicate that the INCA model structure, at least for NO3- and net N mineralisation, is
trustworthy, and could point in the direction of erroneous nitrification figures. Additionally,
Tietema et al. (1993) argued that the in-situ incubation method, which was used to
determine nitrification and net N mineralisation, may underestimate nitrification due to
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fixed moisture conditions and the built-up of NO3- concentrations in the intact soil core
during the incubation period. Built-up of NO3- may have an inhibitory effect on
nitrification, as shown in Chapter 4. Note that in that study, no inhibitory effect of NO3- on
net N mineralisation was observed, indicating that the net N mineralisation figures used in
the current study are still reliable.
In conclusion, the above example showed that a trade-off among assorted
observation types need not necessarily point towards model structural errors. Instead, we
believe the observed trade-off among simulations of NO3- and nitrification pointed to
erroneous measurements of nitrification. As such, in addition to providing model parameter
analysis, multi-objective optimisation tools can also be used to evaluate field measurements
techniques.
6.4.4 Estimating parameter uncertainty using Pareto solutions
The trade-offs among different objectives in Case Study I, III and IV (latter plot not shown)
showed that INCA cannot meet all objectives employed simultaneously and, as such,
indicates that the INCA model structure is in need for improvement. Further model
development, however, is likely to introduce additional complexity to the model, resulting
in more parameters to be calibrated. That this is undesirable is made clear by the large
parameter uncertainty already associated with the Pareto solutions set for the different case
studies.
The strength of the Pareto method, being able to avoid specification of priorities or
preference to any of the objective functions in the calibration stage, is also its weakness. As
more objective functions are included in the optimisation, the number of Pareto solutions
increases, resulting in ever increasing parameter uncertainty (Khu and Madsen, 2005). This
was shown in the current study by larger parameter uncertainty associated with the threeobjectives optimisation (Case Study IV; Figure 6.8A) than with the two-objectives
optimisations (for example Case Study I, Figure 6.2A; Case Study III, Figure 6.6B).
Inevitably, from these many parameter possibilities offered by the Pareto solutions set, the
modeller has to make a decision on which calibration sets to select (Khu and Madsen,
2005). Our results showed that many of the Pareto members performed well for one
criteria, but (exceptionally) poor for others. As such, a modeller may refine the computed
Pareto solutions set by defining a maximum acceptable deviation between simulations and
observations, for each of the objective functions used. In our study, this approach helped to
seriously reduce parameter uncertainty (Figure 6.8B).

118

The above approach has similarities to the GLUE concept by Beven and co-workers
(Beven and Binley, 1992; Freer et al., 1996), in which parameter sets (or “models”) are
split in behavioural and non-behavioural sets on basis of a user-defined acceptance
criterion. A difference between the two approaches is the multicriterion nature of our
approach (vs. evaluation of a single criterion in GLUE), making our approach better
suitable for the evaluation of biogeochemical models. GLUE, on the other hand, is better in
handling uncertainty in observations, as it uses a traditional Monte Carlo sampling (vs.
controlled random search in MOSCEM). As was made clear in section 6.4.2, when using
Pareto methods like MOSCEM, uncertainty in observations is ignored. Recently, Smith and
Wheater (2004) combined the strong points of both approaches in a multi-objective
evaluation of a phosphorus transfer model. The general sensitivity analysis tool used in
their study does not ignore observation uncertainty and uses multiple criteria to evaluate
model performance, but was computationally much more demanding than MOSCEM.
6.4.5 Simulating N cycling in a Douglas fir forest plot using the INCA model
In its effort to be generic and easy to implement, INCA is a relatively simple model with,
compared to many biogeochemical models, a low input data requirement and a limited
number of model parameters. This latter feature is a great advantage over more complex N
models, given the large parameter uncertainty already associated with INCA’s soil N
transformation parameters, as shown in this and the preceding chapter. Additional model
complexity will increase the number of parameters to be calibrated, thereby probably
increasing parameter and prediction uncertainty and the already high calibration data
requirement.
INCA provided adequate simulations of most of the observations of N
concentrations and fluxes utilized in this study. As such, despite simplifications, it seems
that INCA captures the key N transformations having place in this Douglas fir forest plot.
At this point, it should be mentioned that correct definition of the upper and lower soil
boundaries may be crucial for the success of an INCA application. In the current study, the
soil system was defined as the forest floor plus the upper 10 cm of mineral soil, as most N
transformations have place in this top part of the soil (Tietema et al., 1993). However,
when the soil is defined as the rooting zone, which was done in tests prior to this study by
setting soil depth to 90 cm, we noticed that timing of N concentrations by INCA was very
bad. This is a drawback of one of the important simplifications in INCA, namely the
representation of the soil-vegetation system by a single mixing model, that does not
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discriminate between different soil layers.
As a final point, in Case Study IV, even after shortening the Pareto solutions,
parameter uncertainty remained high for the GMI and GIM parameters (Figure 6.8B) and,
likewise, large prediction uncertainties were associated with the gross NH4+ mineralisation
and gross NH4+ immobilisation fluxes. Together with N deposition, which is input to the
INCA model, gross NH4+ mineralisation determines the amount of N added to the soilvegetation system. This makes GMI a key INCA parameter, as the other N transformations
(nitrification, immobilisation and plant NH4+ uptake) are all dependent on the amount of
NH4+ in the soil. Hence, we suspect that uncertainty in GMI may explain a large part of the
uncertainty associated with NIT, GIM and UPT, for all cases evaluated in this chapter. As
such, when figures for gross NH4+ mineralisation become available, such as gross-to-net N
mineralisation ratios (Tietema, 1998), parameter uncertainty can be reduced seriously for
all INCA’s soil N transformation parameters.

6.5 Conclusions
From this study we conclude that (1) the effects of simulated water flow on the simulation
of other processes or states should be taken into account when calibrating parameters
describing water flow; that (2) lack of conflict between the simulation of multiple data
types may point to large flexibility offered by the model structure rather than to complete
description of the complex real-world by the model; that (3), in addition to evaluating
model performance, the Pareto concept can also be used to evaluate reliability of field
observations; and that (4) in order to reduce parameter uncertainty, specification of
(subjective) minimum model performance is inevitable as the number of Pareto solutions
increases when more calibration types are included in a multi-objective optimisation.
In short, this study showed that the INCA model can provide adequate simulation of
N concentrations and fluxes in the Speuld Douglas fir forest. INCA captures the key N
transformations having place at the plot scale. Further reduction of parameter and
prediction uncertainty is expected only when measurements of gross NH4+ mineralisation
become available.
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Part III
An analysis of short-term dynamics and parametric uncertainty in a
forest nitrogen model
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7 Synthesis

7.1 Introduction
The main objective of this PhD thesis was to evaluate the INCA catchment nitrogen
model’s ability to simulate N transformations in and leaching from the soil of an N
saturated, Douglas fir forest (Speuld, the Netherlands), which was done by following two
research strategies. First, in order to evaluate INCA’s formulation of daily soil N
transformation processes, the short-term dynamics in nitrogen transformations in the litter
layer from the Speuld Douglas fir forest were investigated using laboratory experiments
and data from field studies. Second, model parameter and prediction uncertainty associated
with INCA applications to the Speuld Douglas fir forest were assessed using the
SCEM-UA and MOSCEM optimisation algorithms. In this concluding chapter, the main
results of both investigations are summarized and related to INCA’s ability to model N
cycling in forest ecosystems.

7.2 Nitrogen turnover in response to rewetting and inorganic-N addition
Drying, rewetting and atmospheric N addition are two important perturbations occurring
regularly and simultaneously in the Speuld Douglas fir forest (Chapter 2). Inorganic-N
addition can be as high 2.7 kg-N ha-1 yr-1 during a single rainstorm, equalling about 6.5%
of the yearly atmospheric N addition in Speuld. During summer rains, gravimetric moisture
contents of the forest floor can increase instantly from about 215% to 350%. Moisture and
soil N concentrations are also important factors regulating microbial activity in the soil and
therewith soil N transformations. As microbial processes are highly dynamical, they may
respond rapidly to perturbations like rewetting and N addition, thereby affecting N turnover
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in the soil compartment. For example, a sudden increase in moisture content may induce
temporary flushes in N mineralisation (Pulleman and Tietema, 1999). N addition may
enforce an increase in N immobilisation or an acceleration of organic matter decomposition
(Kuzyakov et al., 2000), and added NO3- may be immobilised rapidly in the forest floor
(Berntson and Aber, 2000; Dail et al., 2001). When modelling soil N transformations, as
does the INCA model, it is important to know if reactions like these (acceleration or slow
down of N mineralisation, retention of added NO3-) occur in the forest ecosystem under
study and whether these reactions are significant enough to integrate in the model structure.
Indeed, rewetting and N addition may set off a series of reactions in the LF1 horizon
of the Speuld forest floor, at least in laboratory incubation experiments (Chapter 3).
Reactions include a direct and temporary increase in net N immobilisation in response to
additions of NH4+ and a rapid retention of added NO3-. On the longer term, i.e. after 9 days
of incubation, any effect of both short-term reactions disappears and, as such, N addition
does not seriously affect N turnover in the LF1 horizon. Moisture dynamics in the LF1
litter, however, do strongly control organic matter decomposition and net N mineralisation.
CO2 respiration rates are linearly related to moisture contents, and respiration rates thus
strongly increase after rewetting of dried litter. In general, LF1 litter net immobilises N, but
net N mineralisation may have place when CO2 respiration rates decrease following a
temporary increase. This complex relation between net N mineralisation and litter moisture
conditions may be explained by a time lag between the decrease in microbial N demand
and the decrease in enzyme activity when litter dries out. In addition, it emphasizes the
tight relation between net N immobilisation, net N mineralisation and moisture conditions
in LF1 litter. Under continuously moist conditions, N is net immobilised on the longer
term, but when drying follows wetting, there is a balance between N immobilisation and
mineralisation.
Under natural, dynamic moisture conditions, NO3- is net produced in the LF1 litter,
yet two pathways of inorganic-N loss are associated with NO3-. Firstly, when the rapid
retention of added NO3- is due to abiotic transformation of NO3- into DON, as is suggested
by Dail et al. (2001) for the Harvard Forest in north-eastern United States, this could be a
longer-term sink for NO3-. Secondly, even when litter dries out, about half of the NO3- net
produced is transformed into and lost from the soil as N2O, which denotes the relative
importance of denitrification in exporting NO3- from the LF1 horizon. In the Speuld forest,
estimated maximum loss of NO3- via incorporation into DON or loss as N2O is about
1 kg-N ha-1 yr-1 for each NO3- sink, respectively, which is small compared to the 31
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kg-N ha-1 yr-1 of NO3- that are leached from the soil at 90 cm depth. Similar, on an
ecosystem level the N turnover in the LF1 horizon is of relative importance, as the dry
mass of the LF1 horizon is about 12% of the total dry mass of the forest floor only. As
such, it seems unnecessary to include any of the dynamic responses in the LF1 horizon to
wetting and N addition into the INCA model.
Of prime importance for the N cycling in the Speuld forest is the F2 horizon, which
makes up the remaining 88% dry mass of the forest floor. Contrasting the dynamic LF1
litter, N transformations in F2 type litter are hardly affected by wetting or N additions
(Chapter 4). A clear microbial reaction to N additions is missing, which corresponds to the
assumed “N saturated” or “C limited” status of organic matter breakdown in the F2 litter.
More surprisingly, neither rewetting nor drying affects CO2 respiration or net N
mineralisation rates. In other words, the moisture conditions that prevail in the Speuld
forest floor are at optimum levels for the breakdown of organic matter and the
mineralisation of C and N. INCA model runs revealed a similar disconnection of moisture
content and N transformation rates for the Speuld forest (Chapter 6), as shown by the
optimum values found for the SMDNx factor in all multi-objective parameter optimisations
performed. This Manx factor relates the soil moisture content to N transformation rates,
and the relatively high optimum values found indeed indicate little influence of soil
moisture on N transformation rates.
These findings correspond to moisture – net N mineralisation relations found by
Tietema et al. (1992b) for gravimetric moisture contents above 200%. For the drier spots in
the Speuld forest plot (Chapter 2) moisture contents are frequently lower than this 200%
and, following Tietema et al., a linear relation between moisture and net N mineralisation is
expected for these moisture conditions. Complex reactions to rewetting as described by
Pulleman and Tietema (1999) for the Speuld forest are unlikely, as these require severe
drying to 45% or less prior to rewetting. Even after prolonged summer drying periods,
which may occur in the future as a result of climate change, it seems unlikely that such
severe drying will have place regularly. As such, results in this thesis (Chapter 4) and by
Tietema et al. (1992b) justify the linear relation between moisture content and N
transformation rates as incorporated in the INCA model.
In INCA, nitrification is a function of soil temperature, soil moisture and soil NH4+
concentration. Soil moisture and nitrification rates indeed were positively correlated, but
experiments with F2 litter did not show an increase in nitrification after addition of
inorganic-N, even though this raised NH4+ availability with some 25%. Yet, for two
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reasons, this experimental result does not disqualify INCA’s formulation of nitrification.
Firstly, my experiments obviously did not include competition for NH4+ by plants, which is
important in a field context. Also, in the F2 experiments, NO3- was added concurrent to
NH4+ and NO3- was found to inhibit nitrification. Next to rapid retention of added NO3- and
gaseous loss as N2O in the LF1 horizon, this inhibitory effect of NO3- on nitrification in F2
litter is a third mechanism causing a slow down of NO3- accumulation in the Speuld forest
floor. In the laboratory experiments, nitrification rates were reduced already after 5 days of
drying or, better to say, after 5 days without washing of the labile NO3- ion from the litter.
As such, given current rain frequency, reduction of nitrification rates by the built-up of
NO3- concentrations is likely to occur in the Speuld forest, and is expected to become
increasingly important when climate change results in prolonged summer droughts.
In conclusion, in reaction to rewetting and atmospheric N addition, the LF1 litter
may be labelled “dynamic” and F2 litter “static”. The forest floor comprises largely of F2
type litter and will thus lack complex responses to soil perturbations like, for example,
temporary acceleration or slow down of N mineralisation or retention of added NO3-. This
justifies the modelling of soil N transformations with the INCA model, which includes a
set of relatively simple, mostly linear relations between soil N transformation and factors
like moisture, temperature and N concentrations. Inhibition of nitrification by the built-up
of NO3- concentrations, however, may be important for the modelling of NO3- export from
the Speuld forest, especially in relation to climate change, although the true relevance of
this mechanism should yet be tested in a field situation.

7.3 Uncertainty issues in forest nitrogen modelling
Catchment nitrogen models are potentially valuable tools for the abatement of nitrogen
related environmental problems, but their productive use is hampered by prediction
uncertainty. This uncertainty is a result of model structural errors (by definition models are
only an approximate description of the complex reality), uncertainty in model input and
output (calibration) data and uncertainty in the correct choice of the model parameter
values. INCA’s model structure was evaluated in the preceding section; here the impacts of
input, output and parameter errors on INCA prediction uncertainty are reviewed.
In applications of nitrogen models to forest plots, uncertainty or, better to say,
spatial variability in model input data is considerable (Chapter 2). For the Speuld forest,
spatial coefficients of variation for water, NH4+ and NO3- throughfall fluxes are between 20
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and 25%, approximately, ratios of highest-to-lowest throughfall inputs are between 2.2 and
2.8. A way to deal with spatial variation is to spatially aggregate model output rather than
model input (Heuvelink and Pebesma, 1999). For an INCA-Speuld application, this could
be done by using data of individual throughfall funnels, thereby examining INCA’s
sensitivity for input uncertainties. There are some drawbacks to this approach, especially in
a plot application, which is why it was not further investigated in this thesis. One drawback
is that possible within-plot feedback mechanisms, such as preferred root water uptake
patterns, are ignored whereas these feedbacks may reduce the effects of input spatial
variability. In the Speuld forest, spatial patterns of root water uptake are related to
throughfall patterns around trees (Bouten et al., 1992).
Field observation uncertainty is generally high in nitrogen research, which may
seriously complicate the identification of model parameters. For the INCA model, even in
absence of model structural and input data errors, typical observation uncertainty renders
large uncertainty in parameter values and in predicted N concentrations and fluxes (Chapter
5). This uncertainty is not necessarily reduced when increasing measurement frequency or
extending the period of data collection, but serious reductions in parameter uncertainty are
achieved when using multiple types of data for model calibration. Still, it remains
important to select an appropriate combination of calibration data types, with observations
of NH4+ playing a key role in identifying INCA’s soil N transformation parameters.
The above results were derived from a pure mathematical exercise, using a
hypothetical, “virtual” catchment, which sets limits to the interpretation of the results in a
real-world context. Still, when there is sufficient confidence in the model’s ability to
describe the system of interest, such an exercise can serve as a useful tool preceding the
application of an environmental model or the design of a monitoring program. For an
already gauged catchment, a virtual study can provide a point of reference for the minimum
uncertainty associated with a model application. When setting up a monitoring program, it
can help to decide what and when to measure.
One strategy to deal with multiple observation types in a single calibration, is to
define several calibration criteria (objective functions) that measure model fit for different
observation types, and to investigate the conflict or trade-off among these different criteria
(objectives). Next to providing an estimate of model parameter uncertainty, this method of
Pareto ranking is a powerful tool to evaluate model performance. Indeed, using Pareto
analysis, it was concluded that the INCA model adequately describes the N cycling in the
Speuld Douglas fir forest, as it provides adequate simulations of soil N concentrations as
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well as soil N transformations (Chapter 6). In spite of this success, uncertainty associated
with INCA’s soil N transformation parameters remains high, even though (or because?)
many different observation types were used for calibration. Unlike the virtual catchment
(Chapter 5), soil NH4+ concentrations had little predictive value for the parameters of
interest; instead, serious reduction of parameter uncertainty is expected when estimates of
gross N mineralisation fluxes become available. As such, both studies have in common that
information on the NH4+ pathway is essential for the identification of INCA’s soil N
transformation parameters.
As a final point, the various uncertainty analyses presented in this thesis, clearly
demonstrated that identification of INCA’s soil N transformation parameters remains
difficult, even for plot applications (Chapter 6) or small catchments (Chapter 5), and even
when many data types are available for use in calibration. This result sets clear constraints
to the identifiably of the soil N transformation parameters when applying INCA to larger,
more complex and more diverse catchments. Indeed, McIntyre et al. (2005) recently found
INCA’s land phase parameters (including the soil N transformation parameters) to be
insensitive to and thus difficult to calibrate from in-river NO3- and NH4+ concentrations.
Future INCA investigations, therefore, should not just aim to provide model fit of observed
in-river N concentrations, but should also gather additional data and understanding of the
cycling of nitrogen within the soil-plant system of the catchments under study.

7.4 Conclusions
Drying, rewetting and atmospheric N addition have little impact on the short-term cycling
of nitrogen in the Speuld Douglas fir forest. Complex, significant reactions to these
perturbations are absent in the larger part of the forest floor, which justifies the modelling
of soil N transformations with a relatively simple nitrogen model like INCA. Still,
calibration of INCA remains difficult as model parameters suffer from large uncertainty.
This uncertainty can be reduced by using multi-objective calibration techniques, but only
when an appropriate combination of calibration data types is available. INCA can provide
adequate simulation of soil N concentrations as well as soil N transformation in the Speuld
forest. Further reduction of parameter and prediction uncertainty is expected when
estimates of gross N mineralisation become available.
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Summary

Plants need nitrogen (N) to grow and farmers throughout the world use industrial-made N fertiliser
to increase their crop yields, thereby supporting the world’s population growth. Unfortunately, this
fertiliser N input does not stay within a closed cycle of food production and consumption, but
instead excess fertiliser N washes off agricultural fields, animal waste leaches from farmyards or
volatises into the atmosphere, and sewage is discharged to surface waters. On top, terrestrial
nitrogen input comes from car and industrial emission to the atmosphere, which then rains to or is
captured by the vegetation. Away from the farmland, this nitrogen still stimulates plant production
and affects the functioning of ecosystems worldwide. Nitrogen related environmental problems
include eutrophication of rivers, lakes and estuaries, contamination of water reserves, soil
acidification, and N enrichment of forests and heathlands, often at the expense of plant diversity.
The solution to these problems is to reduce nitrogen export from agriculture, sewage, cars
and industry, but it is difficult to decide how, where and when. An integrative approach is required
help decide, to which (mathematical) biogeochemical models can aid as they provide a basis to
integrate nitrogen transformation and transport in the landscape. The Integrated Nitrogen
Catchments model (INCA) is such a model, which intends to become generically applicable to
catchments across Europe. Following this intend, the general aim of this thesis was to investigated
whether INCA can be used to simulate N transformations in and leaching from an N saturated,
Douglas fir forest (Speuld, the Netherlands). This was done by (1) investigating the short-term
dynamics in nitrogen transformations in the forest floor of the Speuld Douglas fir forest, in order to
check INCA’s formulation of soil N transformation processes, and (2) by evaluating model
parameter uncertainty associated with INCA applications to the Speuld Douglas fir forest, in order
to reduce the model’s predictive uncertainty.
In Chapter 2, the spatial variability and temporal dynamics of throughfall and forest floor
water contents in the Speuld forest were analysed. Throughfall is an important pathway of water
and N input to the forest floor, and water content is an important regulator of soil N transformation
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processes. Spatial variability in throughfall water and chemistry was considerable, yet the observed
patterns were consistent over time for input of water, NO3- and, to a lesser extent, NH4+. These
patterns resulted in clear ‘hotspots’ and ‘coldspots’ of throughfall inorganic-N input, when summed
over a longer period. Spatial variability in forest floor water contents was substantial and patterns
were stable in time, resulting in clear dry and wet parts. Together, the N input ‘hotspots’ and
‘coldspots’, and dry and wet parts may explain the high spatial variation in N transformation rates
and N concentrations often observed in forest soils.
Analysis of throughfall and forest floor water content dynamics in Chapter 2 revealed that
rewetting of the forest floor during summer rains also means addition of inorganic-N. This forms
the starting point for Chapters 3 and 4, in which the effects of drying, rewetting and inorganic-N
addition on the N turnover in the Speuld forest floor were investigated. Chapter 3 focuses on
fresh, LF1 litter, which was incubated in the laboratory, receiving different moisture and
throughfall N addition treatments. Directly after additions, N was net immobilised when NH4+ had
been added, and NO3- was net retained when it had been added, but net produced in the other
treatments. The N immobilisation probably reflected the higher microbial demand after rewetting,
as indicated by increased CO2 respiration rates. The NO3- retention was possibly due to abiotic
transformation into DON. In days following wetting, N mineralisation and CO2 respiration were
closely linked, suggesting that net N mineralisation occurs only when respiration rates decrease
after an initial respiration increase. This reflects the N status of the fresh litter, with organic matter
decomposition being limited by the availability of N rather than C. Next to rapid retention of added
NO3-, denitrification was a second sink for NO3-. Even when the litter was let to dry after initial
rewetting, on the long term about half of the NO3- produced by nitrification was lost again as N2O.
Together, these two sinks may account for an estimated NO3- loss in Speuld of 2 kg-N ha-1 yr-1,
which is small compared to the 31 kg-N ha-1 yr-1 of NO3- that are leached from the soil at 90 cm
depth.
The larger part of the forest floor in Speuld comprises of older, F2 type litter, which was
under study in Chapter 4. Three sequential rain events were mimicked in the laboratory, by
rewetting of and NH4+ plus NO3- addition to incubated litter. Each rain event was followed by an
eight day drying period. Contrasting the LF1 litter in Chapter 3, a clear reaction of F2 litter to the
perturbations was absent. CO2 respiration rates were fairly constant throughout the experiment,
despite large fluctuations in moisture content. Net N mineralisation and nitrification rates did react
to rewetting, but large uncertainties accompanied the observed net N immobilisation and net NO3retention fluxes directly after the sequential rewettings. On the long-term, neither sequential
wetting-and-drying nor N addition had an effect on net N mineralisation, indicating that moisture
conditions and N availability are not limiting the breakdown of organic matter in the F2 horizon.
Nitrification was lower under wetted-and-dried than under moist conditions. Also, nitrification was
lower when litter had received NO3- additions and, under all conditions, nitrification stopped after
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NO3- levels had build up in the incubated batches. This result points towards an inhibitory effect of
NO3- on nitrification.
Following the experimental chapters, Chapters 5 and 6 present applications of the INCA
model. Aim of these chapters was to reduce model parameter and therewith model prediction
uncertainties associated with forest nitrogen model applications. Chapter 5 deals with an
application of the INCA model to a synthetic, or ‘virtual’ catchment. This approach was adopted to
be able to study the effects of measurement errors on model calibration in absence of model
structural and input data errors. The virtual, forested catchment was designed by running INCA
with a known set of parameters. From this reference run output, several calibration datasets were
selected, which comprised of measurements of soil and stream water N concentrations, and soil
nitrification and net N mineralisation. Using these datasets and the SCEM-UA algorithm, four of
INCA’s soil N transformation parameters were calibrated, while the measurement error was
increased in subsequent steps. The calibrations showed that given typical measurement errors in N
studies, datasets containing only one type of measurement (single-objective calibration) contain
very limited information for the identification of the model parameters. Only calibrations using
datasets of multiple measurements (multi-objective calibration) may result in low parameter
uncertainty and acceptable simulations of all N concentrations and fluxes in the soil and stream
systems.
Following this result, Chapter 6 concerns a multi-objective calibration of the INCA model
(Pareto concept; MOSCEM algorithm). Four case studies were presented, all concerning a 2-years
INCA application to the Speuld Douglas fir forest, but each concerning a specific combination of
unidentified parameters and/or using a specific combination of calibration data types. The first case
study made clear that, given the close relation between soil hydrology and soil chemistry, soil
chemical data should be regarded when tuning soil hydrological parameters. Case II revealed the
low information content of soil NH4+ and NO3- concentrations for the calibration of soil N
transformation parameters, making this combination of data types inappropriate for the calibration
of INCA. In Case III, MOSCEM was used to analyse the reliability of field observations rather
than to calibrate model parameters, and it was concluded that observations used underestimate
actual (field) nitrification. Case IV showed that, in order to reduce parameter uncertainty, in a
multi-objective calibration it is inevitable to specify a minimum threshold for model performance.
Finally, in Chapter 7, the results of the preceding chapters are related to the main objective
of this thesis. It is concluded that (1) the experimental chapters justify the modelling of soil N
transformations with a relatively simple nitrogen model like INCA, (2) model parameter
uncertainty can only be reduced by use of multi-objective calibration techniques, (3) INCA can
provide adequate simulation of soil N concentrations as well as soil N transformation in the Speuld
forest, and (4) further reduction of parameter and prediction uncertainty is expected when estimates
of gross N mineralisation become available.
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Samenvatting

De grote toename in wereldwijde voedselproductie in de 20e eeuw, nodig om steeds meer mensen
te voeden, was mede mogelijk dankzij de ontwikkeling van kunstmest. Het belangrijkste
bestanddeel van kunstmest is stikstof (N), een essentieel nutriënt voor planten. De extra input van
N door het gebruik van kunstmest veroorzaakt weinig problemen, zolang de N besloten blijft
binnen een kringloop van voedselproductie -en consumptie. Maar helaas… een deel van deze
stikstof wordt niet vastgehouden in planten of bodem, maar spoelt uit richting grond- en
oppervlakte water. Ook uit uitgereden mest spoelt N, of het verdampt eruit naar de lucht. Transport
en industrie zorgen voor extra emissie van N, dat weer terugregent of wordt ingevangen in bos en
heide. Deze extra N input naar terrestrische en aquatische ecosystemen zorgt ook daar voor een
toename van de plantengroei en daarmee een verandering in het functioneren van deze systemen,
vaak niet ten goede. Eutrofiëring van rivieren, meren en kustwateren, nitraatverontreiniging van
grondwater, bodemverzuring en vergrassing van heidevelden zijn voorbeelden van N gerelateerde
milieuproblemen.
Vermindering van de export van N vanuit landbouw, riool, transport en industrie is de
oplossing voor bovengenoemde problemen, maar de vraag is hoe, waar en wanneer. Om deze vraag
te beantwoorden is een integrale benadering noodzakelijk, waarbij (wiskundige) biogeochemische
modellen tot hulp kunnen zijn. Deze modellen beschrijven de omzettingen van N in en transport
van N door het landschap en maken duidelijk hoe verandering in N export/input doorwerkt elders
in het landschap. Het INCA (Integrated Nitrogen in Catchments) model is een voorbeeld van zo’n
biogeochemisch model. Hoewel oorspronkelijk ontwikkeld en toegepast in Engeland, wordt
verwacht dat dit model “generiek” toepasbaar wordt in heel Europa. Als aanzet daartoe wordt in dit
proefschrift nagegaan of het INCA model gebruikt kan worden om N omzettingen in en uitspoeling
uit een Nederlands, stikstofverzadigd Douglassparbos (Speulderbos, Garderen) te modelleren.
Twee onderzoeksstrategieën zijn daarbij gevolgd: (1) de korte-termijn dynamiek in N omzettingen
in de ectorganische horizont is onderzocht, zodat de N procesbeschrijving in INCA kon worden
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getoetst, en (2) de onzekerheid in modelparameters is onderzocht, zodat een aanzet wordt gegeven
om onzekerheid in modelvoorspellingen te verminderen.
In hoofdstuk 2 wordt de ruimtelijke variabiliteit en temporele dynamiek van doorval en
watergehalte van de bosvloer geanalyseerd. Via doorval bereiken water en N de bosvloer. Het
watergehalte reguleert voor een belangrijke mate de snelheid van N omzettingen. De ruimtelijke
variabiliteit in doorvalwater en -chemie in het Speulderbos was aanzienlijk, en ruimtelijke patronen
in doorvalwater, NO3- en, in mindere mate, NH4+ veranderden weinig door de tijd heen. Deze vaste
patronen resulteren in duidelijke N-‘hotspots’, waar N input groter is dan gemiddeld, en N‘coldspots’. Ook de ruimtelijke variabiliteit in watergehalte was aanzienlijk te noemen, en het
patroon was stabiel, wat resulteert in duidelijk te onderscheiden natte en droge plekken. De
combinatie van N-‘hotspots’, N-‘coldspots’, nat en droog, verklaart mogelijk een groot deel van de
vaak waargenomen ruimtelijke variatie in N omzettingen en N concentraties in de bosvloer.
Analyses van de temporele dynamiek van doorvalchemie en watergehalte in hoofdstuk 2
lieten zien dat bevochtiging van de bosvloer tijdens zomerregens gepaard gaat met een grote input
van anorganisch-N. Dit resultaat vormt het startpunt voor hoofdstukken 3 en 4, waarin de effecten
van het drogen, bevochtigen en N toediening op N omzettingen in de bosvloer worden bestudeerd.
Hoofdstuk 3 beschrijft een laboratoriumexperiment, waarin vers, LF1 strooisel verschillende
vocht- en N behandelingen ondergaat. N werd netto geïmmobiliseerd direct na toediening van
NH4+. Als NO3- werd toegediend, werd NO3- geïmmobiliseerd, maar NO3- werd netto geproduceerd
in alle overige behandelingen. De netto N immobilisatie weerspiegeld waarschijnlijk de verhoogde
N behoefte van de microbiële biomassa direct na bevochtigen, dat werd gemarkeerd door
verhoogde CO2 respiratie. De NO3- immobilisatie was mogelijk het resultaat van abiotische
omzetting naar DON. Ook langere tijd na toediening was er een sterke relatie tussen N
mineralisatie en CO2 respiratie, wat suggereerde dat netto N mineralisatie alleen plaatsheeft als
respiratie tijdelijk afneemt. Dit geeft enig inzicht in de N status van vers strooisel, waarvan de
afbraak gelimiteerd werd door N en niet door C. Naast snelle immobilisatie direct na toevoegingen,
bleek denitrificatie een relatief belangrijke NO3- sink. Zelfs als het strooisel uitdroogde werd
ongeveer de helft van de geproduceerde NO3- verder omgezet naar N2O. Samen waren beide sinks
goed voor een geschat NO3- verlies van 2 kg-N ha-1 jr-1,

wat relatief gezien weinig is in

vergelijking met de 31 kg-N ha-1 die jaarlijks uitspoelt in het Speulderbos.
Het grootste deel van de bosvloer in Speuld bestaat uit ouder, F2 strooisel, waarmee
geëxperimenteerd werd in hoofdstuk 4. Drie opeenvolgende regens werden nagebootst in het lab,
door herbevochtiging van en NH4+ plus NO3- toevoeging aan het strooisel. Elke ‘regen’ werd
gevolgd door een 8-daagse droogte periode. Er werd geen duidelijke, directe reactie gevonden op
de diverse behandelingen. Ook over de gehele tijdsduur van het experiment hadden de diverse
behandelingen geen effect op de CO2 respiratie en netto N mineralisatie, waaruit geconcludeerd
kan worden dat de afbraak van strooisel niet gelimiteerd wordt door vochtcondities en N
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beschikbaarheid. Nitrificatie was wel geringer onder droge condities. Daarnaast werd nitrificatie
geremd in aanwezigheid van NO3-, zoals bleek uit de lagere net nitrificatie wanneer NO3- was
toegediend en de sterke remming van nitrificatie wanneer NO3- concentraties zich hadden
opgehoopt in het geïncubeerde strooisel.
Volgend op de drie experimentele hoofdstukken, wordt het INCA model in hoofdstuk 5 en
6 daadwerkelijk toegepast. Het doel van beide hoofdstukken was het verminderen van de
onzekerheid in modelparameters en daarmee onzekerheid in modelvoorspellingen. In hoofdstuk 5
wordt het INCA model toegepast op een synthetisch of ‘virtueel’ stroomgebied. Deze benadering
werd gekozen opdat het effect van meetfouten op modelkalibratie kon worden gekwantiseerd, in
afwezigheid van structurele modelfouten en fouten in modelinput. Het virtuele, beboste
stroomgebied werd ‘ontworpen’ door INCA te runnen met een bekende parameterset. Uit de
modeloutput van deze referentierun werden diverse datasets geconstrueerd, bestaande uit metingen
van N concentraties in bodem en rivier en metingen van nitrificatie en netto N mineralisatie. Deze
datasets werden vervolgens gebruikt om, in combinatie met het SCEM-UA algoritme, vier N
omzettingsparameters te kalibreren. De meetfout, die wordt gedefinieerd in SCEM-UA, werd na
elke kalibratie verhoogd. De kalibraties lieten zien dat, gegeven de karakteristieke foutenmarges in
N metingen, datasets bestaande uit één type meting ongeschikt zijn voor kalibratie van INCA.
Alleen het gebruik van meerdere typen meting (multi-objective calibration), kan leiden tot
effectieve verlaging van de parameteronzekerheid.
In hoofdstuk 6 worden een multi-objective kalibraties van het INCA model gepresenteerd
(Pareto concept; MOSCEM algoritme). Vier kalibraties worden beschreven, telkens van een 2jarige INCA-Speuld toepassing, maar met steeds een andere combinatie van te schatten parameters
en/of een andere combinatie van kalibratiedatasets. De eerste kalibratie liet zien dat informatie over
de modellering van bodemchemie moet worden meegewogen tijdens de kalibratie van
bodemhydrologische parameters. Kalibratie #2 liet zien dat de combinatie van NH4+ en NO3concentraties in de bodem slechts weinig informatie leveren voor de kalibratie van N
omzettingsparameters. In kalibratie #3 werd het MOSCEM algoritme gebruikt om metingen in
plaats van parameters te evalueren. Het bleek dat de gebruikte metingen van nitrificatie de
werkelijke nitrificatie onderschatten. Kalibratie #4 liet zien dat tijdens een multi-objective
kalibratie een maximaal acceptabele missfit moet worden gedefinieerd, omdat anders bij gebruik
van steeds meer objectives parameteronzekerheid alleen maar zal toenemen.
Tenslotte worden in hoofdstuk 7 de resultaten uit de voorafgaande hoofdstukken gebruikt
om te bepalen of het INCA model gebruikt kan worden om N omzettingen in en uitspoeling uit een
Nederlands,

stikstofverzadigd

Douglassparbos

(Speulderbos,

Garderen)

te

simuleren.

Geconcludeerd wordt dat (1) de bosvloer als geheel weinig reageert op snelle veranderingen in
vochtcondities en N input, wat het modelleren van N omzettingen met behulp van een relatief
simpel model rechtvaardigt, (2) onzekerheid in modelparameters alleen kan worden verminderd
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door gebruik te maken van meerdere type metingen, (3) INCA N omzettingen en N concentraties in
Speuld redelijke nauwkeurige kan simuleren, en (4) dat verdere afname van parameteronzekerheid
alleen te verwachten is als meer metingen van de bruto N mineralisatiesnelheden beschikbaar
komen.
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